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Abstract: Open innovation diffusion is of great significance to industrial transformation and up-
grading, forming an open innovation ecosystem based on the patent publication. However, patent
applicants contribute much knowledge to the public domain, and the communication channel, which
is network proximity, does not receive much attention. This study aimed to explore the key driving
factors of open innovation diffusion by constructing a theoretical framework that includes four
proximity dimensions in the context of a global industrial chain. By taking artificial intelligence for
healthcare as an example, this study applied the quadratic assignment procedure model to conduct
an empirical analysis with a sample containing 62 patent applicants. The empirical result verified
that the key drivers are from the proximity dimensions and the interactions. Technological proximity
plays the leading role in innovation diffusion, while organizational and temporal proximities play
secondary roles. In addition, the significant moderating effects suggest that the proximity dimen-
sions interact in innovation activities. Moreover, the proximity framework provides an overview of
innovation management and policy implication.

Keywords: open innovation diffusion; network proximity; technological proximity; quadratic
assignment procedure; artificial intelligence for healthcare; patent system

1. Introduction

The innovation flow and diffusion in the open framework of the patent system is of
great significance for industrial transformation. Within the system, the public information
channel among the patentees lays an essential foundation for learning advanced knowledge.
Although the patentees have fierce competitive relationships, it does not prevent obtaining
the released innovation achievements from the patent documents. For example, enterprises
exclude competitors from receiving competitive advantages through the patent layout by
disclosing the technical content as the corresponding price, promoting the development
of the whole industrial chain. The innovation diffusion process reflects the fact that
organizations commercialize patents in products or services. Especially for emerging
technologies, diffusion is one of the manifestations of innovation performance that provides
technical benefit and social welfare for the public.

The primary driving forces of open innovation evolution include permission-less
innovation, capital mobility, sharing economy, and platform tax [1]. Besides, the dynamics
also come from the interaction between local innovation activities and the international-
ization of the industrial chain [2]. Exploring the influence mechanism of the innovation
diffusion process is necessary for the open innovation system, which helps to understand
the dynamics that the technological innovation spreads to the public and avails to identify
a more convenient practice path transforming innovation into products or services.

Collaborative innovation, information sharing, or knowledge transfer depend on the
knowledge network. Likewise, innovation diffusion in an open innovation system is an
internal evolution process which has the property of network topology. Some studies have
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pointed out the proximity characteristics shown in organizational innovation [3,4], but the
proximity-influencing mechanism is still unclear for open innovation. Network proximity
contributes to the formation of the innovation ecosystem [5], thus supporting the diffusion
process of open innovation and promoting economic growth [6]. Moreover, emerging
technology has a more superior diffusion performance than traditional technology since the
knowledge exchange of technology innovation is more frequent. Following the COVID-19
outbreak, many emerging technologies have been rapidly applied and received widespread
public attention. For example, the application of artificial intelligence for healthcare has
brought practical assistance to disease diagnosis and drug exploitation, achieving the
efficiency and speed that traditional medical technology cannot match.

The above research background indicates the significance of open innovation diffusion
in the patent system and the potential support from the complex innovation network.
However, the prior research paid scant attention to network proximity, especially at the
level of innovative entities. Therefore, the research question proposed in this study is as
follows: How should policymakers guide the innovative entities to share innovation more
openly? In other words, what are the key driving factors of open innovation diffusion
among patent applicants? The theoretical basis comes from the proximity characteristics
of innovation activities which can explain collaboration and competition in an emerging
technological field. Moreover, the article aims to identify the key drivers of open innovation
diffusion, thus understanding the evolution route of open innovation that the study expects
to optimize innovation management and policy implementation.

The content of this study is arranged as follows: Section 1 is the introduction which
mainly presents the theory source and background of the research problem; Section 2 is
the literature review and hypotheses, compiling the existing studies and putting forward
the theoretical hypotheses; Section 3 is the methodology, introducing the empirical process
design and data source; Section 4 is the analysis results, mainly displaying the empirical
analysis for the proximity mechanism; Section 5 is the discussion and conclusions, showing
the primary contribution, management implications, and further research plan.

2. Literature Review and Hypotheses
2.1. Open Innovation Theory

The concept of open innovation has appeared in more and more studies on innovation
management in recent years. This type of innovation can form an innovation ecosystem [7],
which facilitates innovation cooperation among innovative entities [8]. Moreover, the bene-
fits brought by the innovation lie in the network effect of knowledge flow [9] that promotes
the application of new technologies, thus stimulating economic growth. Suh et al. (2019)
identified the brokerage patents based on the patent citation network and summarized
some essential characteristics of the open innovation model in an emerging industry [10].
Radziwon et al. (2019) discussed the open innovation mechanism in SMEs from the per-
spective of the innovation ecosystem, pointing out that organizational proximity is one of
the core elements for enterprises applying the ecosystem to protocol an open innovation
strategy [11].

The concept of proximity is embedded in open innovation and has received much
attention in recent research. Boschma (2005), a pioneer of the proximity theory, believes that
the multiple dimensions of economic geography presented the impacts on innovation [12].
The influence mechanism of proximity is complex, and the concept application has emerged
in many research fields. In addition to the technological and organizational proximity,
the previous studies discussed cognitive proximity [13], spatial proximity, and temporal
proximity [14]. However, Knoben et al. (2006) pointed out the conceptual confusion in
proximity theory development through a literature review. The paper summarized the core
proximity dimensions and corresponding definitions in the context of interorganizational
cooperation [15]. These studies imply that the proximity mechanism has pluralistic factors
that influence innovation diffusion. Most existing studies discuss which proximity dimen-
sion plays the crucial role in innovation activities. Balland (2012) explored the evolution
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process of the collaborative network from multiple proximity dimensions, and the results
show that geography, organization, and institution were the main driving factors [16]. In
this study, the open innovation activity is discussed in the context of the patent layout,
originating from the technological competence of the patentees. The patent layout is poten-
tially associated with technological proximity, spatial proximity, organizational proximity,
and temporal proximity.

As mentioned above, proximity is one of the driving forces for innovation ecosys-
tem formation and open innovation evolution. This feature is manifested in the practice
of industrial transformation [17] and enterprise innovation strategy. Patentees learn the
outbound knowledge from the patent system and improve the innovation capacity based
on the competitive or cooperative relationships constituted by the proximity dimensions.
Furthermore, patentees realize competitive advantage through re-innovation. Nestle et al.
(2019) found that trust and information asymmetries significantly influence open inno-
vation activities [18]. The asymmetric phenomenon showed that proximity is one of the
essential capabilities for innovation entities to achieve network embedding [19]. Multiple
entities could exchange information based on specific innovation activity correlations, form-
ing the spiral evolution of innovation [20]. Quinones et al. (2019) studied the university
technology transfer and believes that the disharmony between research and commercializa-
tion is one of the main factors that form obstacles [21]. Proximity performance determines
whether the entity can adapt to the external environment. In addition, proximity reduces
the uncertainty of entities in industrial strategic decision-making [22], thus promoting open
innovation diffusion.

In an overall view, open innovation diffusion is related to the factors of proximity
between the innovative entities. However, few researchers explored the influenced frame-
work of multiple proximity dimensions. Table 1 evaluated the current research trends of
open innovation diffusion and four related proximity factors for a deeper understanding.

Table 1. Summary of the related research progress.

Dimensions Main Research Progress Limitation

Open innovation diffusion

Innovation ecosystem formation [7,8,11]
Knowledge flow network [9,20]
Open innovation strategy [10,17,18]
Innovation proximity network [16,19]

Ignores the
combination of
multiple proximity
dimensions

Technological proximity Interregional innovation networks [23]
Moderating effect of spillover [24] Lacks a

comprehensive
explanation for the
interaction of multiple
proximities

Spatial proximity Weak proximity effect [25,26]
Influence on knowledge creation [27,28]

Organizational proximity Promotion effect of proximity [29,30]
Symbiosis relationship [31]

Temporal proximity Co-evolutional knowledge network [32]
Technology catchup [33]

2.2. Hypotheses Proposed
2.2.1. Technological Proximity

Technological proximity is one of the key topics discussed in the existing studies, es-
pecially in the collaborative innovation network. Corte (2018) explored the future research
possibility of open innovation through bibliometrics, such as the relationship between in-
novation and co-competition and the impact on competitive advantage [34]. Technological
proximity lays the foundation of collaboration for organizations with similar characteristics,
causing competition for living space and development environment. Letaifa et al. (2013) be-
lieves that exorbitant technological proximity would hinder innovation and entrepreneurial
performance, indicating how obstacles operate specifically from the dimension of geo-
graphical proximity [35]. These previous studies show that the influence of proximity on
innovation is positive in some situations, and the result can become negative after the
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change of conditions. Sun et al. (2017) argued that technological proximity plays a positive
role in evolving interregional technology-trading networks [23]. In the field of patents,
technological proximity is also emergent within the application. Similar organizations or
individuals collaborate in the R & D activity and jointly apply for patents, which leads to
more innovation diffusion [24]. The studies mentioned above indicate that although patent
rights restrict the competitors from acquiring innovative knowledge, the knowledge re-
leased by patentees stimulates further innovation. Based on this, the following hypothesis
is proposed:

Hypothesis 1 (H1). Technological proximity has a positive effect on open innovation diffusion.

2.2.2. Spatial Proximity

Spatial proximity is one of the critical dimensions of proximity, which is also known as
geographic proximity. Entities that are close to each other can exchange knowledge more
conveniently, thus facilitating innovation formation. Marrocu et al. (2013) studied regional
technology innovation and believes geographic proximity has a weaker effect on innovation
than technological proximity [25]. The spatially proximate regions tend to cooperate in
R & D activities, but the situation is reversed at the international level [36]. Besides, spatial
proximity presents relations to other proximity dimensions, which means moderating the
other dimensions. Capaldo et al. (2014) found that the impacts of geographic proximity
and organizational proximity on alliance innovation performance are interdependent [27].
Guan et al. (2016) argued that geographic proximity has no moderating effect on the
relationship between technological proximity and recombinative innovation [26]. For
multinational enterprises, the global patent layout strategy usually goes along with the
international trade activity since patents have the territorial scope of legal protection.
Protection of the exported products or services further strengthens the local application of
technology innovation. Furthermore, enterprises can access advanced knowledge from the
patent documents, thus reducing R & D costs and risks [28]. Based on this, we have the
following hypothesis:

Hypothesis 2 (H2). Spatial proximity has a positive effect on open innovation diffusion.

2.2.3. Organizational Proximity

An interorganizational knowledge network is essential for innovative entities to partic-
ipate in open innovation [37]. Open innovation diffusion depends on the network structure
of the knowledge flow, and organizational proximity is one of the driving factors affecting
the network structure. Cao et al. (2019) found that proximity factors promote the evolution
of innovation networks and enhance innovation capability through empirical analysis. The
results argued that organizational proximity plays the most critical role [29]. By discussing
the influence of power relations on proximity in collaborative innovation, Hansen et al.
(2017) believes that a specific power system could promote the learning of subordinates
from the superior organization [30]. Besides, the network topology of proximity is a popu-
lar way whereby organizational proximity affects innovation performance. Velenturf et al.
(2016) studied the industrial ecology based on proximity and identified the specific path to
realize the evolution of industrial symbiosis [31]. Ferras-Hernandez et al. (2018) studied
the relationship between enterprise innovation performance and proximity concentrating
on innovation activities, identifying the main factors that drive the industrial cluster’s
innovation transformation, including attraction, information, interaction, expectation, and
competition [38]. Therefore, the following hypothesis is proposed:

Hypothesis 3 (H3). Organizational proximity has a positive effect on open innovation diffusion.
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2.2.4. Temporal Proximity

Temporal proximity of the patent layout indicates that patentees implement the patent
strategy in a short time interval, which promotes the emergence of emerging technologies
and forms a prominent competitive relationship. However, this proximity dimension was
often ignored in the existing literature [39]. Only a few studies discussed the dynamic
evolution attribute of knowledge diffusion, which points out the limitations of the static
feature of the existing proximity theory. Balland et al. (2015) argued that static proximity
is challenging to enhance understanding knowledge network evolution, discussing the
coevolution state of a knowledge network and proximity from a dynamic perspective [32].
Lazzeretti et al. (2016) also studied the proximity problem of innovation networks dynami-
cally, and the conclusion indicated proximity influences the industry evolution through
the network structure [40]. As a unique one embedded in various dimensions, temporal
proximity is inseparable from other dimensions and promotes the technology catchup
process with the incumbents [33]. Menzel (2015) believes that dynamic proximity could
impact the proximity dimensions of cognition, network, and space [41]. The concentrated
distribution of patents over a period leads to the patent thicket, which poses a significant
obstacle for patent licensing. Therefore, this study proposes the following hypothesis:

Hypothesis 4 (H4). Temporal proximity has a negative effect on open innovation diffusion.

3. Methodology
3.1. Empirical Research Method

Since the purpose was to explore the influencing mechanism of proximity factors on
the innovation diffusion process, applying the data on relationships between the patent
applicants was necessary to perform the empirical analysis. The traditional empirical
analysis methods such as ordinary least squares and logistic regression usually fit the
sectional or panel data. Besides, these methods need to satisfy the strict assumptions,
which do not apply to the research problem of this paper. The quadratic assignment
procedure (QAP) is a suitable choice, which is an empirical research method for the
relational comparison of the matrix data, generally including correlation analysis and
regression analysis. Therefore, this study chooses the QAP methods to verify the proposed
research hypotheses. Moreover, Table 2 sets the empirical variables for the QAP model.

Table 2. Empirical variable setting.

Variables Name Connotation

Y Open innovation
diffusion

Patent citation relationship between the patent
applicants in a specific technology field

X1
Technological

proximity

Technical branch cooccurrence relationship between
the patent applicants: this study classified the
branches according to the international patent
classification (IPC) at the subgroup level, and the
corresponding values are from the IPC statistics

X2 Spatial proximity Patent jurisdiction cooccurrence relationship between
the patent applicants

X3
Organizational

proximity

Judgment matrix of organization similarity between
the patent applicants: the proximity in the matrix is
assigned the value of one if similar and zero if not
similar; the organization attributes include university
(or institution) and enterprise.

X4 Temporal proximity Timespan cooccurrence relationship between the
patent applicants

3.2. Data Source

The research data are from the patent information for artificial intelligence for health-
care. For further empirical analysis, the patent data were cleaned and transformed into
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relationship data. The study formulated the technological field-related patent retrieval
strategy, and the selected search keywords were from the official report “WIPO Technology
Trends 2019-Artificial Intelligence” (https://www.wipo.int/edocs/pubdocs/en/wipo_
pub_1055.pdf, accessed on 22 October 2020). We performed the retrieval process in the
Incopat database, and the retrieval timespan was 2000–2019. Besides, the patent search also
adopted the international patent classification (IPC) to avoid the noise data. Therefore, the
final patent retrieval code was as follows:

((TIABC = ((“artificial intelligen*” OR “natural language process*” OR “information
extrac*” OR “machine translat*” OR “natural language generat*” OR “semantics” OR
“machine learning” OR “image* recogn*” OR “computer vision” OR “scene understand*”
OR “speech recogn*” OR “cloud comput*” OR “pattern recogn*” OR “character recogn*”
OR “video recogn*” OR “supervised learn*” OR “unsupervised learn*” OR “reinforced
learn*” OR “multi-task learn*” OR “classification tree*” OR “regression tree*” OR “support
vector machine*” OR “artificial neural network*” OR “deep learn*” OR “logical learn*”
OR “relational learn*” OR “probabilistic graphical model*” OR “rule learn*” OR “instance-
based learni*” OR “latent representation” OR “bio-inspired approach*” OR “biometrics”
OR “recommend* system” OR “logic program*” OR “fuzzy logic” OR “probabilistic rea-
son*” OR “ontology engineer*” OR “search system”)) AND TIABC = ((medic* OR drug OR
diagnos* OR treatment OR health))) AND (IPC-LOW = (A61 OR G03 OR G16H OR G16B
OR G16C OR G21F OR G03B15/14 OR B82Y5 OR G03B42/02))) AND (AD = [20000101 TO
20191231]).

Through searching in the Incopat database, 6703 patents were obtained. Then, we
reprocessed the patent data to extract the relationships between the patent applicants. The
entities with more than nine patents regarded as the core players in artificial intelligence
for healthcare were filtered from the searched patents. Moreover, 62 patent applicants and
the corresponding patent information constitute the research sample. Finally, as mentioned
in Table 2, the research sample was transformed into the matrix data for the five variables.
The descriptive statistics of each variable are shown in Table 3.

Table 3. Descriptive statistics.

Y X1 X2 X3 X4

Mean 2.34 18.22 4.19 0.52 9.02
Standard
deviation 10.24 27.73 6.76 0.5 8.9

Sum 8838 68,908 15,848 1958 34,112
Variance 104.94 768.78 45.75 0.25 79.16

Minimum 0 0 0 0 0
Maximum 212 484 49 1 193
No. of obs. 3782 3782 3782 3782 3782

4. Empirical Analysis Results
4.1. QAP Correlation Analysis

The result of QAP correlation analysis is shown in Table 4, indicating that open
innovation diffusion is positively correlated with technological proximity, spatial proximity,
organizational proximity, and temporal proximity. There are also significant positive
correlations between the proximity dimensions. For technological proximity, the other three
proximity dimensions all have positive correlations. As for spatial proximity, organizational
proximity and temporal proximity have positive correlations. However, there was no
significant correlation between organizational proximity and temporal proximity. The
above correlation result shows that the four proximity dimensions all have a specific
impact on the diffusion of open innovation. However, there were also potential interactions
between the proximity dimensions since almost every proximity dimension is related
to another.

https://www.wipo.int/edocs/pubdocs/en/wipo_pub_1055.pdf
https://www.wipo.int/edocs/pubdocs/en/wipo_pub_1055.pdf
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Table 4. QAP correlation analysis result.

Y X1 X2 X3 X4

Y –

X1
0.845 ***
(0.000) –

X2
0.385 ***
(0.000)

0.403 ***
(0.000) –

X3
0.135 **
(0.002)

0.127 *
(0.015)

0.144 **
(0.003) –

X4
0.664 ***
(0.000)

0.822 ***
(0.000)

0.289 ***
(0.000)

0.070
(0.095) –

Note: ***, p < 0.001; **, p < 0.01; *, p < 0.05.

4.2. QAP Regression Result

Table 5 shows the result of the QAP regression analysis. Models 1–6 examined the
influence of every two proximity dimensions on innovation diffusion, respectively, while
model 7 tested the comprehensive influence of all the proximity dimensions. Table 5
presents the normalized regression coefficients, and the values in brackets are the corre-
sponding p-values. Therefore, the regression coefficients could observe the strength of
the effects and whether other effects existed. The regression result of model 7 indicated
that the proximity dimensions had different effects on innovation diffusion. Technological
proximity (β = 0.896, p = 0.000), spatial proximity (β = 0.047, p = 0.008), and organizational
proximity (β = 0.014, p = 0.160) had significant positive impacts on innovation diffusion.
Besides, temporal proximity (β = −0.087, p = 0.006) had a significant negative effect on
innovation diffusion. The regression coefficients of these proximity dimensions reflected
that the influence of technological proximity was the highest, followed by the other three
proximity dimensions. Thus, it can be concluded that technological proximity plays the
leading role in innovation diffusion.

Table 5. QAP regression result of proximity dimensions.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

X1
0.824 ***
(0.000)

0.843 ***
(0.000)

0.923 ***
(0.000)

0.896 ***
(0.000)

X2
0.053 **
(0.004)

0.377 ***
(0.000)

0.210 ***
(0.000)

0.047 **
(0.008)

X3
0.022

(0.074)
0.049

(0.065)
0.070 ***
(0.000)

0.014 *
(0.160)

X4
−0.094 *
(0.005)

0.603 ***
(0.000)

0.660 ***
(0.000)

−0.087 **
(0.006)

Intercept −3.543 −3.567 −2.892 −0.579 −5.262 −5.261 −3.238
R2 0.716 0.714 0.717 0.150 0.481 0.446 0.719

Note: ***, p < 0.001; **, p < 0.01; *, p < 0.05.

Table 6 shows the QAP regression result for further verifying the interaction between
every two proximity dimensions. Models 8–13, respectively, tested the interactive influ-
ence of every two proximity dimensions on innovation diffusion. Model 14 tested the
comprehensive influence on innovation diffusion, including the proximity dimensions and
their interactions. The regression result of model 14 showed that technological proximity
(β = 0.893, p = 0.000) and organizational proximity (β = 0.041, p = 0.005) still had significant
positive impacts on innovation diffusion. In contrast, temporal proximity (β = −0.083,
p = 0.010) still had a significant negative effect on innovation diffusion. It should be noted
that the impact of spatial proximity was insignificant in model 14. Through comparing
Tables 5 and 6, the empirical analysis results finally verified hypothesis 1, hypothesis 3, and
hypothesis 4 since the corresponding three dimensions presented significant influences.
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However, the insignificant effect of spatial proximity in Table 6 indicates that hypothesis 2
cannot be fully supported.

Table 6. QAP regression result of proximity interactions.

Variable Model 8 Model 9 Model
10

Model
11

Model
12

Model
13

Model
14

X1
0.758 ***
(0.000)

0.859 ***
(0.000)

0.929 ***
(0.000)

0.893 ***
(0.000)

X2
0.032 *
(0.038)

0.308 ***
(0.000)

0.135 ***
(0.000)

0.001
(0.431)

X3
0.029 *
(0.024)

−0.016
(0.259)

0.060 **
(0.003)

0.041 **
(0.005)

X4

−0.090
***

(0.001)

0.384 ***
(0.000)

0.636 ***
(0.000)

−0.083 **
(0.010)

X1 × X2
0.088 ***
(0.001)

0.186 ***
(0.000)

X1 × X3
−0.035 **

(0.010)
−0.092 *
(0.028)

X1 × X4
−0.011
(0.416)

−0.190 **
(0.003)

X2 × X3
0.191 ***
(0.000)

−0.056 *
(0.014)

X2 × X4
0.298 ***
(0.000)

0.068 *
(0.045)

X3 × X4
0.054 *
(0.016)

0.094 *
(0.012)

Intercept −3.482 −3.400 −2.909 −1.700 −4.933 −5.750 −3.519
R2 0.718 0.715 0.717 0.176 0.507 0.448 0.726

Note: ***, p < 0.001; **, p < 0.01; *, p < 0.05.

The regression result of the interactions also shows that there were moderating ef-
fects between proximity dimensions. Except that the interaction between technological
and temporal proximity was not significant, other interactions all had significant effects.
Technological proximity had negative moderating effects on both organizational proximity
and temporal proximity. Table 6 shows that the influence of organizational proximity
(β = −0.035, p = 0.010) on innovation diffusion would decrease by 0.035. The influence of
temporal proximity (β = −0.190, p = 0.003) on innovation diffusion would decrease by 0.19
if the technological proximity were to increase by 1 in the meantime. Spatial proximity
had significant positive moderating impacts on technological proximity, organizational
proximity, and temporal proximity. The influence of technological proximity (β = 0.088,
p = 0.001) on innovation diffusion would increase by 0.088, while the influence of organiza-
tional proximity (β = 0.191, p = 0.000) on innovation diffusion would increase by 0.191. The
influence of temporal proximity (β = 0.298, p = 0.000) would increase by 0.298 if the spatial
proximity were to increase by 1 simultaneously. In addition, organizational proximity
had a positive moderating effect on temporal proximity, indicating that the influence of
temporal proximity (β = 0.054, p = 0.016) on innovation diffusion would increase by 0.054
if organizational proximity were to increase by 1 at the same time.

5. Discussion and Conclusions

This study explored the influence mechanism of open innovation diffusion based
on multiple proximity dimensions. The proposed theoretical framework tried to fill the
research gap of open innovation diffusion since the existing research [3–6] provided few
explanations for the influence mechanism of network proximity on innovation diffusion.
Moreover, the empirical analysis focused on the emerging technology field of artificial
intelligence for healthcare in the patent system, which applied the QAP regression with
the patent data. The results show that technological proximity was the most dominant
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dimension that positively impacted open innovation diffusion. The closer the technological
proximity between innovative entities, the more frequent the innovation sharing based on
the patent information present, improving the output quality and innovation efficiency in
innovation activities.

Besides, three other proximity dimensions presented different effects. Organizational
proximity positively affected open innovation diffusion, while temporal proximity had
a negative effect. The result interprets why transferring technology from universities to
enterprises is difficult, which supplements the theory based on the prior literature [21,22].
Enterprises tend to learn advanced technology from other enterprises, especially the
competitors, and the situation is the same for universities. It is interesting to note that
spatial proximity had no significant effect on the innovation diffusion process under the
interaction of proximity dimensions. Although the prior research [27,28] emphasized
the promotion of spatial proximity, the result of this study decreases the importance of
this dimension and implies that regions will converge with each other for more efficient
innovation sharing.

The main theoretical contribution lies in the fact that the study constructed an analysis
framework describing open innovation diffusion based on multiple network proximities,
while many existing studies [13,19,28,30] focused on independent dimensions. The four
proximity dimensions play significant independent and interactive roles at the same time.
The proximity mechanism provides an overview of innovation management, indicating the
network topology characteristic of open innovation diffusion. Moreover, the mechanism
can also explain how open innovation diffusion evolves to the innovation ecosystem in the
patent system. Patent applicants utilize the existing technology to form further innovation,
which is a spontaneous and circulatory process. Thus, industrial decision-makers can
outline a value chain by identifying cooperative opportunities or competitive challenges
from the knowledge flow network.

This study summarized the following management and policy implications. First,
industrial decision-makers need to strengthen the level of technological proximity between
innovation entities. Technological proximity plays a leading role in innovation diffusion,
according to the empirical result. Therefore, this measure is a conventional approach to
promote innovation diffusion in industrial clusters. Second, innovation policy needs to
coordinate the organizational structure and the patent layout strategy within the industrial
cluster. Since organizational proximity and temporal proximity play secondary roles,
these proximity characteristics provide an auxiliary means of amplifying the propulsion
effect brought by technological proximity. Third, governments can plan to promote the
unification of the patent systems in various regions. The various patent systems are the
main obstacles to innovation diffusion. Therefore, international cooperation on patent
protection is possible to be positive, thus exerting the moderating effect of spatial proximity.

However, this study also has some inevitable limitations. On the one hand, the
empirical research sample only selected a part of patent applicants, which may not reflect
the comprehensive situation in artificial intelligence for healthcare. On the other hand,
there were significant differences in patent quantity between the applicants, which might
have affected the regression results. Therefore, further research ought to optimize the
research design. The research sample should be expanded, and group regression analysis
ought to be carried out to verify whether the difference between the applicant groups
affects the innovation diffusion process.
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