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Purpose. The purpose of this study is to examine the relationship between network position and crowdsourcing innovation
contribution behavior and the moderating eﬀects of knowledge absorption capacity on the aforementioned relationship.
Design/Methodology/Approach. Focusing on the Chinese context, the study conducts empirical research with the user’s
knowledge-sharing network of the MIUI community to test the research model. The negative binomial regression model which
is suitable for processing discrete data is used to examine the main eﬀects of the network position, knowledge absorption
capacity, and crowdsourcing innovation contribution behavior. Findings. The ﬁndings reveal that the closer the user gets to the
center of the network, the more likely they will contribute. The users’ knowledge absorption capacity can help stimulate the
users’ crowdsourcing innovation contribution behavior, and the users with stronger knowledge absorption capacity are more
likely to transform their network position advantages into innovative contribution behaviors. Practical Implications. The study
provides evidence that network position has a positive impact on their crowdsourcing innovation contribution behavior, and
knowledge absorption capacity promotes the crowdsourcing innovation behavior of users. Managers should encourage users to
occupy a favorable network position and increase knowledge exchange with other users, while at the same time continuously
improving their own knowledge absorption capacity. Originality/Value. This study combines social network theory and the
individual mindset to introduce knowledge absorptive capacity into the relationship model of the user’s network position and
crowdsourcing innovation contribution behavior, thereby constructing a complete path of “knowledge supply-knowledge
acquisition-knowledge application-knowledge output.” The study contributes to provide a theoretical basis for an in-depth
understanding of the inﬂuence relationship between network position and crowdsourcing innovation contribution behavior.
Also, it provides a reference for enterprises to carry out practical crowdsourcing innovation community governance and
improve innovation performance.

1. Introduction
Crowdsourcing innovation refers to the business model in
which enterprises transfer the traditional innovation tasks
performed by internal employees in a free and voluntary
manner to external network users (the public) [1]. This
model has been proved to be a signiﬁcant innovation model
for acquiring knowledge from external networks [2]. For
example, with the help of InnoCentive, P&G’s innovative

community has increased the proportion of innovation
outside the company from 15% to 50%, and the R&D capacity is increased by 60%; up to date, more than 28,577
ideas have been submitted on the IdeaStorm crowdsourcing
community created by Dell, and more than 550 public of that
have been implemented; relying on My StarbucksIdea.com
crowdsourcing innovation community, Starbucks continuously collect external mass ideas and promote brand
awareness. In return, it gets the product and service
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innovation concept; to solve the AIDS reverse transcriptase
structural puzzle that has plagued the scientists for ﬁfteen
years, Foldit relies on the whole network players’ power and
success. Crowdsourcing innovation is profoundly aﬀecting
the current enterprise innovation model. More and more
enterprises are beginning to establish diﬀerent crowdsourcing innovation models.
The modern innovation model has gradually shifted
from the “closed-door” mode to the crowdsourcing model of
seeking cooperation at various stages. Therefore, innovation
is also a process of forming an interactive network of collaborative innovation [3]. Scholars who support network
theory believe that individuals who occupy a favorable
network position in the innovation interaction network are
more likely to improve their innovation performance [4, 5].
Although a large number of scholars have tested and veriﬁed
this theory through empirical research [6, 7], scholars who
support the individual mindset believe that network theory
pays too much attention to the inﬂuence of personal external
connections on innovation performance and ignores the
diﬀerence in the ability of individuals to absorb external
knowledge (Giuliani, 2005; [8, 9]). According to the “inputprocess-output” model (IPO), to achieve the purpose of
innovation, individuals need to acquire and apply the external knowledge to realize the integration of external resources and existing resources [10]. These scholars believe
that the individual’s ability to absorb external knowledge is
heterogeneous. And the diﬀerence between individual’s
knowledge absorption capacities is the critical factor affecting innovation performance. Zahra and George [8]
pointed out that individuals who can eﬀectively acquire and
apply knowledge have better innovation performance and
can obtain more signiﬁcant competitive advantages. Stenberg and Arndt [9] even believe that the individual’s
knowledge absorptive capacity can aﬀect innovation performance more than external relationships.
Based on integrating the views of both parties, scholars
combine the individual’s external network position with internal knowledge absorption capacity to study their impact on
innovation. Tsai [11] ﬁrst veriﬁed that the degree centrality
and absorptive capacity have an important impact on enterprises’ innovation performance. But his research only
considers the degree centrality without considering other
network position indicators such as structural holes. And he
simply uses R&D revenue to measure the knowledge absorptive capacity of an enterprise, without an in-depth
analysis of the impact of various dimensions of absorptive
capacity on innovation. After that, many scholars have successively carried out research [12–14]. But since the research
on network structure is still in the qualitative description
stage, scholars mostly focus on the impact of knowledge
absorptive capacity on innovation performance. In recent
years, Qian et al. [3] studied the eﬀect of knowledge absorptive
capacity as a moderating factor on the relationship between
corporate network position and corporate innovation performance. But their research mainly concentrated on the
enterprise level and ignored the relationship between network
position, knowledge absorption capacity, and innovation
contribution behavior from the individual level.
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Basically, the research question of the paper is the following: each user plays a diﬀerent role in the crowdsourced
innovative virtual community [15]. Their interaction behavior and network positions are quite heterogeneous;
whether the user’s network position still has a signiﬁcant
impact on their innovation contribution behavior? And how
does the user’s knowledge absorption capacity aﬀect their
crowdsourcing innovation contribution behavior? Thus, the
main aim of this research is to examine mechanisms and
paths of user’s network position on their innovation contribution behavior and the mediating role of knowledge
absorption capacity. In other words, few scholars have
conducted research from the individual level and hence less
well understood in academic research and also in industry
practice. This is the main theoretical highlight of this research along with its involvement with the managerial
practice.
To achieve the above aim, the paper is structured as
follows. Section 2 introduces the theories of social network
analysis and individual mindset and deﬁnes the concept of
user’s contribution behavior of crowdsourcing innovation.
Section 3 makes assumptions about the relationship between network position, innovation contribution behavior, and knowledge absorption capacity and constructs
theoretical models. Section 4 explains the source of the
data and the measurement of each research variable. In
Section 5, the results of each hypothesis test are shown. In
Section 6, the implications are presented and discussed.
Eventually, in Section 7, the contributions and some
limitations of the paper are drawn.

2. Basic Theory and Construct Definition
2.1. User Contribution Behavior of Crowdsourcing Innovation.
The crowdsourcing innovation community’s original intention to open user communication is to facilitate users to
spontaneously conduct interactive communication around a
certain product or function, promote knowledge sharing,
and stimulate users’ innovative contribution behavior.
However, diﬀerent users’ needs and behaviors are heterogeneous, so diﬀerent users have diﬀerent contribution behaviors. According to users’ initiative to post information
[16–18], the user’s contribution behavior is divided into
proactive contribution and responsive contribution. The
user’s proactive contribution behavior is manifested in that
the user actively submits incremental knowledge, which is
diﬀerent from previous experience. And the user’s responsive contribution refers to the user commenting on
other users’ topics or answering other users’ questions,
which will continuously increase the community information circulation and the awareness of topics. Qin et al. [18]
further deﬁned the connotation of active contribution behavior and reactive contribution behavior and developed a
measurement scale for two kinds of contribution behavior.
According to the connotation of user’s contribution
behavior and the characteristics of the crowdsourcing innovation community, this article deﬁnes two types of user’s
contribution behavior as follows: proactive contribution
behavior refers to users actively sharing knowledge,
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proposing ideas, or product improvement suggestions, etc.,
to obtain oﬃcial or other users’ approbation; responsive
contribution behavior refers to the behavior of users answering other users’ questions or expressing evaluations and
suggestions on other users’ opinions.
2.2. Social Network Analysis. SNA is a set of norms for
qualitative research and quantitative discussion of social
relationship structures and their attributes. It has the advantage of being able to analyze networks with multiple
nodes and multiple subjects. The social network analysis
method consists of nodes and connections, where nodes
represent the actors in the event, and connections represent
the relationship between them. SNA is a method of studying
the dynamic relationship between multiple entities, forming
a relationship network diagram. SNA mainly analyzes the
characteristics of the relationship network structure from
the out-degree, in-degree, clique, and centrality. It can also
analyze and explore the whole network from overall network
structure visualization, network density, and small-world
eﬀect.
2.3. The Individual Mindset. Dweck [19] points out that the
individual mindset is the implicit belief of the individual
about his own ability. The individuals have two diﬀerent
implicit beliefs about self-reliance. One is the incremental
theory, and the other is the entity theory. The individuals
who support the incremental theory believe that their
abilities can be improved through accomplishing hard work.
So this type of individual tends to set higher learning goals
and regards diﬃcult tasks to improve their abilities. The
individuals who support the entity theory believe that the
ability is innate and cannot be changed, so they tend to
pursue achievement goals and avoid tasks that may fail.

3. Research Hypothesis
3.1. User’s Network Position and Crowdsourcing Innovation
Contribution Behavior. The user’s network position is the
result of the user’s connection in the process of information
interaction, which is an important research object of network theory. In the information interaction network, the
user’s network position is related to their ability to acquire/
spread knowledge and seek cooperation, which aﬀects their
contribution behavior [11]. In social network analysis, there
are many indicators to describe network position, but in
innovation performance research, scholars usually take the
centrality to reﬂect the power and the structural holes as
individual network position measurement indicators
[3, 20, 21]. In social network theory, there are a large number
of indicators to measure the importance of individuals, such
as degree centrality, betweenness centrality, closeness centrality, eigenvector centrality, and structural hole. But each
indicator has its own emphasis. In the past, scholars often
only chose closeness centrality and structural hole to describe individual network positions, ignoring the degree
centrality which characterizes the scale of individual networks, the eigenvector centrality which characterizes the
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importance of nodes, and the limitation of the use of close
centrality (the meaning of betweenness centrality is consistent with the meaning of structural holes). Therefore, this
article further subdivides the speciﬁc meaning of the centrality and selects the degree centrality, eigenvector centrality, and structural hole to describe the network position
of the node. Therefore, the following hypothesis is made.
H1: the user’s network position has a positive impact on
his/her crowdsourcing innovation contribution
behavior

3.1.1. The Impacts between the Degree Centrality and
Crowdsourcing Innovation Contribution Behavior. In social
network analysis, the degree centrality refers to the direct
relationship between a node and other nodes, which is an
important indicator to measure the size of the individual
network. Generally speaking, users with a high degree
centrality are at the core of the interactive network, and users
with a small degree centrality are at the edge of the interactive network. The advantages of users with a high degree
centrality in innovation are mainly as follows: ﬁrst, these
users have multiple knowledge acquisition channels and
knowledge sources. When the scale of an individual’s interactive network is larger, more sources of knowledge are
included. The user will be easier to obtain knowledge released by other users, thereby promoting the combination of
user knowledge and external knowledge to achieve innovation [22, 23]. Secondly, due to having a large number of
direct connections, these users have higher accessibility to
disseminate knowledge, which is conducive to improving
the overall user’s knowledge availability. Besides, the higher
degree centrality, the more appealing users will be in the
innovation process. While individuals have a large number
of knowledge sources, they also have a high degree of
“exposure.” When a user with a high degree centrality needs
new knowledge, because of his high exposure, the possibility
of obtaining accurate and eﬀective knowledge is increased;
on the other hand, when other users need help, the user with
high degree centrality uses his inﬂuence to expand the scope
of information transmission to obtain solutions [3].
Therefore, the following hypotheses are made:
H1a: the user’s degree centrality has a positive impact on
his/her proactive contribution behavior
H1b: the user’s degree centrality has a positive impact
on his/her responsive contribution behavior
3.1.2. The Impacts between the Eigenvector Centrality and
Crowdsourcing Innovation Contribution Behavior. The eigenvector centrality characterizes the importance of a node
in the network and reﬂects the quality of a node’s connection. Scholars who support network theory point out that
the importance of a node to the overall network depends not
only on the number of nodes directly connected to it but also
on the importance of the nodes directly connected to it
[24, 25]. Generally speaking, the eigenvector centrality of a
node is positively correlated with the eigenvector centrality
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of adjacent nodes [26]. Users with high eigenvector centrality often have the following advantages: ﬁrst, the higher
the eigenvector centrality of the users is, the more important
the connected user will be. These users will have more
opportunities to obtain the key knowledge to innovation.
Second, although users with a high degree centrality have a
wide range of news sources, valuable knowledge is often
hidden in a huge ﬂow of information, requiring a lot of
human resources and material resources to identify.
Compared with them, users with a high eigenvector centrality tend to have more reliable information sources, which
can help reduce the cost of knowledge search and increase
the possibility of stimulating innovation. Therefore, the
following hypotheses are made:

knowledge seekers. Martinez believes that the crowdsourcing innovation model is based on the perception that
the crowd is smarter than the elites. That is to say, it can
create more innovative and valuable solutions through the
integration of the crowd’s wisdom and skills distributed in
diﬀerent ﬁelds, diﬀerent backgrounds, and diﬀerent expertise. In the crowdsourcing innovation community, the
user’s knowledge absorption capacity can be divided into
knowledge acquisition capacity and knowledge application
capacity. Therefore, the following hypothesis is made:
H2: the user’s knowledge absorption capacity has a
positive impact on his/her crowdsourcing innovation contribution behavior

H1c: the user’s eigenvector centrality has a positive
impact on his/her proactive contribution behavior
H1d: the user’s eigenvector centrality has a positive
impact on his/her responsive contribution behavior

3.2.1. The Impacts between Knowledge Acquisition Capacity
and Crowdsourcing Innovation Contribution Behavior.
The knowledge acquisition capacity refers to the subject’s
ability to identify and acquire valuable knowledge from the
huge external knowledge [11]. The user’s knowledge acquisition capacity mainly promotes their contribution behavior from two aspects: on the one hand, the user with
stronger knowledge acquisition capacity, the higher the
eﬃciency of the accumulation of knowledge, thereby improving the user’s knowledge linkage capacity to stimulate
their innovation contribution behavior; on the other hand,
during the progress of acquiring knowledge, users can better
understand the frontiers of community crowdsourcing innovation and the current needs of enterprises and increase
their response rate on innovation, thereby strengthening
their willingness to innovate and inspiring their innovative
behavior. Based on this, the following hypotheses are
proposed:

3.1.3. The Impacts between the Structural Hole and Crowdsourcing Innovation Contribution Behavior. Structural holes
are a missing relationship that prevents information ﬂow.
The amount of structural holes occupied by users reﬂects
users’ ability to control the interactive network [27]. Users
occupying structural holes can have information control
advantages by connecting two users who are not directly
connected. Zaheer and Bell [28] pointed out that the user’s
ability to acquire knowledge resources is aﬀected by the
network position, and occupying an advantageous position
is conducive to innovation activities. First, users who occupy
structural holes can eﬃciently acquire knowledge and
control the direction of knowledge circulation, thereby
maintaining their innovative advantages. Secondly, users in
structural holes have nonredundant heterogeneous connections, which help to acquire knowledge in diﬀerent ﬁelds.
This promotes the integration of new and old knowledge to
complete innovation. Thirdly, because the user occupying
the structural hole connects two users who are not directly
connected, the degree of interconnection of the interactive
network is improved, and the possibility of missing
knowledge transmission is eﬀectively reduced. Therefore, the
following hypotheses are made:
H1e: the user’s structural hole has a positive impact on
his/her proactive contribution behavior
H1f: the user’s structural hole has a positive impact on
his/her responsive contribution behavior
3.2. User’s Knowledge Absorption Capacity and Crowdsourcing Innovation Contribution Behavior. In the last
century, some scholars proposed that most of the innovations did not originate from “original creation” but from
“borrowing creation” [29]. The diversity and exposure of
external knowledge sources have an important impact on the
knowledge dissemination of the crowdsourcing innovation
community and also play an important role in the eﬀective
knowledge acquisition and integrated utilization of

H2a: the user’s knowledge acquisition capacity has a
positive impact on his/her proactive contribution
H2b: the user’s knowledge acquisition capacity has a
positive inﬂuence on his/her responsive contribution
3.2.2. The Impacts between Knowledge Application Capacity
and Crowdsourcing Innovation Contribution Behavior.
Knowledge application capacity refers to the subject’s ability
to digest the acquired external knowledge and combine it
with its own existing knowledge to generate a new knowledge structure and then carry out practical application innovation [11]. After users digest the acquired external
knowledge, the external knowledge becomes part of their
own knowledge structure. However, the realization of innovation needs users to apply new knowledge through
experiments, design, and other activities. Zahra believes that
the knowledge application capacity can prompt the subject
to complete the transformation of the absorbed knowledge
into actual innovation. Scholars generally believe that the
generation of an innovation or the proposal of an idea is the
speciﬁc manifestation of the subject’s knowledge application
capacity. Therefore, this article believes that the user’s
knowledge application capacity mainly aﬀects their proactive contribution behavior [3, 30, 31]. Based on this, the
following hypothesis is proposed:
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H2c: the user’s knowledge application capacity has a
positive impact on his/her proactive contribution
3.3. User’s Network Position and Knowledge Absorptive
Capacity. Existing studies have conﬁrmed that the knowledge sharing and knowledge spillover of collaborative innovation networks provide individuals with opportunities to
obtain knowledge resources and provide support for individual’s innovation at the same time [32]. Koka and Prescott
[33] pointed out that the pros and cons of network position
have a signiﬁcant impact on the improvement of individual’s
knowledge acquisition and application capacity. Users with a
high degree centrality, on the one hand, have a large number
of information sources and information channels to obtain
valuable knowledge, and their knowledge acquisition capacity is improved due to their dominant network position.
On the other hand, frequent interaction between users
promotes the integration of knowledge and the stimulation
of innovation inspiration, promoting the improvement of
users’ knowledge application capacity. Users occupy a large
number of structural holes to strengthen the control of the
ﬂow of knowledge resources. It means that the possibility of
acquiring high-value knowledge is increased. And the
possibility of bringing together diﬀerent users to form
knowledge and skills complementary is also increased,
thereby improving their knowledge acquisition capacity and
knowledge application capacity. The main reason why some
users have high eigenvector centrality is that these users
want to acquire high-quality knowledge and understand the
frontiers of innovation for the ﬁrst time, and they follow
with a large number of key users in the community.
Therefore, eigenvector centrality mainly aﬀects the user’s
knowledge acquisition capacity. Thus, the following hypotheses are proposed:
H3: the user’s network position has a positive impact on
his/her knowledge absorption capacity
H3a: the user’s degree centrality has a positive impact on
his/her knowledge acquisition capacity
H3b: the user’s eigenvector centrality has a positive
impact on his/her knowledge acquisition capacity
H3c: the user’s structural hole has a positive impact on
his/her knowledge acquisition capacity
H3d: the user’s degree centrality has a positive impact
on his/her knowledge application capacity
H3e: the user’s structural hole has a positive impact on
his/her knowledge application capacity
3.4. The Mediating Eﬀect of Knowledge Absorptive Capacity.
The theoretical analysis of the above hypothesis shows that
although users occupying favorable network positions have
the advantage of obtaining external incremental information, the inﬂuence of users’ network positions on contribution behavior is also related to the users’ own knowledge
absorption capacity. Escribano pointed out that the individual’s knowledge absorptive capacity positively aﬀects the
ability to obtain beneﬁts from external knowledge. In
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addition, a large number of scholars have proposed that it is
necessary to incorporate knowledge absorptive capacity as a
mediator into the research framework of the impact of
network location on innovation [34–37]. Therefore, the
following hypothesis is made:
H4: the user’s knowledge absorption capacity plays an
intermediary role between network position and crowdsourced innovation contribution behavior
3.4.1. The Mediating Eﬀect of Knowledge Acquisition
Capacity. It is absolute that knowledge acquisition capacity
can promote user’s contribution behavior. A strong
knowledge acquisition capacity can undoubtedly broaden
the breadth of users’ knowledge, stimulate the potential of
users’ knowledge connection, and promote users’ contribution behavior. At the same time, the user’s knowledge
acquisition is an initiative behavior. Therefore, the strength
of the user’s knowledge acquisition capacity still reﬂects the
user’s willingness to innovate to a certain extent. Users with
stronger knowledge acquisition capabilities have higher
eﬃciency in identifying and acquiring external knowledge
and stronger creative willingness. They are more likely to
produce contribution behaviors. And the promotion of
user’s network position will be more obvious. Therefore, the
following hypotheses are proposed:
H4a: the user’s knowledge acquisition capacity plays a
mediator role between the degree centrality and proactive contribution behavior
H4b: the user’s knowledge acquisition capacity plays a
mediator role between the eigenvector centrality and
proactive contribution behavior
H4c: the user’s knowledge acquisition capacity plays a
mediator role between the structural hole and proactive
contribution behavior
H4d: the user’s knowledge acquisition capacity plays a
mediator role between the degree centrality and responsive contribution behavior
H4e: the user’s knowledge acquisition capacity plays a
mediator role between the eigenvector centrality and
responsive contribution behavior
H4f: the user’s knowledge acquisition capacity plays a
mediator role between the structural hole and responsive contribution behavior

3.4.2. The Mediating Eﬀect of Knowledge Application
Capacity. Any incremental knowledge can only reﬂect its
value through practical application, and this process needs
the support of the user’s knowledge application capacity.
Therefore, the user’s knowledge application capacity can
expand the advantages of their network positions and
transform them into contribution behaviors. The stronger
the user’s knowledge application capacity, the more obvious
the promotion eﬀect of their network attribute on their
contribution behavior. Therefore, the following hypotheses
are proposed:
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H4g: the user’s knowledge application capacity plays a
mediator role between the degree centrality and proactive contribution behavior
H4h: the user’s knowledge application capacity plays a
mediator role between the eigenvector centrality and
proactive contribution behavior.
H4i: the user’s knowledge application capacity plays a
mediator role between the structural hole and proactive
contribution behavior

Based on the above analysis, the conceptual model of the
impacts of users’ network positions and knowledge absorption capacity on their crowdsourcing innovation contribution behavior is shown in Figure 1. The related
assumptions are hypotheses in Table 1.

4. Research Methodology
4.1. Data Source. The “Developer Communication” section
of the MIUI community is the main section for the communication between community users, the development
team, and developers. MIUI oﬃcials will regularly appraise
the quality of posts and mark posts with practical signiﬁcance. Using the web crawler collector (Octopus version
7.5.4), the relevant data of the participating users of the
“Essence Posts” are obtained from January 2014 to September 2019.
4.2. Measurements
4.2.1. Dependent Variables. Existing research generally takes
the number of innovative ideas to measure the user’s
contribution behavior simply. For the crowdsourcing innovation community, users’ contribution behavior is not
only the direct contribution behavior for innovation.
Although users post comments and provide suggestions
on other users’ topics and they cannot directly achieve innovation, this behavior outputs knowledge to knowledge
seekers and indirectly promotes innovation.
Therefore, this paper will measure the user’s contribution behavior from two dimensions: the user’s active contribution behavior and reactive contribution behavior.
Among them, the number of users actively publishing topic
posts is used to measure the user’s active contribution behavior, and the number of users submitting comments is
used to measure the user’s response contribution behavior.
4.2.2. Independent Variables
(1) Degree centrality refers to the number of other nodes
directly connected to the node. And it mainly
measures the size of the user’s individual network in
the knowledge interaction network. Therefore, this
article uses the number of other users who have
direct contact with the user to measure the network
scale.
(2) Eigenvector centrality measures the importance of
nodes in the network. The user’s eigenvector

centrality depends not only on the number of directly connected other users but also on the importance of these users. The calculation formula of
eigenvector centrality refers to the research of
Bonacich [25]:
EC(i) � xi
n

(1)

� c  aij xj ,
j�1

where c is the proportional factor, xi is the importance value of node i, and aij is the connection
coeﬃcient (if node i is connected to node j, the value
of aij is 1, otherwise it is 0).
(3) Although Burt proposes four measurements (Eﬀective size, Eﬃciency, Constraint, and Hierarchy),
scholars generally prefer Constraint to measure the
user’s structural hole [20, 38]. Constraint measures
the direct or indirect closeness of a node in the
network to other nodes, characterizing the closure of
individual networks. The value of Constraint is in
inverse proportion to the number of structural holes,
and the user’s Constraint can be calculated by the
following equation:
2

Cij � pij +  pij pkj  ,

k ≠ i, j,

(2)

where pij is the ratio of the contacts of user i to user k
to the contacts of the user i to other users. According
to the above hypothesis, it can be seen that the
structural hole has a positive inﬂuence on user’s
contribution behavior, and it can be inferred that the
Constraint is negatively related to user’s contribution. Therefore, this paper uses the diﬀerence between 1 and the Constraint as an indicator to
measure the user’s ability to use structural holes.
However, the use of Constraint as an indicator to
measure structural holes can only reﬂect how many structural holes users occupy, ignoring the concentration of
structural holes. This article introduces Constraint to reﬂect
the extent to which restrictions are concentrated on one
user. The calculation formula is as follows:
H�

j C/C/NInCij /C/N
,
NIn(N)

(3)

where N is the network scale of user i, C/N is the average value
of the Constraint of each user, and NIn(N) represents the
maximum possible sum value. As with the Constraint, this
article speculates that Hierarchy is negatively related to user’s
contributions. Therefore, this paper uses the diﬀerence between 1 and Hierarchy as an indicator to measure the concentration of user structure holes. At the same time, this article
uses principal component analysis to extract a common factor
from the two indicators of Constraint and Hierarchy to
measure the structural holes of users. The results show that the
total variation explained by extracting common factors reaches 92.85%, which has a high degree of explanation.
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Knowledge absorptive capacity
Knowledge acquisition capacity

H3

Knowledge application capacity

Crowdsourcing innovation
contribution behavior
H2

Proactive contribution behavior

Network position
Responsive contribution behavior
Degree centrality
H1
Eigenvector centrality

Structural hole

Figure 1: Research model.

Table 1: The summary table of hypotheses.
No.
The description of hypotheses
The user’s degree centrality has a positive impact on his/her proactive contribution behavior
H1a
H1b
The user’s degree centrality has a positive impact on his/her responsive contribution behavior
The user’s eigenvector centrality has a positive impact on his/her proactive contribution behavior
H1c
H1d
The user’s eigenvector centrality has a positive impact on his/her responsive contribution behavior
The user’s structural hole has a positive impact on his/her proactive contribution behavior
H1e
H1f
The user’s structural hole has a positive impact on his/her responsive contribution behavior
The user’s knowledge acquisition capacity has a positive impact on his/her proactive contribution
H2a
H2b
The user’s knowledge acquisition capacity has a positive inﬂuence on his/her responsive contribution
The user’s knowledge application capacity has a positive impact on his/her proactive contribution
H2c
H3a
The user’s degree centrality has a positive impact on his/her knowledge acquisition capacity
The user’s eigenvector centrality has a positive impact on his/her knowledge acquisition capacity
H3b
H3c
The user’s structural hole has a positive impact on his/her knowledge acquisition capacity
The user’s degree centrality has a positive impact on his/her knowledge application capacity
H3d
H3e
The user’s structural hole has a positive impact on his/her knowledge application capacity
H4a The user’s knowledge acquisition capacity plays a mediator role between the degree centrality and proactive contribution behavior
The user’s knowledge acquisition capacity plays a mediator role between the eigenvector centrality and proactive contribution
H4b
behavior
H4c The user’s knowledge acquisition capacity plays a mediator role between the structural hole and proactive contribution behavior
H4d The user’s knowledge acquisition capacity plays a mediator role between the degree centrality and responsive contribution behavior
The user’s knowledge acquisition capacity plays a mediator role between the eigenvector centrality and responsive contribution
H4e
behavior
H4f The user’s knowledge acquisition capacity plays a mediator role between the structural hole and responsive contribution behavior
H4g The user’s knowledge application capacity plays a mediator role between the degree centrality and proactive contribution behavior
The user’s knowledge application capacity plays a mediator role between the eigenvector centrality and proactive contribution
H4h
behavior
H4i The user’s knowledge application capacity plays a mediator role between the structural hole and proactive contribution behavior

4.2.3. Mediator Variable. The user’s knowledge acquisition
capacity determines the eﬃciency of the user’s identiﬁcation
and acquisition of eﬀective knowledge from external

knowledge streams [2]. Although it does not directly achieve
innovation, one of the crowdsourcing innovation community’s functions is to improve the overall knowledge
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structure of users to achieve innovation through the process
of “acquisition-re-dissemination.” Users acquire/share
knowledge through interactive communication and establish stable relationships between users through frequent
interactions to achieve continuous knowledge input.
Therefore, this article chooses the stable information source
established by the user (i.e., the number of interactions is
greater than or equal to 3 times) as an index to measure the
user’s knowledge acquisition capacity.
The user’s knowledge application capacity directly aﬀects
the quantity and quality of user innovation [2]. Some
scholars use the number of oﬃcially recognized innovations
as an index to measure the user’s knowledge application
capacity. But it has some shortcomings in measuring the
user’s knowledge application capacity. On the one hand, the
oﬃcially recognized innovations have higher requirements
for users’ knowledge application capacity, ignoring some
improved knowledge applications; on the other hand, for
most users, due to limitation of educational background and
skills, their knowledge application is still in the initial stage
of “integration & sharing.” Therefore, this article does not
use the number of oﬃcially recognized innovations as a
measure. For the crowdsourcing innovation community,
elementary knowledge integration & sharing and highquality knowledge application innovation are indispensable.
This article ignores whether the content is oﬃcially recognized or highly innovative and chooses the number of topics
published by users as the indicator as shown in Table 2.

5. Hypothesis Testing
5.1. Descriptive Statistics. Table 3 shows the descriptive
statistical analysis of each research variable, and Table 4
shows the correlation coeﬃcient and VIF (variance inﬂation
factor, VIF) value of each research variable. It can be seen
that the VIF of each variable is below 10, so there is no
multicollinearity problem among the research variables [41].
5.2. Regression Model Selection. This article involves four
dependent variables: knowledge acquisition capacity,
knowledge application capacity, proactive contribution
behavior, and responsive contribution behavior. And the
four variables are all nonnegative integers. It can be seen
from Table 3 that the variances of the four variables are quite
diﬀerent from averages, indicating that the variables are
“over-dispersed.” Therefore, this paper selects the negative
binomial regression model suitable for processing discrete
data and uses Stata15 for regression analysis.
5.3. Results of Regression Analysis
5.3.1. User’s Network Position and Crowdsourcing Innovation
Contribution Behavior. The regression results of hypothesis
1 are shown in Table 5. The dependent variables of model 1
to model 3 are proactive contribution behavior, and the
dependent variables of model 4 to model 6 are p-responsive
contribution behavior.

Complexity
In Model 1 and Model 4, there is a signiﬁcant positive
correlation between the user’s degree centrality and their
crowdsourced innovation contribution behavior (the coefﬁcient of proactive contribution behavior β � 0.140, p < 0.01;
the coeﬃcient of responsive contribution behavior β � 0.009,
p < 0.01). The result proves that the user with a higher degree
centrality will be more likely to make proactive contribution
behavior, providing support to H1a and H1b.
Model 2 proves the user’s eigenvector centrality positively aﬀects their proactive contribution behavior
(β � 0.226). But eigenvector centrality has no signiﬁcant
impact (p < 0.01). H1c is not supported. In model 5, there is a
signiﬁcant positive impact between the user’s eigenvector
centrality and responsive contribution behavior (β � 0.226,
p < 0.01), and H1d is supported. Research by Liu et al. shows
that the subject with a high eigenvector centrality has high
knowledge transfer eﬀectiveness. The sample data analysis
shows that 7023 users have submitted 120 ideas/suggestions,
but there are 10511 comments. It can determine that
knowledge transfer among users of the crowdsourcing innovation virtual community is mainly in comments. Simultaneously, the user attribute analysis shows that users
with high eigenvector centrality are often keen to comment
on topics published by core users rather than posting topics.
Therefore, eigenvector centrality signiﬁcantly promotes responsive contribution behavior rather than proactive contribution behavior.
In Model 3 and Model 6, the structural holes positively
and signiﬁcantly aﬀect crowdsourced innovation contribution behavior. Contrary to the conclusion of scholars such
as Liu et al. [42] and Xiao and Tsui [43], there are apparent
structural hole advantages in the crowdsourcing innovation
knowledge interaction network. H1e and H1f are supported.
5.3.2. User’s Knowledge Absorption Capacity and Crowdsourcing Innovation Contribution Behavior. Table 6 shows
the regression results of hypothesis 2, the dependent variables of Model 7 and Model 8 are proactive contribution
behavior, and the dependent variable of Model 9 is responsive contribution behavior.
Model 7 and Model 9 show knowledge acquisition capacity signiﬁcantly aﬀects crowdsourcing innovation contribution (the regression coeﬃcient with proactive
contribution behavior is β � 1.675, p < 0.01; the regression
coeﬃcient with responsive contribution behavior is
β � 0.338, p < 0.01), providing support to H2a and H2b.
Model 5 holds the user’s knowledge application capacity has
a signiﬁcant positive impact on proactive contribution behavior (β � 0.004, p < 0.1). H2c is supported.
5.3.3. User’s Network Position and Their Knowledge Absorption Capacity. Table 7 shows the regression results of
hypothesis 3, the dependent variables of Model 10 to Model
12 are knowledge acquisition capacity, and the dependent
variable of Model 13 and Model 14 is knowledge application
capacity.
The regression result of Model 10 shows that the user’s
degree centrality positively aﬀects the knowledge acquisition
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Table 2: The measurement of each research variable.

Variable type

Variable name

The measurement of the variable
References
The number of posts that users actively publish and are
Knowledge
oﬃcially recognized or widely followed by other users in Atuahene-Gima et al [39]; Nambisan
acquisition capacity
a speciﬁc period
and baron [16]; Mahr and Lievens [17];
Knowledge
The number of users’ answers, comments, and opinions
Qin et al. [18]
application capacity
on other users’ opinions
The number of other users who have direct contact with
Liu [38]
Degree centrality
the user
Eigenvector
The comprehensive value of the user’s centrality in
Bonacich [25]
centrality
contact with the user
Structural hole
The common factors of constraint and hierarchy
Burt [40]
Proactive
The number of stable information sources established
contribution
through frequent interaction
behavior
Tsai [11]; Qian et al. [3]; Qin et al. [18]
Responsive
The number of posts by users, including knowledgecontribution
sharing posts and innovative application posts
behavior

Dependent
variables

Independent
variables

Mediator
variable

Table 3: Descriptive statistical analysis.
Variable
Degree centrality
Eigenvector centrality
Structural hole
Knowledge acquisition capacity
Knowledge application capacity
Proactive contribution behavior
Responsive contribution behavior

Number of cases
7023
7023
7023
7023
7023
7023
7023

Minimum
1
0.000
−0.31575
0
0
0
0

Maximum
703
140.147
5.75476
15
1221
4
211

Average
2.50
0.04634
−0.0008414
0.02
18.92
0.02
1.50

Variance
289.750
2.846
0.998
0.125
2008.658
0.039
8.214

Skewness
27.861
81.629
3.062
29.026
9.809
11.130
57.785

Kurtosis
953.958
6776.477
8.175
997.936
165.978
147.569
4102.124

Table 4: The correlation coeﬃcient and VIF value.
Degree
centrality

Variable
Degree centrality
Eigenvector
centrality
Structural hole
Knowledge
acquisition
capacity
Knowledge
application
capacity
Proactive
contribution
behavior
Responsive
contribution
behavior
Note. ∗∗∗ p < 0.01;

∗∗

Eigenvector
centrality

Structural
hole

Knowledge
acquisition
capacity

Knowledge
application
capacity

Proactive
contribution
behavior

Responsive
contribution
behavior

1.000

VIF
1.81

0.169

∗∗∗

1.000

0.124

∗∗∗

0.0180

1.000

0.635 ∗∗∗

0.130 ∗∗∗

0.068 ∗∗∗

1.000

0.022∗

−0.003

0.066 ∗∗∗

0.032 ∗∗∗

1.000

0.581 ∗∗∗

0.192 ∗∗∗

0.179∗∗∗

0.569 ∗∗∗

0.047 ∗∗∗

1.000

0.312 ∗∗∗

0.873 ∗∗∗

0.191 ∗∗∗

0.253 ∗∗∗

0.039 ∗∗∗

0.336 ∗∗∗

4.79
1.16
1.72

5.47
—

1.000

—

p < 0.05; ∗ p < 0.1.

capacity. But the degree centrality has no signiﬁcant eﬀect.
H3a is not supported. Model 13 shows that the user’s degree
centrality signiﬁcantly promotes their knowledge application capacity (β � 0.002, p < 0.05), supporting H3b.

Model 11 shows that the user’s eigenvector centrality is
signiﬁcantly positively correlated with knowledge acquisition capacity (β � 0.037, p < 0.001), indicating that the
higher the user’s eigenvector centrality, the higher the
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Table 5: The regression results of hypothesis 1.
Proactive contribution behavior
Model 1
Model 2
Model 3

Variables

0.140 ∗∗∗ (0.000)

Degree centrality
Eigenvector centrality
Structural hole
Note.

∗∗

0.226 (0.246)
1.446 ∗∗∗ (0.000)

Responsive contribution behavior
Model 4
Model 5
Model 6
0.009 ∗∗∗
(0.000)
0.032 ∗∗∗ (0.000)
0.230 ∗∗∗ (0.000)

∗

p < 0.05; p < 0.1.

Table 6: The regression results of hypothesis 2.
Variables
Knowledge acquisition capacity
Knowledge application capacity
Note. ∗∗∗ p < 0.01;

∗∗

Proactive contribution behavior
Model 7
Model 8
1.675 ∗∗∗ (0.000)
0.004 ∗ (0.059)

Responsive contribution behavior
Model 9
0.338 ∗∗∗ (0.000)

p < 0.05; ∗ p < 0.1.

Table 7: The regression results of hypothesis 3.
Variables
Degree centrality
Eigenvector centrality
Structural hole
Note. ∗∗∗ p < 0.01;

∗∗

Model 10
0.093 (0.170)

Knowledge acquisition capacity
Model 11
Model 12

Knowledge application capacity
Model 13
Model 14
0.002 ∗∗ (0.013)

0.037 ∗∗∗ (0.000)
0.561 ∗∗∗ (0.000)

0.109 ∗∗∗ (0.000)

p < 0.05; ∗ p < 0.1.

quality of contact, and the stronger their knowledge acquisition capacity. H3c is supported.
Model 12 and Model 14 show that the structural hole
signiﬁcantly impacts the user’s knowledge absorptive capacity (the regression coeﬃcient with knowledge acquisition
capacity is β � 0.561, p < 0.01; the regression coeﬃcient with
knowledge application capacity is β � 0.109, p < 0.01). H3d
and H3e are veriﬁed.
5.3.4. The Mediating Eﬀect of User’s Knowledge Absorptive
Capacity between Network Position and Crowdsourcing Innovation Contribution Behavior. The regression results of
hypothesis 4 are shown in Table 8. The dependent variables of
Model 15 to Model 18 are proactive contribution behavior,
and the dependent variables of Model 19 to Model 23 are
responsive contribution behavior. Since H1c is not supported,
eigenvector centrality does not signiﬁcantly aﬀect the user’s
proactive contribution behavior. So it is determined that H4c
(Model 20) and H4d (Model 22) are not valid [44].
In Model 15, the degree centrality’s coeﬃcient and
knowledge acquisition capacity’s coeﬃcient are both significant. But since the inﬂuence of degree centrality on
knowledge acquisition capacity in Model 10 is not substantial,
the Sobel test is needed to determine whether knowledge
acquisition capacity has a mediating eﬀect [44, 45]. It is found
that the regression coeﬃcient of knowledge acquisition capacity is β � 0.187 (p < 0.01), so knowledge acquisition capacity has a partial mediating eﬀect between degree centrality

and proactive contribution behavior, providing some partial
support to H4a.
Model 8 and Model 13 verify that the user’s degree
centrality signiﬁcantly impacts their knowledge application
capacity, and the change of knowledge application capacity
signiﬁcantly aﬀects proactive contribution behavior. Model 1
shows that the degree centrality substantially aﬀects the user’s
proactive contribution behavior. Simultaneously in Model 16,
the degree centrality’s coeﬃcient and the knowledge application capacity’s coeﬃcient are both signiﬁcant, so the
knowledge application capacity plays a partially mediating
role between the degree centrality and proactive contribution
behavior, partially supporting the H4b. Similarly, H4e, H4g,
H4h, and H4i are all partially supported.
Model 9 and Model 14 verify that the user’s structural hole
has a signiﬁcant impact on knowledge application capacity,
while changes in knowledge application capacity signiﬁcantly
aﬀect the user’s proactive contribution behavior. Model 3
veriﬁes that the structural hole can promote proactive contribution behavior. But the coeﬃcient of knowledge application
capacity in Model 18 is not signiﬁcant. And the Sobel test result
shows that the regression coeﬃcient of knowledge application
capacity is −0.0001 (p < 0.1). H4f is rejected.

6. Findings and Discussion
6.1. Theoretical Finding. Based on the above empirical research on the impacts of the user’s network position and
knowledge absorption capacity on their crowdsourcing
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Table 8: The regression results of hypothesis 4.

Variables

Model 15
0.013 ∗∗∗
(0.000)

Degree centrality

Proactive contribution behavior
Model 16
Model 17
0.011 ∗∗
(0.001)

Model 18

Eigenvector centrality
0.661 ∗∗∗
(0.000)
0.188 ∗∗∗
(0.001)

Structural hole
Knowledge acquisition
capacity
Knowledge application
capacity
Note. ∗∗∗ p < 0.01;

∗∗

0.129 ∗∗∗
(0.012)
0.002 ∗∗∗
(0.052)

0.633 ∗∗∗
(0.000)

Responsive contribution behavior
Model 19
Model 21
Model 23
0.008 ∗∗∗
(0.000)
0.039 ∗∗∗
(0.000)
0.230 ∗∗∗
(0.000)
0.120 ∗∗∗
0.1001 ∗∗∗
0.263 ∗∗∗
(0.000)
(0.000)
(0.000)

0.001 (0.628)

p < 0.05; ∗ p < 0.1.

innovation contribution behavior, the following conclusions
are obtained:
(1) In general, the user’s network position has a positive
impact on their crowdsourcing innovation contribution behavior to varying degrees. But not all variables of
network position have a signiﬁcant positive eﬀect on
their crowdsourcing innovation contribution behavior.
Users located in the center of the network with a large
number of direct contacts and occupied a wealth of
structural holes have a signiﬁcant advantage in
knowledge acquisition. Von Hippel [46] believes that
the purchase and exchange of knowledge rely on the
connection between subjects. The purchase of new
knowledge plays a vital role in innovation, so subjects
need to occupy a favorable position. This study shows
that the user’s degree centrality and structural holes
have a signiﬁcant promotion eﬀect on both proactive
contribution behavior and responsive contribution
behavior. The eigenvector centrality signiﬁcantly
stimulates the generation of user’s responsive contribution behavior.
(2) Both knowledge acquisition capacity and knowledge
application capacity promote the crowdsourcing innovation behavior of users. While trying to occupy a favorable network position and increase knowledge
exchange with other users, users should also continuously improve their knowledge absorption capacity to
enhance their crowdsourcing innovation performance.
This study believes that both users’ proactive and responsive contributions contribute to the improvement
of innovation performance. As a crowdsourcing platform, crowdsourcing platform establishment’s ultimate
goal is to obtain users’ innovative ideas. Therefore, for
users, it is necessary to pay attention to improve personal knowledge absorption ability and increase investment in cultivating their own abilities; for
crowdsourcing platforms, it is necessary to formulate
strategies to encourage enterprise personnel, core users,
and other innovative entities to conduct knowledge
exchanges with community users and create a good
knowledge-sharing atmosphere, thereby enhancing the
overall knowledge absorption capacity of community

users, so as to improve the overall crowdsourcing innovation contribution behavior of the community.
(3) The research results show that the user’s knowledge
acquisition capacity has a partial mediating eﬀect
between the network position and crowdsourcing
innovation contribution behavior. There is only a
partial mediating eﬀect between the user’s degree
centrality and proactive contribution behavior, and
there is no mediating eﬀect between the user’s
structural hole and proactive contribution behavior.
The analysis of relevant data shows that users who
occupy a large number of structural holes identify
themselves as “knowledge porters” and mainly act as
intermediaries in the network. This kind of user
mostly makes crowdsourcing innovation and proactive contribution behaviors by publishing heterogeneous knowledge topic posts obtained through
integration. It does not require users with a high
knowledge application capacity. Therefore, the
knowledge application capacity is no mediating effect between the structural hole and proactive contribution behavior. In general, users’ knowledge
absorbing capacity has a signiﬁcant mediating eﬀect
on network position and crowdsourcing innovation
contribution behavior.
6.2. Practical Enlightenment. In addition to the theoretical
ﬁndings, the paper provides the following implications for
managers:
(1) Create a friendly and harmonious user interaction
environment, build a good and orderly knowledgesharing platform, and improve users’ willingness to
share knowledge. Thanks to the full participation of
the public, the MIUI community has gathered a large
number of active users within a short period of time
after its establishment. However, the quality of users
is uneven and conﬂicts occur from time to time in
the community, causing a large number of users with
high-quality innovation potential to disappoint and
withdraw from the community. Therefore, the
community platform ﬁrst needs to arrange a
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dedicated person to manage the order of the community, resolutely eliminate the “problem stickers,”
and clear out the “trouble users,” so as to create a
friendly and harmonious user interaction environment. Secondly, the knowledge required for innovation is often scattered among users of diﬀerent
backgrounds in the community. How to accelerate
the ﬂow and aggregation of knowledge so as to
achieve innovation is the strategic goal of platform
management. Research shows that users who are
located at the center of the network have a large
number of direct contacts and occupy a wealth of
structural holes that have signiﬁcant advantages in
knowledge acquisition and digestion. Therefore, on
the one hand, the community needs to promote
users’ willingness to participate in knowledge interaction actively, establish a knowledge-sharing
network with other core users, and occupy a favorable position on the network to improve their
crowdsourcing innovation performance; on the
other hand, the community also should encourage
users to communicate cross-border to establish
knowledge exchange relationships with users with
diﬀerent knowledge backgrounds, and strive to act as
an intermediary between groups of varying knowledge and skill backgrounds, widely absorb heterogeneous knowledge, and form their knowledge and
skills advantages.
(2) Increase investment in user training and improve
user knowledge absorptive capacity. The user’s
knowledge absorptive capacity, whether it is the
knowledge acquisition capacity or the knowledge
application capacity, promotes the user’s innovative
contribution behavior. Although both proactive and
responsive contributions of users can contribute to
the improvement of innovation performance, as a
crowdsourcing innovation community, the ultimate
purpose of community establishment is to obtain
users’ innovative ideas. Therefore, community
managers need to formulate strategies to improve
user’s knowledge absorptive capacity, encourage
enterprise personnel, core users, and other innovative entities to exchange knowledge with community
users, and create a good knowledge-sharing atmosphere, so as to enhance the overall knowledge absorptive capacity of community users and improve
the possibility of innovation contribution behavior
occurring.
(3) Pay attention to “knowledge porters,” increase the
degree of connectivity of the community’s knowledgesharing network, and reduce the possibility of missing
knowledge transmission. Users who often occupy a
large number of structural holes in the community
consider themselves as “knowledge porters” and
mainly act as intermediaries in the network. Such users
mainly make innovative and active contributions by

publishing posts of integrating heterogeneous knowledge. Although this action does not directly make
substantial innovations, it has continuously increased
the circulation of community information and the
attention of topics to promote more potential sources
of innovation to make real innovation [47]. Therefore,
the community needs to increase its attention to such
users, increase their rewards to ensure the activity of the
community, and increase the circulation of knowledge.

7. Limitation and Future Directions
Analyzing the inﬂuence relationship between users’ network
position and their crowdsourcing innovation contribution
behavior is of great signiﬁcance for guiding and motivating
the public to actively and continuously participate in
crowdsourcing innovation and improving the performance
of crowdsourcing innovation. This paper combines social
network theory and the individual mindset to introduce
knowledge absorptive capacity into the relationship model
of the user’s network position and crowdsourcing innovation contribution behavior, thereby constructing a complete
path of “knowledge supply-knowledge acquisition-knowledge application-knowledge output.” And trying to open
the “relationship black box” between the user’s network
position and their crowdsourced innovation contribution
behavior, the empirical test is carried out with the relevant
data of the MIUI community. The study provides that the
user at the center of the network is more likely to contribute. The user’s knowledge absorption capacity helps to
stimulate the crowdsourcing innovation contribution
behavior. The stronger the user’s knowledge absorption
capacity, the higher the possibility of users transforming
the network position advantages into an innovative contribution behavior. The research provides a theoretical
basis for an in-depth understanding of the inﬂuence relationship between the user’s network position and their
crowdsourcing innovation contribution behavior. Also, it
provides a reference for enterprises to carry out practical
crowdsourcing innovation community governance and
improve innovation performance.
The study also has the following shortcomings: the
relevant data only come from the “Developer Communication” section of the MIUI community, which mainly
considers that this section has strong crowdsourcing innovation characteristics. And experimental data do not
cover other crowdsourcing innovation virtual communities.
To a certain extent, it aﬀects the universality of research
conclusions. In addition, the data used in this article are
cross-sectional data, and more strict causality exploration
needs to collect longitudinal data to test.

Data Availability
The “Developer Communication” section (http://xiaomi.cn/
board/558495) of the MIUI community is the main section
for the communication between community users, the
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development team, and developers. Using the web crawler
collector (Octopus version 7.5.4), the relevant data of the
participating users of the “Essence Posts” are obtained from
January 2014 to September 2019.
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