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Abstract: This paper proposes a double-layer coupled network model to analyze the multi-stage inno-
vation activities of online, and the model consists of two layers: the online layer, which represents the
virtual interactions among innovators, and the offline layer, which represents the physical interactions
among innovators. The model assumes that the innovation activities are influenced by both the online
and offline network structures, as well as the coupling effect between them. And it simulates the
entire innovation process including knowledge diffusion and knowledge recombination. The model
also incorporates the concept of network density, which measures the degree of network connectivity
and cohesion (network structure). Observing the network density influence on innovation efficiency
during the innovation process is realized through setting the selection mechanism and the knowledge
recombination mechanism. The coupling relationship between the two layers of network density on
the three stages of innovation is further discussed under the theoretical framework of the innovation
value chain. Simulation and experimental results suggest that when the offline network density is
constant, a higher online network density is not always better. When the online network density
is low, the sparse structure of the online network reduces innovation efficiency. When the online
network density is high, the structural redundancy caused by the tight network structure prevents
innovation efficiency from improving. The results of the study help enterprises to adjust and optimize
the internal cooperation network structure at different stages of innovation in order to maximize its
effectiveness and improve the innovation efficiency of enterprises.

Keywords: online social media; double-layer coupled network; network density; multi-stage innovation
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1. Introduction

With the development of information technology, Online Social Media (OSM) has
enabled knowledge flow activities to a large extent, and organizations are witnessing yet
another revolution in their paradigm of knowledge flow [1]. More and more organizations
are adopting social and office software for online communication and work. Employees in
enterprises often share knowledge in an online manner through enterprise social media,
WeChat groups and other social networking platforms. Compared with offline face-to-face
communication, employees can communicate online across time, space and organizational
hierarchical barriers, more conveniently and with timely interaction [2]. Through online
communication, employees can share knowledge, information, and ideas with many
colleagues at the same time to conduct innovation activities [3–5] and form an online
cooperation network [6], However, some scholars have pointed out that for knowledge
that is more difficult to share, such as ideas and know-how, employees rely solely on online
communication, which is less efficient in terms of dissemination; additionally, in person
(offline) face-to-face direct communication is still needed to improve the performance
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of knowledge dissemination [7]. Nowadays, online and offline social networks are the
two main channels for members of an organization to exchange knowledge, and the
dissemination and innovation of knowledge in an organization is increasingly characterized
by the “interaction between online and offline” [8]. Furthermore, the innovation process is
evolving in switching and interacting between the two network platforms.

The online cooperative network, established through OSM, is coupled with the offline
cooperative network, which implies that the two still interact with each other despite
their independent structures. In particular, when one network forms a tight connection,
the tightness of the two networks will inevitably affect the tightness of the other. The
close-knit network of relationships formed among an organization’s employees is the
social capital that employees possess, and it is this particular social capital that supports
organizational innovation, change capacity, and knowledge integration in cooperation
networks [9]. Additionally, the tightness of the organization can laterally reflect the local
network characteristics [10]. Meanwhile, it has been shown that network characteristics
impose a significant impact on organizational innovation performance [11]. Therefore, with
online and offline cooperative networks coupled, it is necessary to explore the innovation
efficiency of organizations by using the tightness of cooperative networks (hereafter referred
to as network density), which both reflects the network characteristics and has an impact
on innovation performance. Furthermore, the need for network density at different stages
of innovation is dynamic, due to the differences in the main needs at different stages of
innovation. The impact of organizational cooperation network density on innovation
must not neglect the multi-stage differences in innovation and the multi-dimensional
characteristics of the network [12,13].

In this study, we introduce the coupling network method, then build a definite model
under the selection mechanism of knowledge flow and recombination. Through simulation
experiments, the effects of online network density, offline network density, and the den-
sity relationship between double-layer networks on innovation efficiency were explored,
where the innovation efficiency was measured by the number of knowledge owners and
the frequency of exchanges. The simulation results provide numerical support for the
integration of enterprise online cooperative network and offline cooperative network as
two knowledge communication channels for organizations, thereby revealing the effect of
OSM on innovation. The key contributions of this study are summarized as follows.

First, this study clarifies the realistic background of online cooperative networks
embedded in offline cooperative networks in the OSM context. According to the behavior of
members in the organization through OSM communication, an online–offline double-layer
coupling network model is constructed to simulate innovation behavior in the organization.

Second, differing from previous research models that only focus on the influence of
offline cooperative networks on innovation, our study analyzes the relationship between
online cooperative networks and offline cooperative networks and reveals their interaction.
By constructing a knowledge vector, our study extends the dimension of the knowledge
state based on the original research.

Third, by comparing the innovation efficiency of the online–offline double-layer cou-
pling network with different structural combinations, we explain the differences and causes
of innovation efficiency under different structural combinations. Based on the innovation
value chain theory, the promotion of innovation by online and offline cooperative networks
and their different functions at different stages are further explored from the multi-stage
perspective of innovation, and the relationship between the double-layer networks is
elaborated.

Based on social network theory and knowledge dissemination theory, this study con-
structs an online–offline double-layer coupled network model by combining the structure
and characteristics of the internal cooperation network of the organization, and proposes a
selection mechanism and a knowledge restructuring mechanism to study the mechanism
by which the double-layer cooperation network of the organization has an impact on the
innovation efficiency. These provide theoretical basis for the relevant subjects to optimize
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the organizational structure and improve the implementation measures of innovation
efficiency, expand the application of multi-layer network theory in innovation research,
enrich the research method of technological innovation, and further deepen the influence
of cooperative network structure on innovation efficiency.

The remainder of the paper is organized as follows. Section 2 provides a comparative
discussion of prior studies that are highly relevant to our study and presents the research
hypotheses of this paper. Section 3 introduces the appropriate notation and formulas to
accurately describe the decision model. Section 4 formulates the innovation process model
and the algorithm employed to derive the simulation results. Section 5 analyzes the results
of the numerical experiments and derives management insights. Section 6 summarizes the
conclusions and further recommendations of this study.

2. Materials and Methods

A social network is a collection of social members based on their relationships, which
can be formed spontaneously or naturally. The role of social networks is a necessary ele-
ment of research innovation, providing social members with different ways and means to
integrate and apply knowledge, thus promoting knowledge innovation. Social networks,
through their unique network structure, can effectively facilitate cooperation work between
groups [14]. In a social network, each individual can connect with any other individual,
forming a complex network structure. This network structure allows information to spread
quickly through the network, reducing the negative impact of most users hitching a ride
and not wanting to reciprocate [15], thus facilitating inter-group collaboration [16]. On-
line social networks are where members of a social network create and exchange content
through online social media, and since online social networks can be realized with the help
of convenient carriers, such as smartphones and computers, they can transmit information
to any member of the online social network, and this is a very important aspect of social
networking, such as for members in the online social network, which greatly reduces the
cost of information transfer. Face-to-face interactions in offline social networks help to build
and strengthen trust [17], build stronger teamwork and deeper personal relationships [18],
thus promoting better cooperation, integration and synergy among unaffiliated groups [15].
A study by Schötteler et al. suggests that online social networks facilitate communica-
tion, collaboration, and knowledge sharing among employees in an organization [19]. A
study by Pee et al. suggests that individual employees utilize online social networks to
cross traditional hierarchical boundaries or organizational departmental boundaries for
intra-team knowledge sharing, collaboration, or cross-organizational communication and
collaboration with extra team members to obtain more heterogeneous information [20].
Leonardi’s study found that employees can establish a good communication and collabora-
tion relationship with other members of the organization through online social networks,
and at the same time, in the context of the widespread use of digital concepts in the enter-
prise, online social networks provide an opportunity for employees to express their views.
Since the members of online social networks are all employees within the organization, the
information posted can resonate with members and enhance the sense of belonging [21].
Pillet and Carillo found that employees’ use of online social media positively contributes
to the organizational effectiveness of the organization, based on the data collected from a
large international IT services company that was one of the first in the world to undergo
a digital transformation. Online social media positively contributes to the formation of
member connectivity in an organization’s social network, and employees’ communication
habits are positively influenced by comparative advantage and perceived ease of use, while
comparative advantage positively affects the ability to share knowledge [22]. By exploring
the impact of social networks on the perceptions of speedy relationships and institutional
mechanisms, Chong et al.’s study found that speedy relationships built on interactivity and
presence in a social network strengthened member trust, which further increases members’
willingness to share [17]. Pollet et al. investigated the relationship between social networks,
network size, and emotional closeness in a sample of 117 individuals between the ages of
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18 and 63, and the experiment showed that individuals were emotionally closer to members
of offline social networks [18].

2.1. Online–Offline Cooperation Network Coupling
2.1.1. Online Social Media-Related Research

OSM is an Internet application based on Web 2.0 concepts and technologies. OSM
allows users to create and exchange content. This public social media allows information
to be delivered to any member using OSM with the help of more convenient carriers, such
as smartphones, etc. It greatly reduces the cost of information dissemination, and hence,
is rapidly gaining wide acceptance in the work scenario [23]. According to research, the
use of OSM facilitates communication, collaboration, knowledge sharing, and knowledge
diffusion among employees in enterprises [24].

The original OSM was for the public, that is, anyone could use it, for example, Face-
book, Twitter, etc. Employees can communicate with employees within the organization
through OSM. Some enterprises develop or customize OSM software for enterprise users
according to their own needs to support internal communication and collaboration [23]. As
for the definition of enterprise online social media, researchers generally agree with the
definition proposed by Leonardi: enterprise online social media is an integrated platform
that integrates many social media functions based on the Internet [25]. Organizations hope
to increase discussion among employees through enterprise online social media, promote
knowledge flow, stimulate employee innovation vitality, and add value to the organization.
A large number of studies have focused on the positive effects of using OSM [26]. However,
some studies exploring the relationship between OSM and innovation performance have
found that OSM does not always promote employees’ innovation performance and may
have some negative impact on it. According to the study [27], rules and standardization can
be powerful tools for promoting OSM within an organization, but overly strict policies limit
employees’ autonomous exploratory behaviors, which may lead to the stagnation of their
innovative behaviors. Therefore, while encouraging the use of OSM to promote innovation,
excessive and inappropriate use of OSM should be prevented, and the combination and
interaction between OSM and offline cooperation networks should be considered.

2.1.2. Offline Cooperation Networks Related Research

In recent years, scholars have extensively studied the concept of innovation from
the perspective of cooperative networks, where knowledge diffusion as a network-level
phenomenon is a necessary condition for innovation. Different aspects of knowledge trans-
mission within an organization have been studied, including the influence of both extrinsic
and intrinsic motivational drivers, where anticipated reciprocal relationships [11] and
interpersonal trust [28] contribute to developing favorable attitudes of members regarding
knowledge sharing behaviors. Social relationships are determinants of organizational mem-
bers’ attitudes toward knowledge seeking and knowledge sharing [11,29], and scholars
have developed a generic model by incorporating the degree of forgetting in the knowledge
dissemination process in complex networks; their simulation results indicate that different
network structures have different degrees of influence on knowledge dissemination and
diffusion [30]. Researchers focused on the topology of cooperative networks. Simulation
experiments with different network characteristics are conducted around offline cooper-
ation networks, and the experimental numerical results show that scale-free networks
are the most effective network structure for knowledge growth and diffusion [31]. The
connectivity of the content network between researchers was demonstrated to be con-
ducive to creative diffusion through a network-linking approach [32]. From a network
relational perspective, it is argued that weak relational connectivity provides access paths
to non-redundant knowledge on a non-redundant network structure, which allows for
stronger divergent thinking and thus facilitates the creation of ideas [33]. On this basis,
scholars further explore the relationship among network location, social capital, knowledge
transfer, and innovation ability [34], and considered the knowledge flow through offline
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cooperative network channels [35], but the perspective of the single-layer network has
certain limitations, multi-level and multi-dimensional discussion of knowledge flow in
different channels is ignored, and there is a lack of discussion on the relationship between
online and offline cooperation networks.

2.1.3. Online–Offline Cooperation Network Coupling: Implications for Organizational
Knowledge Communication

As OSM promotes employee communication within organizations, it also creates
new contacts among employees, which changes the original social network structure of
organizations to a certain extent. One scholar’s research focuses on how social media affects
the structure within organizations [36]. His research shows that the use of OSM creates a
complex organizational structure that is different from offline cooperative networks, and, at
the same time, the use of OSM increases the competitiveness of enterprises. The change in
organizational cooperation network structure brought by OSM is of practical significance,
because the understanding of cooperative network structure can help enterprises under-
stand the influence of social media degree on organizational performance, and it is the
interaction of social and technical factors, which determines users’ participation in OSM.
Online cooperative networks can provide a wider range of communication options [37]
and long-term cooperative relationships [9].

Different from stable member relationships in offline cooperative networks, members
in online cooperative networks are more flexible. The flexible structure enables employees
to transfer the main channels of communication from offline to online, forming a scene of
interactive coexistence of online and offline cooperation networks. Therefore, this paper
proposes that there is a coupling between online and offline cooperation networks and
that this coupling affects knowledge exchange within an organization. The relationship
between the two may be diverse and complex. The online network can either supplement
the offline cooperative network or replace the offline cooperative network under certain
conditions. At the same time, some innovative activities are naturally better suited to
online cooperation networks. Therefore, the coupling problem of double-layer networks is
very novel.

2.2. The Impact of Network Density on Innovation Efficiency
2.2.1. Network Density Reflects Network Structural Characteristics

Previous studies have focused on “hubs” in organizations, that is, key employees with
a lot of connections. Employees in such a central location are surrounded by enormous po-
tential for communication. However, the connection in the real organization is not only the
social links of users, but also highly related to the actual communication activities of users,
that is, the exchange of information. Previous research has highlighted the importance
of user communication activities: “in the absence of communication activities, regardless
of the structure, the structural resources in the organization will remain dormant and
provide no benefits” [38]. This means that the network resources occupied by employees
are dormant when they do not communicate, so the centrality of employees does not affect
the knowledge exchange within the organization in real-time.

Current research also focuses on the network of users based on actual interaction. In
the network related to OSM, researchers point out that social capital within an organization
is constantly changing, not only through fixed social connections, but also through real-time
communication, which is often referred to as the dynamic network. Some of the characteris-
tics of organizational structure change dynamically, so it is difficult to accurately capture the
dynamic organizational structure data, and the impact of periodic organizational structure
change on innovation becomes difficult to describe. However, since the overall structure
within the organization will have a certain influence on the local structure, we can still
reflect the local characteristics of nodes in the organization on the side through the tightness
of the organization. Some studies have shown that in more close-knit organizations, other
employees are more likely to connect with employees with high centrality, and it is easier



Mathematics 2024, 12, 337 6 of 25

to generate new center members [39]. Since it is easier to produce “central” employees in a
tight structure, and employees in a tight network may have a higher centrality, the study
on the degree of tightness of an organization may also reflect the centrality of nodes in
an organization. The sparse organization tends to have more structural holes and is less
prone to structural redundancy. Therefore, the measurement of the loose organizational
structure reflects the non-redundant structure in the organization. Exploring the influence
of organizational tightness on innovation efficiency and considering the possibility of
other structures in an organization does not ignore the network structure concerned in
previous studies.

2.2.2. The Impact of Network Density on Innovation Efficiency: The Double Edged Sword
of Social Capital

Research has shown that a closely connected cooperative network is an essential social
capital for employees [9]. The special social capital of employees supports innovation in co-
operation teams [40]. The amount of social capital owned by individuals in an organization
is closely related to the degree of connection among members of the organization. When
the degree of familiarity between employees is low, the connection between members is
loose and the communication between employees is correspondingly less. It is difficult for
organizations to achieve network sanctions through mutual constraints such as trust, which
increases the opportunism risk brought by information asymmetry and leads to employees’
reluctance to share their knowledge and information, further reducing the efficiency of
innovation [41]. With the increasingly frequent interaction among employees, members can
communicate with mutual friends to reduce the risks brought by information asymmetry
and reduce opportunistic behaviors within the organization, thus improving employees’
willingness to transfer complex silent knowledge related to core technologies. At the same
time, close member relations provide more diversified transmission paths for knowledge
transmission within the organization, expand the channels of knowledge transmission, and
further promote the flow of knowledge within the organization [42,43].

To sum up, the degree of organizational closeness has an important impact on innova-
tion performance, and the degree of closeness among organization members also reflects
the communication cost within the organization. To maintain social relations, employees
need to pay a certain amount of energy cost, and organizations with close members need to
pay more relationship costs than those with loose members. Previous studies have proved
that knowledge transmission is more efficient in tighter organizations than in loose organi-
zational structures. However, some studies have pointed out that the higher the investment,
the higher the return; if an organizational structure is too tight, it may hinder knowledge
transmission. When the organization’s social network is too dense, further improving the
connections among organization members will increase the cost of repeated management,
enhance the difficulty of information screening, accelerate the knowledge convergence
among nodes, and bring about the risk of relationship locking and behavioral consistency
pressure, which will hinder the knowledge diffusion and knowledge innovation of coopera-
tion research and development network. In the sparse enterprise social network, increasing
the network density can effectively promote the diffusion and knowledge innovation of
network tacit knowledge, help members to obtain rich and high-quality information, and
carry out in-depth understanding and development of complex knowledge in the network
to improve the lack of existing knowledge and technology.

2.2.3. Research Hypotheses on the Impact of Network Density on Innovation Efficiency

This study chooses the tightness of organizational structure as the main organiza-
tional structure variable for analysis and measures the tightness of connections among
organizational members through enterprise social network density to explore the influence
of organizational structure cost on innovation efficiency [44]. When the level of familiar-
ity between employees in an organization is low, there is less communication between
employees, which is manifested in low network density in cooperative networks. Less
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connection between members in the organization makes it difficult for mutual constraints,
such as trust, to work. A loose organizational structure attenuates the effect of network
sanction in the organization: employees are difficult to trust each other, and Shadow Spur
is reluctant to share the knowledge and information they possess, reducing the willingness
of employees to transfer complex knowledge involving core technology, thus impeding the
exchange and integration of critical knowledge in the organization. With the increasingly
frequent interaction among employees, members reduce the risk of information asymmetry
by communicating with mutual friends, thus curbing opportunistic behaviors such as “free
riding” within the organization. It provides a good information exchange environment
for the organization, thus improving the employees’ willingness to transfer complex tacit
knowledge related to core technologies [45]. The closeness of the connection between
members of an organization also reflects the communication cost within the organization.
To maintain social relations, employees need to pay a certain amount of energy costs.
Organizations with close members need to pay more relationship costs than those with
loose members.

The online cooperative network is different from the offline cooperative network due
to the use of OSM. Both online and offline cooperative networks will have an impact on the
communication of members, thus affecting the innovation efficiency of the organization.
Although the variation in the degree of tightness in the two networks may be the same, the
cost of the isomorphic two networks is different. For the online cooperative network with
the same structure and the offline cooperative network, the cost of constructing the online
cooperative network is much lower than that of the offline cooperative network with the
same structure because online communication is more convenient.

Based on the above demonstration, this study proposes hypotheses about the impact
of double-layer coupled networks on innovation efficiency:

Hypothesis 1 (H1). When the density of the online cooperation network is constant, the time
required for innovation shows a U-shaped change with the increase of offline cooperation network
density.

Hypothesis 2 (H2). When the density of the offline cooperation network is constant, the time
required for innovation shows a U-shaped change with the increase of online cooperation network
density.

2.3. Comparison of Research Methods

The process of innovation evolution is complex and subject to many uncertainties, and
there are two main existing approaches to portraying the process of innovation evolution,
one being an extreme, thick description of an in-depth case study analysis of a firm’s actual
situation. Bernstein and Singh, based on a multi-case study design of nine biotechnology
firms and one peak industry organization from Australia, proposed the intentional stage
process model as the backbone of the conceptual model and incorporated the dual mecha-
nisms of market pull and technology push into the model [46], which reveals the complex
causal processes involved in the innovation process, but cannot be easily generalized.

The other is a thin description of the results of sample survey-type studies, which are
more generalized, but are generally abstract studies regarding the mechanisms, processes,
events, or choices by which different types of variables interrelate and influence outcomes.
Most of the articles on sample survey type of research use two methods, one of which is
the traditional method using statistical models such as regression modeling or structural
equation modeling. Roper et al. conducted a questionnaire survey of a large group of
manufacturing firms in Ireland and Northern Ireland, and analyzed the recursive process
of knowledge acquisition, knowledge transformation, and knowledge utilization to form
an innovation value chain [47]. Chen and Guan introduced structural equation modeling
to study the non-sustainability and interdependence of causal effects during the innovation
production process, and investigated the operation mechanism of the innovation produc-
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tion process based on systemic thinking [48]. Another mathematical approach includes
differential equations as well as equilibrium and limiting behavior analyses. Guidolin and
Manfredi proposed a system of ordinary differential equations with a one-way stage and
a decision-making stage to describe the interactions between subjects in the diffusion of
innovations [49]. Liu and Liu constructed an evolutionary game model of the knowledge
transfer behavior of team members who have reciprocal preferences in the team’s innova-
tion activities, behavior in an evolutionary game model, and simulated the evolutionary
equilibrium strategies of the model under different parameter changes, analyzing equilib-
rium and limit behaviors from the perspective of behavioral economics, which extends the
mutual cooperation of knowledge teams [50]. However, these approaches do not formalize
the overall characteristics of how individual employee behaviors and decisions bring about
innovations during the innovation process, which occurs through the interactions between
individual employees; this formalization is particularly important.

Whereas the Agent-Based Modeling approach (hereafter referred to as ABM) is the
middle ground between thick description and thin description [51]. ABM reflects the perfor-
mance of the system as a whole by explicitly defining the microscopic features in a complex
system and utilizing a large number of interactions between microscopic subjects on the
basis of macroscopic features. Through ABM, the dynamic process of knowledge exchange
between individuals can be well modeled, and the information implied in the dynamic
interactions of individuals can be further explored, and the interactions between subjects
are not affected by external human operations, and are only related to the initial setup of
the system [52]. Therefore, the use of the ABM methodology can be more realistically and
intuitively modeled, and the overall changes of the system can be fully reflected, which can
lead to a more effective study of the innovation process. In conclusion, the modeling by
ABM in this study can effectively simulate the innovation process in the organization and
better characterize the behavioral characteristics of knowledge interaction among members,
thus exploring the internal mechanism of knowledge flow within the organization.

3. Methods

Innovation is accompanied by a combination of knowledge. As the innovation process
is affected by many factors, the success of innovation is also affected by many uncer-
tainties, for example, subject diversity (including subject knowledge diversity, subject
network location diversity, diversity of communication methods), subject intelligence ini-
tiative, and technical complexity [53]. The ABM can well simulate the dynamic process
of inter-individual knowledge exchange, and further explore the information implied in
the dynamic interaction of individuals, and the interaction between subjects is not affected
by external human operation, only related to the initial setting of the system, so the use
of ABM can provide a more realistic and intuitive modeling and fully reflect the overall
changes in the system, so as to more effectively study the innovation process [54].

3.1. Double-Layer Coupled Network

Employees of the enterprise have the opportunity to use corporate OSM for both
online communication and face-to-face offline communication, so all employees can appear
in any network; here, we define the double-layer coupled network model G = {Go, Gf},
where Go = {Vo, Eo} represents the online social network layer formed by employees
using enterprise social software, and Gf = {Vf, Ef} represents the offline cooperation
network formed by face-to-face communication among employees, where Vf in the offline
cooperative network is the set formed by all nodes, and Ef represents the set formed by
all connected edges in the network. Additionally, Vo represents all nodes in the online
cooperative network, and Eo represents all connected edges in the online cooperative
network. Some studies consider the situation where offline individuals do not participate in
online social networks due to factors such as not being able to access the Internet in time and
set up a network model for the situation where the nodes in the online and offline networks
are not identical, namely, Vo ̸=Vf. However, failure to participate does not imply never
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participating in online innovation activities, so our proposed model will make adjustments
to the mechanism of knowledge exchange in the node. Therefore, the nodes of the double-
layer network in the double-layer coupled network model in this paper are consistent. This
suggests that the set Vo =

{
Vo(1), Vo(2), . . . , Vo(No)

}
composed of all nodes in the online

social network is equal to the set Vf =
{

Vf(1), Vf(2), . . . , Vf(No)

}
of the replica in the offline

cooperative network, which represents the total number of nodes in the two networks in the
initial instance, respectively, whereas not all nodes participate in the communication during
the simulation. Eo =

{
e(Vc(i),Vc(j))

, Vo(i), Vo(j) ∈ Vo

}
represents a collection of connections

in an online cooperation network. Employees (subjects) are represented by nodes in
the network, and each employee participates in online and offline innovation activities
of the enterprise through online cooperation networks and offline cooperation networks.
Therefore, we can regard the complex system in which the subject participates in innovation
as a set of double-layer coupled networks. The framework diagram of a double-layer
coupled network is shown in Figure 1. As we all know, Google is a company known for
Its innovation, and its products and services cover a wide range of fields such as search
engine, cloud computing, and advertising technology. Within Google, there is an online
collaboration platform called “Google Docs”, which allows employees to edit and comment
on the same document in real time, no matter where they are. Google also encourages
face-to-face communication and collaboration. Their office environments are designed
to be very open to facilitate interaction between employees. They even have a tradition
known as “TGIF”, where every Friday all Google employees get together for face-to-face
interaction and discussion. At this time, the company’s employees have the opportunity
to use “Google Docs” online collaboration platform for online communication as well as
face-to-face offline communication, so all employees can be present in any network to
participate in innovative activities. This coupling of online and offline social networks
creates a powerful double-layered cooperative network within Google, which greatly
improves their innovation efficiency. Online platforms allow employees to collaborate
anytime, anywhere, while face-to-face interactions help build stronger teamwork and
deeper personal relationships. The coupling of online–offline networks allows Google to
generate and implement innovative ideas in a short period of time, thus maintaining its
leadership position in the global technology industry [55]. The nodes of the online and
offline collaboration network layers are identical because all employees in the company
participate in the online collaboration platform “Google Docs”, as well as in offline face-
to-face communication, and the nodes represent the company’s employees. The inner
edges of the layers represent the connections between employees through online or offline
communication. The inter-layer edges are connected only by each employee and his/her
copy in the other network layer. In a double-layer sub-network, weights and directions
are not even considered, so both online and offline cooperative networks are incapacitated
and un-directed. Since the number of face-to-face communication per unit time of each
employee at work is the same, it is assumed that the offline cooperation network is regular.
However, the number of employees communicating online is greatly influenced by their
work content. For example, some employees may need to communicate with colleagues
frequently concerning work-related content, while others may rarely need to communicate
with other colleagues. Therefore, it is assumed that the online cooperation network of
employees is random. In the experiment, the number of nodes in both networks was
N = 100. To further reveal the coupling relationship between the two networks, the number
of connected edges in the network will be adjusted according to the network density.
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Figure 1. Overall model design and framework of the multi-layer network model. The model contains
two sub-networks, online and offline, which correspond to two communication modes, respectively.

3.2. Selection and Recombination Mechanisms

Based on the idea that innovation is a process of searching, recombining, and selecting
knowledge of existing literature, we therefore construct an innovation model consisting of
two parts, namely (1) the selection mechanism, and (2) the recombination of knowledge.
Before providing the details of the model settings, we present a simple description of these
two parts of the model. The expressions of relevant parameters used in this research model
are shown in Table 1.

Table 1. Related parameters used in this experiment.

Parameters Definition

N1 The number of an online network subjects
N2 The number of an offline network subjects
L1 The number of edges in online network
L2 The number of edges in offline network

don
The density of online networks, which is expressed as

don = 2L1
N1(N1−1)

doff
The density of offline networks, which is expressed as

doff =
2L2

N2(N2−1)
λ Vector expression of knowledge, λi = (k1, k2, . . . , km)
k The value of a knowledge component in a knowledge vector
m The number of knowledge components in the knowledge vector
p Probability of communication between subjects

q The probability that the subject chooses online channels for
communication

1− q The probability that the subject chooses offline channels for
communication

α The probability of acquiring knowledge after communication
θ The coefficient of innovation achievement

N1 is the number of subjects in the online network, and N2 is the number of subjects
in the offline network. Technological innovation is often difficult to be accomplished
independently by one researcher, and often requires multiple subjects to collaborate with
each other to accomplish it. The communication methods of the subjects are also diversified.
In the digital age, the subjects can use online social media communication, then belong
to the subjects in the online network. At the same time, they can also use face-to-face
communication, which belongs to the subjects in the current network.
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L1 represents the number of connected edges actually measured in the online network.
L2 represents the number of connected edges actually measured in the offline network.
Reflects the number of interactions between subjects in the network, the more interactions
occur between subjects, the more edges are connected in the network.

d is the network density, which is the ratio between the actual number of edges and
the possible number of edges in the network, where “possible number of edges” refers
to the maximum number of edges that the network may have. don is the online network
density, and doff is the offline network density, and the value range is [0, 1]. The larger the
value of, the more closely the nodes are connected in the network.

λ is a knowledge vector that describes the knowledge level of the organization mem-
bers. The expression λi = (k1, k2, . . . , km) denotes that each subject i is assigned an m-
dimensional knowledge vector at the initial stage of the model, where the knowledge
vector is λ Each component in km (km ≽ 0) denotes the degree of the m-th knowledge in
the knowledge vector possessed by subject i. k on denotes the value of the knowledge
component in the knowledge vector when km = 0 indicates that subject i does not currently
possess the m-th kind of knowledge.

m is the number of knowledge components in the knowledge vector, and reflects the
richness of knowledge in the organization and the breadth of knowledge elements included
in the innovation. When the number of categories owned by the subject is small, the type of
knowledge in the organization is relatively homogeneous; when the number of knowledge
categories owned by the subject is too large, not only does it not correspond to the reality
of innovation activities, but also greatly increases the amount of calculations in simulation
experiments. Therefore, the number of categories owned by the subject m should not only
reflect the richness of knowledge in innovation, but also take into account the difficulty
of innovation.

p denotes the probability of communication between subjects, in reality it is not
necessary that all employees communicate online or offline at the same time, so this study
sets the communication probability. The communication probability allows a portion of
employees not to communicate in a time step, ensuring that the model is more in line with
the reality that members of an organization need to have a certain amount of time to digest
what they have learned. Also the communication probability allows the model to better
simulate innovation activities at multiple organizational scales.

q is the probability that the subject chooses the online channel for communication,
then 1− q is the probability that the subject chooses the offline channel for communication.
In order to prevent employee communication preferences from affecting the interaction
between the organization’s online and offline cooperation networks, this study does not set
the online communication preferences and offline communication preferences of employee
communication species, so the probability of employees using online communication and
offline communication is equal.

α for the probability of acquiring knowledge after communication, in the stochastic
network model, the probability of each subject acquiring knowledge depends on the
state of its neighbors. When the more neighbors a subject has, or the more subjects in
its neighbors who have already acquired knowledge, then the probability of this subject
acquiring knowledge will be larger. So, the size of the probability of acquiring knowledge
after exchange is related to the number of subjects in the network, the connected edges,
and the probability of exchange between subjects.

θ is the innovation outcome coefficient, which indicates the degree to which the
innovation has been completed, and when the innovation outcome coefficient is 1, it means
that the innovation has been produced.

3.2.1. Selection Mechanism

In the process of innovation, the subject will constantly acquire new knowledge to
improve their knowledge stock before realizing innovation. The major way to acquire
knowledge between subjects is communication, and every subject can only communicate
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with its neighbor in the network, so the structure of the network will influence the manner
and results of the subjects significantly. Since the subject’s energy is not infinite, it is difficult
for the subject to participate in offline and online innovation activities simultaneously. In
this study, we assume that the probability of subjects participating in innovation activities
via the online network is q, and the probability of subjects participating in innovation
activities via the offline network is 1−q. Each of the subjects possesses different knowledge,
and learns from each other in communications, making knowledge recombine.

3.2.2. Recombination of Knowledge

As pointed out by Frederik [45], not all new ideas are feasible, so there needs to be a
mechanism of recombination to filter the results that satisfy the environmental requirements.
The model assumes that the implementation of an innovation requires m different types
of knowledge. Initially, all knowledge is distributed among different innovation subjects
in the network. During the process of knowledge transmission and recombination, the
innovation subject will constantly acquire new knowledge to improve their knowledge
combination. Innovation occurs when a subject’s knowledge mix is consistent with the
knowledge mix required for innovation.

To model the above discussion, each node i is given an m-dimensional knowledge
vector λi = (k1, k2, . . . , km), each component of λ, km ≽ 0 represents the knowledge level of
the m-type knowledge possessed by the innovation subject i, when km = 0, it means node i
does not possess m-type knowledge at present. The level of knowledge possessed by nodes
in online and offline networks is synchronous in real-time, that is, when nodes acquire
knowledge of a certain dimension in online networks, they also acquire such knowledge in
offline networks immediately.

At the initial state, knowledge elements are randomly assigned to nodes in the network.
m nodes are randomly selected from N nodes (m < N), and the m nodes are set as follows:
select a dimension from the m-dimension vector of each node, then set the knowledge
content of this dimension as k and that of other dimensions as 0, make all m vectors linearly
independent, and the knowledge vectors of other N−m nodes as 0 vectors. The specific
explanation of the above settings is that at the beginning of the experiment, all kinds
of knowledge shall meet the technical opportunities that are distributed among different
subjects of the network, and m subjects have only one of the m kinds of different knowledge.
When m > N, the knowledge m-dimension required for innovation is greater than the
total number of network nodes N, and each knowledge vector is linearly independent,
which will lead to the lack of necessary knowledge elements in the network, which may
cause failure in the innovation. Therefore, the initial number of nodes with knowledge
elements m must satisfy m < N. At time T, each node preferentially selects an online or
offline communication mode, and then selects one of its adjacent idle nodes in the online
(offline) social network in turn for communication. In this model, there are mainly two
ways to communicate and acquire knowledge between nodes; the examples are presented
as follows.

λi = (1, 0, 1, 0) + λj = (1, 0, 1, 1)→ λ′i = (1, 0, 1, 1) + λ′ j = (1, 0, 1, 1) (1)

Equation (1) represents the situation where the corresponding knowledge vector
λi = (1, 0, 1, 0) of node i without knowledge of one dimension acquires knowledge elements
of this dimension after communicating with node j(λj = (1, 0, 1, 1)), thus possessing the
knowledge of that dimension [56].

λi = (1, 0, 1, 0) + λj = (1, 0, 3, 0)→ λ′i = (1, 0, 2, 0) + λ′ j = (1, 0, 3, 0) (2)

Equation (2) denotes that node i(λi = (1, 0, 1, 0)) has a deeper understanding of its
knowledge after communicating with node j(λj = (1, 0, 3, 0)), which is more professional
than node i; the value of this dimension in the knowledge vector corresponding to node i
has also been improved [57].
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3.2.3. Suspension Conditions

Since the energy of each subject energy is not infinite, it is assumed that nodes can
only discuss one topic (one knowledge dimension) each time they communicate on the
premise of non-generality. At each moment T, each node can communicate no more than
once. When no nodes in the network can communicate with each other, time T ends. In
the above process, knowledge flows through the network in the process of communication
between subjects, which enables subjects to increase their existing knowledge level while
acquiring new knowledge needed for innovation through the network. This is the process
of knowledge recombination. Assume the knowledge element required for innovation is
m-dimensional vector A = (k1, k2, . . . , km), the nodes in the network continuously com-
municate and learn from each other; when the knowledge vector of a node i in the network
becomes λi = (k1, k2, . . . , km) = A, innovation is generated. This is because the knowledge
vector of this node is consistent with the requirement of generating this innovation.

3.2.4. Model Simulation

Due to a certain degree of randomness of a single experiment, in order to network
the error generated by the randomness, 10 simulations of the innovation process under
each group parameter are carried out, and the average value of the 10 simulation results is
finally taken as the final data. The simulation process is as follows (Algorithm 1).

Step 1: Set the network model parameters and the initial knowledge vectors for
each node;

Step 2: Each node first chooses whether or not to communicate (communicate or not),
and if it chooses to communicate then it again chooses the method of this communication
(online or offline);

Step 3: Communicate with a random neighbor node but satisfy the knowledge diffu-
sion condition with the probability of α. Knowledge diffusion occurs and records the node
where knowledge diffusion occurs. When the condition is not satisfied, the knowledge
vectors of both parties do not change.

Step 4: Go to Step 2 until the first innovation appears in the network and record the
total number of hours to complete the innovation.

Step 5: Change the network parameters and repeat the experiment.

Algorithm 1 STVMD based on STFT (Note: Set different initialization according to different
situations).

1: Initialization: {λ1, λ2, . . . λm}, α, Gon = {N1, L1}, Goff = {N2, L2}
2: results← { }
3: repeat
4: G← Choose(Gon, G)
5: for n ∈ G do
6: if n /∈ results & Random( ) >= α then
7: m← Random(n.neighbor)
8: communicate(n, m, G, λn, λm)
9: Update λn, λm ←Max(λn, λm)

10: results.append(n, m)
11: end if
12: Update Gon
13: Update Goff
14: end for
15: until Sum(λGon) = N1

3.3. Variable-Network Density

The tightness of organizational structure can be obtained by measuring network
density. The density of a network refers to “the ratio between the actual number of edges
in the network and the possible number of edges”, whereas “the possible number of edges”
refers to the maximum number of edges that can be had in the network. The maximum
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number of edges that can exist in a network is equal to N(N− 1)/2 [58]. Therefore, the
density calculation formula can be expressed as:

D =
L

N(N− 1)/2
(3)

where L represents the number of connected edges measured in the network, and N is the
number of nodes in the network. The value range of network density D is [0, 1]. The larger
the network value is, the closer the relationship between nodes is. When the density is 1, it
means that all nodes in the network are closely connected. When the density value is 0, it
indicates that there is no connection between any two nodes in the network.

Density Relations for Double-Layer Coupled Networks

In multi-layer networks, the attributes of nodes are multidimensional and multi-
layered, and there is a hierarchical relationship between the layers of the network and
relationships, so describing the structural attributes through a single-layer network may
neglect the relationships between different layers. Therefore, this study introduces the con-
cept of a double-layer coupled network density relationship to explore the overall network
structure relationship between online and offline cooperative networks in order to better
understand the relationship between online–offline double-layer coupling networks. This
study starts from the network density calculation formula, and describes the relationship
between the two layers of the coupled network through the ratio of their densities:

V =
Don

Doff
=

Noff(Noff − 1)
Non(Non − 1)

× Lon

Loff
(4)

When the value of V is 0, it indicates that the online cooperative network does not
exist, and then the model is the offline single-layer network. When the V value is greater
than 0 but less than 1, it indicates that the online network exists, but the density of the
online network is less than the density of the offline cooperative network. At this time,
the structural resources in the offline cooperative network are richer, and the path of
knowledge flow between members is richer than that in the online cooperative network.
When the value of V is greater than 1, it means that the density of the online cooperation
network is greater than the density of offline cooperation network; at this time, the structure
of online cooperation network is more compact than the offline cooperation network.
According to the above discussion, at this time, the knowledge flow paths in the online
cooperative network are richer and more likely to produce more efficient paths than the
offline cooperative network.

This study measures the time step to finish innovation and the frequency of com-
munication during innovation. Innovation time is used to describe the total simulation
time step required by the organization to finish innovation, and the time step can be used
to reflect the innovation efficiency of our model. The communication frequency in the
innovation process is used to describe each communication in the simulation model, and
the communication frequency can be used to measure the total cost of innovation. Both
variables can be obtained directly from the simulation model.

3.4. Robustness Test

In this experiment, the initially assigned knowledge vector and innovation vector have
equal rank, the innovation could finish if communication reasonably occurs. When the
network is too sparse, the presence of isolated regions in the network makes the completion
of innovations difficult or outright avoidable. To prevent this from occurring in the model,
this study uses the backtracking search algorithms in distributed constraint satisfaction
problems to calculate the maximum time of the innovation process [59].
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3.4.1. Constraint Satisfaction Problem

The constraint satisfaction problem is the problem of finding assignments for all
variables that satisfy their constraint relationships with each other over a certain range of
values, consisting of the variables, the value domains of the variables, and the constraints
between the variables, which are the density ratios of a double-layer network.

Definition 1. (Constraint Satisfaction Problem) The constraint satisfaction problem can be formal-
ized as a constraint network, defined by the set of double-layer network density ratios, the set of
value domains for each double-layer network density ratio, and the set of constraint relationships
between the double-layer network density ratios, denoted as the triad (V, D, C), where:

V is the set of double-layer network density ratios {vi, . . . , vn};
D is the set of value domains of all double-layer network density ratios, and D = {D1, . . . , Dn},

Di are finite domains of all possible values of the double-layer network density ratio vi;
C is the set of constraint relations between the density ratios of the double-layer network

C = {C1, . . . , Cm}, where each constraint contains a subset of V, {vi, . . . , vn} and a constraint
relation R ⊆ Di × . . .× Dj.

The constraint satisfaction method is an efficient problem solving method that finds
an assignment for each double-layer network density ratio in its value domain such that all
constraints are satisfied.

Definition 2. (Solution of Constraint Satisfaction Problem) A solution of a constraint satisfaction
problem is a set of assignments to all the double-layer network density ratios in the problem that do
not violate any constraints. That is, a set of assignments to all double-layer network density ratios
S(vi, . . . , vn) = {d1 ∈ D1, . . . , dn ∈ Dn}, ∀Cr ∈ C have S

(
vri, . . . , vrj

)
=

{
dri, . . . , drj

}
∈ Rr.

3.4.2. Distributed Constraint Satisfaction Problem

The distributed constraint satisfaction problem is a constraint satisfaction problem in
which both the density ratio and constraints of a double-layer network are distributed among
different autonomous subjects (employees). Based on the definition of constraint satisfaction
problem, the distributed constraint satisfaction problem can be defined as follows:

Definition 3. (Distributed Constraint Satisfaction Problem) n subjects denoted as N1, N2, . . . , Nn,
m double-layer network density ratios as v1, v2 . . . , vm, m double-layer network density ratios in
the value domain of D1, D2 . . . , Dm, the constraints between the double-layer network density ratios
are still denoted by C; each subject has one or more double-layer network density ratios, and each
double-layer network density ratio vj belongs to a Ni denoted as belongs

(
vj, Ni

)
; constraints

between the double-layer network density ratios are distributed either within the subjects or between
the subjects when Nl knows the constraint relation Ck, denoted as Known(Ck, Nl).

Constraints distributed within subjects are called local constraints, while inter-subject
constraints are called global constraints; local constraints can be handled by the compu-
tation of the subjects, whereas global constraints require not only the computation of the
subjects, but also inter-subjects communication to handle them, thus requiring the following
communication model assumptions:

Assumption 1. Inter-subject communication is accomplished by passing messages to other subjects
when and only when one subject knows the address of the other.

Assumption 2. The delay in transmitting messages is random but finite, and the order in which
messages are received between any pair of subjects is the same as the order in which they are sent.

Assumption 3. Each subject knows only part of the information about the whole innovation.

Subjects in distributed constraint satisfaction are computational entities that comply
with cooperation mechanisms to perform decision-making behavior.
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Each subject is responsible for a number of double-layer network density ratios and
determines their values, since there are also intrinsic inter-subject constraints that must
be satisfied by the assignment. The formal definition of the solution to the distributed
constraint satisfaction problem is:

Definition 4. (Solution of Distributed Constraint Satisfaction Problem) A solution to a distributed
constraint satisfaction problem is found if and only if the following conditions are satisfied: ∀Ni, ∀vj
there exists a relation belongs

(
vj, Ni

)
, and ∀Ck, ∀Nl Known(Ck, Nl) are both Ck satisfied when

the assignment of vj to dj ∈ Dj. That is, at this point the assignment of all variables in the problem
satisfies all inter-subjective and intro-subjective constraints.

3.4.3. Backtracking Search Algorithms

The two basic ideas of the backtracking search method are introducing a minimum
conflict heuristic in order to reduce the risk of unfavorable assignments, and creating a
dynamically changeable priority order of the subjects so that unfavorable assignments can
be corrected without exhaustive search.

Because the knowledge vectors of the subjects endowed at the initial stage of the model
ground are linearly independent, the problem of studying the avoidance of the presence
of isolated regions in the network, which makes it difficult to complete the innovation,
can be understood as the problem of solving a chi-square linear equation, and since the
matrix formed by the knowledge vectors of the subjects and the innovation vectors are
equal-ranked, there is a solution to the model, i.e., the innovation can be achieved in
the organization.

The probability of two nodes communicating and acquiring knowledge is p. For a
knowledge vector with m-dimensions, the probability that all dimensions participate in

the communication (considering the longest innovation time) is p
m(m−1)

2 . The components
of each knowledge vector have k values, so there are km possible values in m-dimensions.
Therefore, the expected value of the node knowledge vector value that forms after commu-

nication is kmp
m(m−1)

2 . In the whole system, the probability of failing to reach innovation
after i check is pi−1(1− p). Therefore, for I checks, the communication frequency of each
node can be expressed in Equation (5):

m−1

∑
i=1

ipi−1(1− p) + (I− 1)pm−1 =
1−mpm−1 + (m− 1)pm

1− p
(5)

The expected communication frequency is equal to the number of nodes multiplied
by the frequency of communication performed by the nodes; the total communication
frequency required for the innovation process is the sum of the expected communication
frequency from 1 to I for the backtracking search process:

m

∑
i=1

1−mpm−1 + (m− 1)pm

1− p
k

m

p
m(m−1)

2 (6)

The dimension of the knowledge vector designed in this experiment is m = 10 (The
number of knowledge categories (m) held by the subject reflects the richness of knowledge
in the organization and the breadth of knowledge elements included in the innovation.
When m is small, there is just a single category in the organization; when m is large, it
not only corresponds to the reality of innovative activities, but also greatly increases the
computational volume of the simulation experiment. Therefore, in order to ensure that
this experiment can reflect the diversity of knowledge in innovation, set m = 10), and
the total number of nodes in the network N = 100 (A study states that the number of
employees in an organization should not exceed 150 and when the number is exceeded,
the organization will face disintegration [60]. Therefore, the number of network members
in this experiment is less than 150 people, and, at the same time, the network structure
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is needed to be measured in the subsequent calculations, so N = 100 is set to reduce
the amount of calculations in the subsequent analysis). The maximum communication
frequency calculated by backtracking search, according to Equation (6), is 4922. When the
communication frequency in the experiment is larger than this value, it indicates that there
is an isolated area in the network, which is an invalid experimental result.

4. Results

To verify the influence of the online cooperative network structure on the innovation
duration under the condition of ensuring the stability of the experiment, in Experiment 1,
keep the offline cooperation network density unchanged, and adjust the online cooperation
network density for the simulation experiment; In Experiment 2, the density of online
cooperation network was kept unchanged, and the density of offline cooperation network
was adjusted for the simulation experiment to meet the requirement of changing the
double-layer coupled network density in two ways. The values of the coupling density of
the double-layer network were 0.3, 0.6, 0.9, 1.2, 1.5, 1.8, 2.1, 2.4, 2.7, and 3.0 in ten cases.
Ten experiments were conducted under each density ratio, and the average value of the
ten experiments was taken as the analysis data. Similarly, when the influence of offline
cooperation network structure on innovation is verified, the structure of the cooperation
network on the control line only changes the structure of the offline cooperation network.
Ten experiments are conducted to obtain the experimental results.

According to the simulation results, the effect of network density on innovation time
is verified by stepwise regression. In the regression results, the correlation coefficients
between the quadratic term of the density ratio R of the double-layer coupled network and
the innovation time were 379.9 and 387.1, respectively, in Experiment 1 and Experiment
2, and were verified at the significance level of 1%, indicating that there was a positive
U-shaped relationship between the density ratio of the double-layer coupled network and
the innovation time. Therefore, the two hypotheses (H1, H2) proposed in this study have
been verified (Table 2).

Table 2. A stepwise regression model of network density on innovation times.

Variable
E1 E2

ln y1 ln y2

R −27.31 *** (−8.12) −27.83 *** (−7.72)
R2 379.9 *** (6.96) 387.1 *** (6.62)

cons 4.682 *** (102.01) 4.628 *** (94.11)
N 110 110

Note: *** indicates significant at the 1% significance level.

According to the results of the simulation experiment, the influence parameters on
the change of innovation efficiency caused by the change of online and offline cooperative
networks in Experiment 1 and Experiment 2 are similar. Although the effect of online
and offline cooperative network structure on innovation time is very close according to
the results of stepwise regression analysis, the cost of communication through the online
cooperative network is lower than that through offline communication, and members
who need to pay a huge cost to communicate offline may be easily realized through the
online cooperative network. At the same time, the convenience of communication through
online cooperative networks also reduces the sunk costs of communication to some extent.
Employees cannot obtain useful information in every communication each time. Compared
with face-to-face communication, OSM communication, to some extent, hedges the risk
that communication cannot bring useful knowledge.

The following results are obtained after simulating the innovation process of online–
offline networks under different density combination conditions. The total time to finish
innovation is the most intuitive indicator to reflect the speed of innovation. Due to the
difference in network structure, the frequency of subject communication in a time-step
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network is also different, so the total time step of innovation is also different under different
network structures. The simulation process will be used to explain the influence of network
structure in the innovation process. This study analyzes the characteristics of OSM partici-
pation in the innovation process, as shown in Figure 2. In the generation phase, the number
of knowledge owners in the organization is still very low, and it is difficult for knowledge
to be widely spread within the organization, so the communication in online and offline
networks is at a low level. The dense online network provides more opportunities for
employees to communicate; communication in the online network is more active during
this phase. The frequency of communication in both online and offline networks increases
synchronously over time. In the elaboration phase, the communication between online and
offline networks presents an obvious complementary relationship. The use of OSM makes
up for deficiencies in offline communication, and the communication between online and
offline networks changes alternately with time. When offline communication is sufficient,
online communication will not occupy the time of offline communication. At the same
time, when online communication is insufficient, online communication replenishes the
vacancy of communication. The apparent interaction between the two communication
modes fully demonstrates that the use of OSM complements and promotes the original
communication channels of an organization. In the championing phase, the frequency
of offline communication is higher than that of online communication, because offline
networks can provide more stable connections and necessary support for innovation. In
this phase, online communication is not ineffective, but provides a good guarantee and
auxiliary role for offline communication. In the last time step of the experiment, innovation
has been completed and the terminating condition is satisfied, so communication between
nodes no longer occurs.
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The process of innovation demands constant interaction among subjects. When the
online network has a low density, its structure becomes sparse, and subjects with knowledge
often cannot be contacted through the online network, which further results in a longer
time for innovation. As its density increases, the online network forms a closer coupling
relationship with the offline network, under which circumstance the subject can not only
contact an adjacent subject through the offline network, but also the distant one in reality
through the online network, which greatly accelerates the propagation speed of knowledge
within the organization. Therefore, we further analyze the impact of density coupling on
innovation in double-layer networks. Figure 3 shows the data obtained after several tests,
which reflects the variation trend of the total time steps of innovation caused by changes in
network structure. In Figure 3, the horizontal axis represents the ratio of online network
density to offline network density, the vertical axis represents the time step achieved by
innovation. It can be observed from Figure 3 that when the density ratio of the online–offline
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double-layer coupling network is less than 1.5, the time step of innovation consumption
decreases sharply with the increase of online network density. When the density value is
greater than 1.5, the innovation consumption time slowly rises with the increase of online
network density.
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In this experiment, the density ratio between the online network and offline network is
1.5, to which the total time consumed for innovation is the shortest. As the online network
further increases, its structure also becomes closer, which increase online network structure
and the increase of invalid communication. This is also the reason why the innovation
time step gradually increases when the density ratio of the online network to the offline
network is greater than 1.5. Although, a redundancy in the network may induce continuous
transmission of important knowledge elements in a cohesive subgroup, however, they
cannot reach the outside of the subgroup. This generates sufficient information benefits
while further reducing the efficiency of knowledge transmission in the network.

In this experiment, the minimum total time consumed by innovation is a 1.5 density
ratio of online network to offline network. In organizations, due to the different scales of
different organizations, the actual optimal density ratio may fluctuate under the influence
of the formed cooperative network scale. It is not feasible for organizations to adjust the
density of online or offline cooperation networks, but it can still strengthen innovative
behaviors at different stages through a series of activities. For example, in the generation
phase, organizations can increase the frequency of online meetings within the organization,
or organize external personnel’s lectures and other activities within the organization. New
activities can strengthen the original connection and form a new connection within the
organization. In the elaboration phase, offline knowledge exchange activities should be
advocated. Since both online and offline play an important role in this phase, employees
are likely to enter a dilemma of choice. Organizations should provide certain guidance to
employees’ activities to avoid employees from investing too much energy online or offline,
affecting their innovative behaviors. In the championing phase, offline activities should be
encouraged. One-to-one communication between leaders and members cannot only grasp
the needs of employees in the innovation process timely, but also provide help for their
innovation through their influence.

Nevertheless, the role of online–offline coupling networks may not be sufficiently
described merely by the time step of innovation completion. This study also acquired each
communication in the innovation process and made statistics on the total communication
frequency when the innovation was completed, in which the result is shown in Figure 4.
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The number of conversations to be finished reflects the total cost of innovation, in which
the number of communication in the online network reflects the cost of communication in
itself. Similarly, the number of communication in offline networks demonstrates the cost
of innovation. Based on the information presented in Figure 4, the following fact can be
derived: as the density ratio of online network to offline network increases, innovation
activities depend more heavily on online communication.
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In the process of knowledge diffusion, subjects cannot communicate with unknown
ones. Therefore, the increase in online network density suggests that when the number
of subjects in the network is definite, the number of connected edges in the network
increases accordingly, thereby increasing the number of adjacent subjects in the network. As
online network density increases, the amount of communication through online networks
increases during the process of innovation. Combined with the data obtained from the
experiment, the trend of total communication frequency when innovation is generated is
relatively stable. Therefore, we can understand that as the density ratio of online networks
and offline networks continues to increase, more offline communication activities are
transferred to online networks.

5. Discussion

Through the analysis of the results of the simulation experiment, this study verifies
the impact of online cooperation networks on innovation time. However, as the innovation
process is complex and phased, does online cooperation always play a role in promot-
ing it? This study analyzes the innovation process based on the multi-stage innovation
theory and hopes to provide suggestions for organizations to explore the use of OSM
decisions. Therefore, we follow Perry Smith’s idea [53], defining three phases from the
beginning to the achievement of innovation as the generation phase, elaboration phase,
and championing phase.

In the generation phase, creators generate many different ideas and then self-select one.
Importantly, the selected idea is merely a vague idea or core concept to be elaborated upon
in future phases. In this phase, it is not the mastery of knowledge that matters, but rather
the accumulation of new knowledge. To clearly show the phenomenon that employees
communicate through different networks, all the communication within a period is formed
as edges, as shown in Figure 5. The edges in the figure are the actual communication
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between nodes. Communication times are the number of all communications that occur
between agents. While individuals are in conversation, they cannot be working on other
tasks; communication times in the system reflects the opportunity cost of people’s time.
An online network structure will provide more chances for subjects to communicate with
others. New knowledge enhances the cognitive flexibility of the subject, which enables
uncommon associations between conceptually distant ideas.
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Figure 5. Communication on networks that takes place during a certain period time. (a) When t = 1,
the total number of communication times in the system (hereinafter we use “the value” to represent
the total number of communication times in the system) is 6; (b) When t = 4, the value is 34.

In the elaboration phase, creators systematically evaluate a novel idea’s potential and
then further clarify and develop the idea. Differing from the previous phase, developing
the idea needs to enhance the knowledge of different fields. Because of the specialized
nature of some of the knowledge, detailed conversations with experts in the field are
often required. Meanwhile, creators refine the idea by checking for inconsistencies and
making improvements in this phase. On the one hand, creators can communicate with
experts face-to-face through offline networks and learn the required knowledge. On the
other hand, they can revise their ideas by listening to their opinions widely through online
networks. Therefore, in this phase, communication in both networks soared, which is
shown in Figure 6.

In the championing phase, given that highly novel ideas have a high risk of rejection,
creators aim at obtaining approval to push the idea forward and, consequently, also obtain
money, time, or political cover. Strong ties are characterized by norms of reciprocity that
facilitate the exchange of favors and mutual support, and individuals through strong ties
are motivated to help and support each other’s initiatives. Moreover, by contributing strong
ties with subjects who own high influence, creators could increase their legitimacy stock
and help creators reduce perceived uncertainty by drawing on others’ behavioral cues.
Offline networks are easier to build strong connections, so it is not difficult to reveal the
fact from Figure 7 that communication in offline networks is more significant in this phase.
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6. Conclusions

In this paper, we establish an innovative simulation analysis model on a double-
layer coupled network. An online cooperative network differs from offline ones and is
characterized by a more flexible structure. By introducing the structure of the online
cooperative network, we investigate the impact of the double-layer network relationship
on innovation from the perspective of a multi-layer network. Furthermore, we set the
selection mechanism to simulate the process of internal knowledge diffusion in the process
of innovation. Different from previous studies which merely focused on a specific stage
in the innovation process, our proposed recombination mechanism makes the innovation
process in the model more complete. Our proposal lays the theoretical foundation in the
scope of innovation research from the social network perspective and further extends the
meaning of the multi-layer network coupling theory. It is of practical significance to guide
enterprises to adjust the structure of their online cooperation network and optimize the
internal cooperation relationship.

The online–offline double-layer coupling network with different coupling relations is
simulated, and the conclusions are defined as follows.

At the beginning of the innovation process, the generation phase, employees need
to contact new knowledge to expand their knowledge reserve and change their cognitive
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structure. Organizations could shorten the time cost of this stage by increasing the com-
munication between employees by using OSM, such as online meetings. Online meetings
offer many advantages such as flexibility, convenience, time, and cost savings, as well as
increasing opportunities for communication.

Different from the previous stage, when an idea is initially determined, extensive
knowledge is no longer important, and more precise and profound knowledge becomes
necessary. Face-to-face communication will be very helpful; while OSM solves the circum-
stances of absence, online communication has the same effect on knowledge enhancement.

The championing phase aimed at obtaining approval to push the idea forward. OSM
is no longer beneficial for obtaining relevant support. Instead, offline communication might
obtain influence and legitimacy. Influence is fundamental to protecting ideas from en-
croachment and criticism, removing obstacles to their acceptance, and persuading relevant
decision-makers to provide their approval and resources for implementation. In this phase,
organizations should promote offline communication instead of using OSM.

OSM is not always effective, but tighter networks do facilitate innovation. It is worth
noting that the closeness of online cooperative networks is not always better; the redun-
dancy of tight networks might reduce the efficiency of innovation. Under the network scale
simulated in this study, the optimal double-layer network density coupling relationship
does not represent all networks, because this coupling relationship may change with the
scale of networks.

This study proves the promoting effect of online cooperative networks on innovation
and explores the mechanism of the relationship between online cooperative network and
offline cooperative network density on innovation. The conclusions of this study facilitate
a better understanding of the coupling relationship in double-layer networks. The model
adopted in this study simulates the internal cooperative relationship of contemporary
enterprises well, and the online cooperative network extended by this model may have
further application in social structures.

Despite the above findings, our future interest will be focusing on collecting real
signed social network data to verify the effectiveness of several main conclusions obtained
in this study and other vital network structure indexes. The proposed model may also
be adaptive to other dynamic problems, involving, but not limited to, knowledge diffu-
sion in asymmetrical networks, and innovation in the case of inconsistent efficiency of
knowledge transmission.
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