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A B S T R A C T

University-industry innovation networks (UIINs) are important agents of innovation, as they bring together the
unique profiles of higher education and industry partners. Knowledge growth in these networks does not happen
automatically. We analyze the impact of network density and heterogeneity on knowledge growth in UIINs.
Knowledge grows through knowledge transfer, spillover, and knowledge innovation. Knowledge growth is a
function of each agent's initial knowledge level, network density, and agent heterogeneity. To analyze these
correlates of knowledge growth, we use a knowledge growth model based on multiple agents and simulate
knowledge growth in a UIIN. Our results show that network density positively influences knowledge growth.
Initially, this positive impact increases and then disappears with a further increase in network density. We also
find that heterogeneity moderates the relationship between density and knowledge growth. Through the positive
moderating effect of its impact on knowledge innovation, it promotes new knowledge generation in the entire
innovation network, thus providing a basis for subsequent knowledge transfer. Our study supports and enriches
the contingency view of knowledge growth in innovation networks.

1. Introduction

Modern society is a knowledge society in which the use and pro-
duction of knowledge have become the core resources (Jansen, 2017).
Networks external to the industry have become an essential source of
knowledge as a key input to innovation (Gao et al., 2015; Roper et al.,
2017). Vital partners in these networks are universities, given that a
core part of their mission is to create and disseminate knowledge
(Fischer et al., 2019). University-industry innovation networks (UIINs)
promote innovation (Perkmann and Walsh, 2007; Walsh et al., 2016),
and play an important role in driving innovation through knowledge
growth (Pekkarinen and Harmaakorpi, 2006).

Knowledge growth in a UIIN is equal to the sum of knowledge
growth in all network members, and the knowledge of every actor can
increase by two means: knowledge innovation and receiving new
knowledge from others (Breschi and Malerba, 2005). Through innova-
tion networks, information can be aggregated and made available to
network actors (Cohen and Levinthal, 1990; Dyer and Nobeoka, 2000).
Furthermore, innovation networks reinforce cooperation and exchange

between actors, improve efficiency and depth of their communication,
thus facilitating knowledge transfer (Xie et al., 2016) and knowledge
creation (Liu et al., 2014; Liu and Xia, 2015; Nieves and Osorio, 2013).

The network structure has an impact on knowledge growth. In this
regard, density is a key property of networks (Luo et al., 2015). Net-
work density is the ratio of the number of existing direct links to the
number of all possible direct links in the network (Gilsing and
Nooteboom, 2005). Studies concerning the influence of network density
on the growth of network knowledge have produced inconsistent re-
sults (Todo et al., 2016). Some results show that a dense network is
favorable to knowledge transfer and knowledge innovation (Dyer and
Nobeoka, 2000; Van Hemert, Nijkamp, and Masurel, 2013). Others
claim that a sparse network structure is of greater help to actors in
acquiring heterogeneous knowledge and in innovating (McEvily and
Zaheer, 1999; Ronald, 1992). In short, there is no universal answer to
the kind of network structure that can most effectively promote in-
novation (Nieves and Osorio, 2013).

Whether network density affects innovation positively or negatively
may depend on the contexts (Phelps et al., 2012). For example, the
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types of actor involved in innovation networks influence networked
innovation (Corsaro et al., 2012). Here, the ‘Triple Helix model’ shows
the influence of heterogeneity among public, private, and academic
actors on knowledge transfer (Etzkowitz and Leydesdorff, 2000). The
benefits of the network can be maximized when firms establish links
with different types of partners (Todo et al., 2016). Phelps (2010) be-
lieves that the coexistence of network density and heterogeneity can
bring benefits to innovation. Hence, heterogeneity plays an important
role in the impact of network density on innovation (Meagher and
Rogers, 2004).

Although some studies focus on the role of heterogeneity in in-
novation networks (Corsaro et al., 2012), studies into the joint effect of
density and heterogeneity on knowledge growth in a UIIN are scarce.
Research has paid greater attention to the individual- and relationship
level of a UIIN (Perkmann et al., 2013), to the role of the university-
industry relationship (Perkmann and Walsh, 2007), to the motivation
and behavior of participants (Siegel et al., 2003), to the impact on
participants (Perkmann and Walsh, 2009), and to the decision-making
mechanism of participants (Laursen et al., 2011).

Previous studies lack network-level research into knowledge growth
in a UIIN with fixed boundaries and dozens of participants. Those are
common types, such as the Industrial Technology Innovation Strategic
Alliance in China (Qing et al., 2012) and R&D consortia in the United
States and Japan (Aldrich and Sasaki, 1995; Nishimura and
Okamuro, 2015). This paper analyzes whether and how network den-
sity and the heterogeneity context influence knowledge growth in
UIINs. This research study uses agent-based modeling (ABM). Specifi-
cally, we establish an agent-based collaborative innovation knowledge
growth model. We use the NetLogo simulation platform to analyze the
relationship between network density, heterogeneity, and knowledge
growth in a UIIN. The findings based on the simulation show the joint
effects of network and heterogeneity on knowledge growth.

2. Theoretical background

2.1. Network density

Network density influences UIIN knowledge growth in several ways.
First, a low degree of network density hinders knowledge transfer and
innovation in UIINs. A small number of links lead to a low degree of
knowledge transmission and absorption capacity of the network. This
then inhibits knowledge distribution and transfer (Burt, 2001). When
the interests between actors are not aligned, a low degree of density
network is a handicap when resources need to be coordinated and
mobilized quickly (Koka and Prescott, 2008). Moreover, a network with
a low degree of density lacks the close connections needed to facilitate
in-depth cooperation, and it lacks the interaction that facilitates a deep
understanding of an enterprise's boundary knowledge. As a result, the
transfer of tacit knowledge is impeded (Padula, 2008). A small number
of links result in information asymmetry. Information asymmetry fa-
cilitates opportunism, which undermines trust and lessens an actor's
willingness to transfer complex tacit knowledge. Also, a small number
of channels for knowledge transmission keep the exchange and in-
tegration of knowledge within the network (Schilling and
Phelps, 2007).

Second, a high degree of network density promotes knowledge
diffusion (Reagans and McEvily, 2003). The higher the level of network
density, the more likely network members will interact and share
knowledge, especially tacit knowledge. Tacit knowledge is a key facil-
itator of knowledge creation (Nieves and Osorio, 2013). In a network
with a large number of connections, members can formulate sharing
rules and modes of joint conduct (Gnyawali and Madhavan, 2001). The
punishment effect from member misconduct is amplified and generates
a binding trust that acts as a deterrent (Gulati and Sytch, 2008). A high
degree of trust will further reduce opportunism within the network and
promote the transfer of knowledge – especially tacit knowledge

(Dyer and Nobeoka, 2000; Kogut, 2000). Additionally, frequent ex-
changes decrease knowledge differences among agents. A decrease in
knowledge differences facilitates knowledge transmission, absorption,
and integration improves the possibility and quality of knowledge in-
novation and promotes knowledge growth.

Finally, network density can be too high, negatively affecting
knowledge growth. A dense network's high cohesion and sharing of
standards may generate strong pressure on behavior to cohere
(Kraatz, 1998). Additionally, the normative environment brought about
by dense networks makes actors more inclined to cooperate with fa-
miliar partners. This creates a lock-in effect that excludes other actors
(Hipkin and Naudé, 2006), resulting in a homogenization of knowledge
within the network, and preventing active knowledge diffusion
(Todo et al., 2016). Alternatively, the cost of maintaining a large
number of existing links may deprive network actors of the ability to
nurture promising new partnerships (Gargiulo and Benassi, 2000). The
lock-in effect and homogenization of knowledge will create a closed
network with no new knowledge entering the network. This inhibits
knowledge innovation and transfer.

Therefore, the network density's impact on knowledge growth is the
result of the coming together of various factors such as route sharing,
mutual trust, the lock-in effect, and maintenance costs. Based on the
above arguments, we posit:
Hypothesis 1a. Knowledge growth increases with an increase in
network density.

Hypothesis 1b. The rate of knowledge growth decreases with an
increase in network density.

2.2. Heterogeneity

Two aspects define UIIN heterogeneity. First, there are different
types of knowledge. For instance, firms possess tacit knowledge related
to engineering, application, and commerce. Universities possess explicit
knowledge related to fundamental research. Heterogeneous knowledge
originates from actors’ different learning and growth experiences
(Dosi et al., 2001). Second, the types of actors behave differently
(Siegel et al., 2003). For example, firms seek to acquire the latest
knowledge and resources to achieve commercial value, while uni-
versities need to find cooperative firms that can commercialize their
knowledge. Thus, in innovation management, heterogeneous knowl-
edge from different sources is brought together (Sammarra and
Biggiero, 2008).

The essence of university-industry cooperation is that different ac-
tors cooperate to achieve complementary advantages for their re-
spective purposes (Bonaccorsi and Piccaluga, 1994; Mowery et al.,
1996). If actors were too similar, they could not acquire new knowledge
from each other (Berliant and Fujita, 2011). Moreover, when hetero-
geneous partners interact, knowledge innovation is likely to materialize
(Ivanova and Leydesdorff, 2014).

First, the greater the heterogeneity between the actors, the more
likely knowledge diffusion will occur with an increase in network
density. This increase in network density means that network actors are
exposed to knowledge from a greater number of actors (Meagher and
Rogers, 2004), but this access to knowledge does not guarantee that
they will assimilate this knowledge (Inkpen, 2000). The knowledge
demands of different categories or fields are constantly changing in
different stages of innovation (Kline and Rosenberg, 2010). Actors only
acquire those types of knowledge that they currently need for their
innovation processes (Sammarra and Biggiero, 2008). Thus, access to
heterogeneous actors is important for knowledge diffusion in the net-
work (Todo et al., 2016). Equally, being able to recognize and absorb
knowledge is a precondition for agents to acquire partners’ knowledge.
This ability is significantly affected by their prior knowledge and ex-
perience (Cohen and Levinthal, 1990; Szulanski, 1996). Therefore, the
network has greater heterogeneity; knowledge is easier to diffuse
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among actors with an increase in network density.
Second, heterogeneous knowledge is critical for innovation

(Nieves and Osorio, 2013). Network density can affect innovativeness
but only when there are heterogeneous firms, for it produces a strong
spillover effect, and this spillover effect has a positive aggregate ex-
ternality (Meagher and Rogers, 2004). The greater the heterogeneity of
the network, the more the actors will be willing to learn and to perform
R&D (Konno, 2016). New knowledge is more likely to be created if
members interact with and combine heterogeneous knowledge
(Moran and Ghoshal, 1999). Empirical studies support the positive link
between network heterogeneity and creativity and innovation
(Gronum et al., 2012; Lyytinen et al., 2016). Further, interactions
among actors with sets of heterogeneous knowledge create innovation
(Ivanova and Leydesdorff, 2014) through the recombination of het-
erogeneous knowledge.

Our line of reasoning argues that the relationship between network
density and knowledge growth in the UIIN is subject to the impact of
network heterogeneity. Based on these arguments, we hypothesize:
Hypothesis 2. Heterogeneity has a positive moderating effect
between network density and knowledge growth.

3. An agent-based knowledge growth model

3.1. Agent-based modeling and simulation

Agent-based modeling and simulation (ABM) is a ‘bottom-up’ ap-
proach that creates the overall attributes of the system, or ‘macro-
emergence’ (Green, 2001), by integrating each agent's micro behavior
into a complex system. ABM analyzes realistic scenarios, supports
management decision making, and is used to support policy re-
commendations (Kiesling et al., 2012). Moreover, it is well suited to the
analysis of heterogeneous populations or heterogeneous and complex
interaction topologies (Garcia, 2005; Rahmandad and Sterman, 2008).
As a social system, a UIIN contains heterogeneous individual actors and
complex interactions, and it is well suited to be analyzed by ABM
(Bohlmann et al., 2010).

In studying the impact of network density and heterogeneity on
knowledge growth in a UIIN, empirical approaches have their draw-
backs. First of all, compared to other methods, a key strength of ABM is
that it overcomes the homogeneity assumption of the traditional ag-
gregate diffusion model (Kiesling et al., 2012). Using ABM can readily
include heterogeneity in individual attributes and the network structure
of their interactions, and it can capture feedback effects
(Rahmandad and Sterman, 2008). Secondly, it is hard to collect such
data, including complete network density scenarios (network density
values from 0 to 1), when we use more objective measures such as the
sampling survey method. ABM facilitates different types of the network
for modeling purposes (Garcia, 2005). Finally, it is difficult to satisfy
the needs of personnel and resources when investigating and measuring
the network density of a large number of UIINs.

3.2. Measurement

The dependent variable is knowledge growth. Knowledge growth is
additional knowledge in the network following an iteration of the si-
mulation. Knowledge growth arises from the knowledge innovation of
participants and the diffusion of knowledge among participants.

The independent variable in this study is network density. Network
density is defined as the proportion of possible links to all potential
links in a network. We assume network relationships are un-
differentiated, and all connecting lines are unidirectional. Under these
assumptions, network density is netD (with L indicating the existing
lines in the UIIN, and N indicating the number of innovative agents):

= =
−

netD L
C

L
N N

2
( 1)N

2 (1)

The moderator variable is network heterogeneity — innovative
agents’ knowledge-level indexes in n different fields. In our model, the
knowledge fields are research, development, production, and mar-
keting. These are defined as follows in the study: = …⋯K k k k{ , , }n1 2, ,
with K being the set that contains an innovative agent's knowledge level
indexed in n different fields. Each field contains explicit and implicit
knowledge, or = + = …⋯k k k i n, ( 1, 2, ,i i i1 2 , where ki1 represents the
explicit knowledge of innovative agents in the ith field and ki2 re-
presents the implicit knowledge of innovative agents in the ith field.

The distribution of innovative agents’ knowledge fields and their
knowledge differences in each field explain knowledge heterogeneity.
We define the UIIN's heterogeneity in the ith knowledge field with the
standard difference D(t)i to indicate the knowledge level indexes of
different innovative agents in the same knowledge field:
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Where n refers to the total number of all agents’ knowledge fields, D
(t)k is the knowledge difference of the kst knowledge level index after t
knowledge-transfer cycles; K t( )i

p is the knowledge level index of the pst

innovative agent in the i field; and K t( )i is the average level of
knowledge level indexes of n innovative agents in the ith field after t
times knowledge-transfer and knowledge-innovation cycles. The entire
collaborative innovation network's heterogeneity at time t is (n refers to
the total number of all agents’ knowledge fields):
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3.3. Model assumption

We assume two types of innovation agents, universities, and com-
panies. Universities cooperate with companies to commercialize in-
novation. Companies are the primary agents in commercializing in-
novation. Lines among the nodes indicate cooperation among agents.
The following assumptions simplify the model and reinforce the simu-
lation's reliability:

• Assumption 1: The number of network members is fixed. No agents
enter or leave the network.

• Assumption 2: If two agents are directly linked, namely in a level
one neighborhood, their link strength is assumed as Linkstrong. If their
link is realized through other agents, namely in a level two neigh-
borhood, their link strength is assumed as Linkmedium. If their link
requires two or more intermediary nodes, their link strength is as-
sumed as Linkweak (Linkstrong>Linkmedium>Linkweak).

3.4. Description of the model

Based on the model's assumptions, we refined the ABM with inter-
action rules and processes among its agents. The interaction rules in-
clude search rules, transfer rules, spillover rules, and innovation rules
(see Fig. 1 for the interaction process).

3.4.1. Search rules
Agents will search for transfer objects (in this case, knowledge)

according to established rules rather than through blind searches. These
are local and global search rules (Phlippen, 2008). Local search means
that agents search knowledge from others to whom they are closely
linked (level one neighbors). Global search refers to agents seeking
knowledge from more distant network members.

The agents first judge their knowledge needs. Firms and universities
have different knowledge needs (Siegel et al., 2003). Firms identify
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fields in which they have the lowest knowledge levels; they then search
for suitable knowledge sources by link strength to enhance their
knowledge stock in the field. Universities identify fields in which they
have the highest knowledge levels. They search for knowledge sources to
enhance their knowledge stock in these fields.

Knowledge sources should meet the following conditions: (1) they
should be able to provide knowledge seekers with knowledge in the
most needed field; (2) the knowledge difference between sources and
receptors should be small enough so that the receptors can absorb the
knowledge (Zhang et al., 2018); and (3) they should be willing to dif-
fuse knowledge among knowledge receptors. The willingness condition
refers to the fact that, when the ratio of knowledge seekers to knowl-
edge sources in a particular knowledge field is above 0.95, knowledge
sources stop diffusing knowledge in the field to knowledge seekers in
order to protect their knowledge and to maintain their advantage
(Zhang et al., 2018).

3.4.2. Transfer rules
According to the knowledge holder's intention – or lack thereof – to

exchange knowledge, knowledge diffuses via knowledge transfer and
knowledge spillover (Fallah and Ibrahim, 2004). Implicit knowledge
and explicit knowledge transfer differently; explicit knowledge trans-
fers through language, and implicit knowledge diffuses through linked
learning (Wang and Li, 2002). Language transfer refers to the process of
knowledge transfer when sources and receptors have a common

language foundation, where the sources make use of the common lan-
guage to modulate, and the receptors receive the modulated informa-
tion and then carry on the demodulation (Wang and Li, 2002). When
there is no common language foundation between sources and re-
ceptors, the receptors cannot support demodulation through a common
language foundation, so they can only transfer knowledge through
linked learning (Wang and Li, 2002).

For both types of transfer, the levels of knowledge from source i and
receptor j after knowledge transfer is (Cowan and Jonard, 2004):

⎧
⎨⎩

+ =

+ = + −
= …⋯

≠ = …⋯ =

k t k t

k t k t α β k t k t
p q N

p q i n j or

( 1) ( )

( 1) ( ) [ ( ) ( )]
, , 1, 2 , ,

; 1, 2, , ; 1 2

ij
p

ij
p

ij
q

ij
q

p q q p ij
p

ij
q

, ,

(4)

if αp, q expresses the transfer of knowledge source p to knowledge re-
ceptor q, and βp, q expresses the knowledge absorption capability of
knowledge receptor q to knowledge source p. Both αp, q and βp, q are
directly proportionate to the link strength between source p and re-
ceptor q without a loss of generality. We assume that =α β kLinkp q p q pq, ,
where k represents the efficiency of knowledge transfer and Linkpq re-
presents the link strength between agent p and agent q. Substitution
into the equation above results in:

Fig. 1. The process of model simulating.

C. Mao, et al. Technological Forecasting & Social Change xxx (xxxx) xxxx

4



⎧
⎨⎩

+ =

+ = + −
= …⋯

≠ = …⋯ =

k t k t

k t k t kLink k t k t
p q N

p q i n j or

( 1) ( )

( 1) ( ) [ ( ) ( )]
, , 1, 2 , ,

; 1, 2, , ; 1 2

ij
p

ij
p

ij
q

ij
q

pq ij
p

ij
q

(5)

Explicit knowledge differs from implicit knowledge in its transfer
mechanisms. Further, diffusing explicit knowledge will convey the
knowledge contained in the knowledge receptors themselves.
Therefore, when explicit knowledge diffuses, =k a t* k ( )i

p
1 , and when

implicit knowledge diffuses, k= b, and a>b.

3.4.3. Spillover rules
Knowledge spillover is the unintentional transmission of knowledge

to others beyond the intended boundary (Fallah and Ibrahim, 2004).
Knowledge spillover differs from knowledge transfer in several ways.
First, it only occurs between two directly linked agents because an in-
voluntary exchange caused by a direct link is a significant channel of
knowledge spillover. Second, it is unconscious and involuntary and
does not rely on search and selection rules. As long as both parties are
level one neighbors with differences in their knowledge potential,
knowledge spillover will occur, and in fields where sources have higher
knowledge levels than receptors.

If the explicit or implicit knowledge of innovative agent p is higher
than its direct neighboring innovative agent q in the ist field, the
knowledge spillover obtained is (with π1 representing the spillover
coefficient, and π1 << αβ):
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3.4.4. Innovation rules
When innovative agents’ knowledge stock and acquired external

knowledge exceed λ1 and λ2, knowledge innovation occurs. Setting the
critical value shows that innovation is a discrete process (Meagher and
Rogers, 2004). Without losing generality, the ist knowledge stock of
innovative agent q at time t is assumed as tk ( )i

p , and the diffusion of ist

knowledge with innovative p triggers knowledge innovation. The
change in the ist knowledge stock of innovative agent q is (with π2 re-
presenting the innovative coefficient):
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After such innovation, agents may exhibit differences in knowledge
potential from their neighbors, which serves as a prelude to a new
iteration of knowledge diffusion. Therefore, we conclude that knowl-
edge innovation and knowledge diffusion – which includes knowledge
transfer and spillover – jointly boost knowledge growth in the UIIN.

4. Simulation analysis

4.1. Model parameter setting

We need to control the size of the network since network density is
inversely related to network size (Gallardo-Gallardo et al., 2017). The
number of agents and the distribution between the university and in-
dustry agents are based on real-world data that reflect the average size
and distribution in Chinese UIIN networks (China Industry Technology
Innovation Strategic Alliance, http://www.citisa.org/). These networks
have an average of 33 agents, which result in a range of possible ties
from 1 to 528. Table 1 displays the set values and descriptions of the
simulation experiments’ parameters.

4.2. Results

The number of simulations is determined by combining network
densities (based on the tie ranges from 1 to 528) with three levels of
heterogeneity (high, intermediate, and low). This combination leads to
1584 simulations. We record the relationship between the change in
network density and the growth in collaborative innovation knowledge.
Thus, in the case of three different heterogeneities, we calculated si-
mulations with ties numbering from 1 to 528, meaning the network
density ranges from 0.0019 to 1.

Fig. 2 illustrates the relationship between knowledge growth and
network density. The results indicate that knowledge growth increases
with an increase in network density. The speed of the increase gradually
decelerates. Above a network density threshold (>0.25), knowledge
growth does not change when the network density becomes greater.

The level of network heterogeneity influences the relationship be-
tween network density and knowledge growth. For each level of het-
erogeneity (low, intermediate, high), a different random assignment
method was used to establish the innovative agents’ knowledge. The
initial value of Ki1 and Ki2 (implicit and explicit knowledge for different
knowledge fields) of agents are assigned by a fixed value plus a random
value. In simulations that model a low degree of heterogeneity, the
fixed value is 0.7, and the random value is a random number from zero
to 0.1. In simulations that model an intermediate degree of hetero-
geneity, the fixed value is 0.5, and the random value is a random
number from zero to 0.5. In simulations with a high degree of hetero-
geneity, the fixed value is 0.3, and the random value is a random
number from zero to 0.9. These assignments ensure that the initial
knowledge level of the network is the same in three kinds of different
heterogeneity, thus better reflecting the impact of heterogeneity. We
then simulated the impact of network densities (using a tie range from
one to 528) on knowledge growth under different levels of hetero-
geneity.

Fig. 3 illustrates the relationship between knowledge growth and
network densities under different levels of heterogeneity. First, under
all levels of heterogeneity, knowledge growth initially increases. It then
gradually stabilizes with increasing network density. Knowledge
growth under all levels of heterogeneity stabilizes at a network density
of approximately 0.25. Second, heterogeneity moderates the relation-
ship between network density and knowledge growth, and this effect is
especially evident at higher levels of heterogeneity. Third, when het-
erogeneity is high, knowledge growth is characterized not only by
larger values but also by larger fluctuations.

To further analyze the reasons behind the growth of knowledge in
UIINs, we examine the relationship between the number of knowledge
innovation and network densities under different levels of hetero-
geneity. Knowledge innovation brings not only a new knowledge in-
crement in itself but also provides new knowledge for the next round of
knowledge transfer in the entire network, thus promoting knowledge
growth throughout. Fig. 4 shows that the number of knowledge in-
novations in a UIIN when heterogeneity is high is much larger than
when heterogeneity is intermediate or low. When heterogeneity is high,
the number of knowledge innovations are high, and the fluctuation is
greater.

Combined with Fig. 3, we can see that, when heterogeneity is high,
with an increase in network density, knowledge growth and the number
of knowledge innovations have greater volatility while, when hetero-
geneity is intermediate or low, with an increase in network density, the
volatility of knowledge growth and the number of knowledge innova-
tions are small. This result shows that knowledge innovation plays an
important role in the process of knowledge growth in the network.

To sum up, this study analyzed the relationship between network
density and actor heterogeneity on knowledge growth. Innovative
agents join collaborative innovations to allow their respective ad-
vantages to complement each other by promoting the transfer of het-
erogeneous knowledge (Mowery et al., 1996). Ultimately, this results in
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knowledge growth throughout the entire UIIN.

5. Conclusion and discussion

5.1. Conclusion

Building on social network theory and the ABM method, we ex-
amined the role of network density and heterogeneity on knowledge
growth in a UIIN. We hypothesized that knowledge growth increases
with network density (hypothesis 1a) and that the rate of knowledge
growth decreases with an increase in network density (hypothesis 1b).
Our results support these hypotheses. We also found support for hy-
pothesis 2, where we posited that heterogeneity has a positive moder-
ating effect between network density and knowledge growth. This
paper demonstrates that heterogeneity moderates the relationship be-
tween network density and knowledge growth in UIINs. This conclusion
supports and enriches the contingency approach in innovative net-
works, and maintains that the role of network characteristics can only
be determined under particular contexts (Ahuja, 2000; Gilsing and
Nooteboom, 2005).

5.2. Theoretical implications

The theoretical implications for UIIN research are that different

levels of density and different levels of heterogeneity may help to ex-
plain the inconclusive findings of previous research on the impact of
network density on innovation.

First, when the level of network density becomes too high (above
0.25), then the rate of knowledge growth decreases. Some scholars
believe that a dense network is favorable to knowledge transfer and
knowledge innovation (Dyer and Nobeoka, 2000; Kogut, 2000). Others
claim that a sparse network structure has greater advantages in meeting
the needs of knowledge innovation (McEvily and Zaheer, 1999;
Ronald, 1992). Previous research may not have controlled for the
overall level of network density and may have failed to fully quantify all
scenarios in which network density ranges from the lowest (network
density = 0) to the highest (network density = 1). Those who have
sampled a sparse network may have detected a positive influence of an
increase in network density and knowledge growth. Those who have
sampled a dense network may have found no relationship between an
increase in network density and knowledge growth. We find that
knowledge growth increases with an increase in network density in a
UIIN; when the level of network density becomes too high (above 0.25),
the rate of knowledge growth decreases. This conclusion shows the
influence of network density on knowledge growth more completely
and is an effective supplement to existing research, thus enriching re-
lated innovation network studies.

Second, although there is a strong need to identify the effect of

Table 1
Setting of the 'model's parameters.

Parameter Symbol Set value Remarks

Number of innovative agents in the UIIN N 33 Based on real-world data
Number of enterprise innovative agents in the UIIN noe 22 Based on real-word data
Number of innovative university agents in the UIIN nou 11 Based on real-world data
Number of knowledge fields among all agents N 5 Creativity, research, development, production, and marketing
Spillover coefficient π1 0.01 Far smaller than the transfer coefficient
Link strength among Level 1 neighbors Linkstrong 1 Highest link strength
Link strength among Level 2 neighbors Linkmedium 0.75 Medium link strength
Link strength among global agents Linkweak 0.5 Lowest link strength
Maximum knowledge potential difference meeting absorption conditions kmax 0.7 Experience based (Zhang et al., 2018)
Speech modulation mechanism's learning efficiency A 0.5 Higher than linked learning mechanism
Linked learning mechanism's learning efficiency B 0.1 Lower than speech modulation mechanism
Minimum knowledge stock needed for knowledge innovation λ1 1.2 Experience-based
Minimum knowledge transfer needed for knowledge innovation λ2 0.1 Experience-based
Innovation coefficient π2 1 Set as a neutral constant

Fig. 2. Relationship between knowledge growth and network density.

C. Mao, et al. Technological Forecasting & Social Change xxx (xxxx) xxxx

6



network density on knowledge growth in a UIIN, few studies examine
the moderating effects of heterogeneity. Some scholars believe that too
dense networks produce homogeneous knowledge, while loose net-
works contain a large amount of heterogeneous knowledge (Burt, 2001;
Burt Ronald, 1992). However, in recent research, Guan and Liu (2016)
found that knowledge networks and collaboration networks are de-
coupled and have different aggregate impacts, influencing actors’ in-
novations in different ways. This paper demonstrates that heterogeneity
moderates the relationship between network density and knowledge
growth in a UIIN. This conclusion supports and enriches the con-
tingency approach in innovative networks, and holds that the role of

network characteristics can only be determined under particular con-
texts (Ahuja, 2000; Gilsing and Nooteboom, 2005).

5.3. Practical implications

This study's practical recommendations offer guidance for UIIN
management. First, managers should strive to promote interaction be-
tween participants in UIINs when the network density is low (less than
0.25). A low network density exists in new networks where the mem-
bers have not yet made many connections. For example, to solve some
common technical problems in some industries, to build a new

Fig. 3. Relationships between knowledge growth and network density under different levels of heterogeneity.

Fig. 4. Relationships between number of knowledge innovations and network density under different levels of heterogeneity.
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Industrial Technology Innovation Strategy Alliance, it is necessary for
managers to promote cooperation among participants. Alternatively, in
older networks where the interactions have become dormant, instru-
ments such as two-level network management provide UIIN managers
with the tools to enhance connections and align the interests of het-
erogeneous network participants (Cap et al., 2016).

Second, UIIN managers need to monitor the actors’ heterogeneity.
Since “birds of a feather flock together,” UIIN may become dominated
by one or the other type of actor. Such dominance is detrimental to
knowledge growth. Specifically, innovative participants in a UIIN
should shift their attention from close binary to extensive multi-nary
relationships. UIIN managers should ensure not only adequate hetero-
geneity within the collaborative innovation system but also a greater
increase in the transfer of knowledge and knowledge innovation if they
want to facilitate knowledge growth.

5.4. Limitations and future research directions

This study has some limitations. First, agent-based modeling is the
basis of this study. Although logic, literature, and empirical data pro-
vide the foundations of the simulation model, our conclusions may
warrant further empirical validation. Future research can strengthen
the relationship between the model and the knowledge growth of UIINs
in reality, combine agent-based modeling and simulation with case
studies, to better set the parameters and improve the persuasiveness of
research conclusions. Second, the study is confined to observing the
effects of network density and heterogeneity on knowledge growth and
does not analyze how the relationship between innovative agents im-
pacts this growth. There may be factors that cause the divergence in
knowledge growth under high heterogeneity in the collaborative re-
lationships among innovative agents. Further comprehensive research
could reveal a knowledge growth process in UIINs that is much more
substantial.
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