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ABSTRACT
Objective Currently, use of social networking services 
(SNSs) for interprofessional collaboration is increasing. 
However, few studies have reported on virtual 
interprofessional interactions in community healthcare 
services. Revealing such structural characteristics of the 
networks can provide insight into the functions of the 
interprofessional information- sharing network and lead 
to smoother collaboration. Thus, we aimed to explore 
the structure of SNS- based information- sharing clinical 
networks.
Design Social network analysis (SNA).
Setting We selected a community in City X in Japan.
Data collection We analysed SNS- based information- 
sharing clinical network data linked to patients receiving 
home medical care or care services between January 
and December 2018. A network was created for each 
patient to allow healthcare professionals to post and view 
messages on the web platform. In the SNA, healthcare 
professions registered in a patient group were represented 
as nodes, and message posting/viewing relationships 
were represented as links in the patient network. We 
investigated the structural characteristics of the target 
networks using several measures for SNA, including 
indegree centrality and outdegree centrality, which reflect 
the number of incoming and outgoing links to/from a node, 
respectively. Additionally, the professions forming the most 
central nodes were investigated based on their ranking to 
identify those with a central role in the networks. Finally, to 
compare the networks of nursing care levels 1–3 (lighter 
care requirement) and those with nursing care levels 4–5 
(heavier care requirement), we analysed the structural 
differences in the networks and investigated the roles 
of healthcare professionals using centrality measures of 
nodes.
Results Among 844 groups, 247 groups with any nursing 
care level data were available for analysis. Increasing 
nursing care level showed higher density, reciprocity and 
lower centralisation. Healthcare professions with high 
indegree centrality (physicians, care workers and physical 
therapists) differed from those with high outdegree 
centrality (home care workers, physical therapists, and 
registered dieticians). Visiting nurses and nurses in the 
clinic played a central role, but visiting nurses tended 
to have higher indegree and outdegree centrality, while 

nurses in the clinic had higher closeness and betweenness 
centrality in networks with heavier care requirement.
Conclusion The SNS- based information- sharing clinical 
network structure showed that different professions played 
some form of a central role. Associations between network 
structures and patient outcomes, cost effectiveness and 
other factors warrant further investigation.

INTRODUCTION
In Japan’s super- ageing society, elderly people 
encounter an increasing number of physical, 
psychological and social problems.1 These 

Key points

 ► Question: To pave the way for smoother collabo-
ration in a community based on multiprofessional 
network structures, this study aimed to explore the 
structure of social networking service (SNS)- based 
information- sharing clinical networks, and the pro-
fessions that play central roles in community net-
works using social network analysis (SNA).

 ► Findings: SNS- based information- sharing networks 
for healthcare professionals across facilities that 
provide more home medical care or nursing services 
had relatively higher density, reciprocity and lower 
centrality. Healthcare professions with high indegree 
centrality differed from those with high outdegree 
centrality. As professionals with central roles in in-
formation sharing, visiting nurses had higher inde-
gree and outdegree centrality while nurses in the 
clinic had higher closeness and betweenness cen-
trality in networks with heavier care requirement.

 ► Meaning: Given the lack of evidence on SNA in in-
terprofessional collaboration in a community, these 
findings suggest that SNA has the potential to con-
tribute to improving the provision of patient care and 
aid in the proposal of highly cost- effective methods. 
Further studies are needed to determine the rela-
tionship between such networks and the successful 
achievement of good patient outcomes and other 
factors.
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problems are complicated by economic and social issues 
affecting both patients and their families. In addition, 
the elderly has many and wide- ranging care needs due 
to complications, comorbidities and conditions unique to 
this demographic.2 It is therefore necessary that health-
care professionals promote and facilitate interprofes-
sional collaboration (IPC).3 To achieve this, competency 
or capability for IPC has been developed in the USA, 
Canada, Australia and Japan, with communication being 
a common indispensable factor.4 Reviews of interprofes-
sional communication have reported the presence of a 
relationship between patient outcomes and healthcare 
communication.5 6 Many studies, however, focus on indi-
vidual–profession relationships or organisational climates 
in communication,7 8 whereas studies on clinical network 
structures are limited.

In a society with increasing complexity, healthcare 
professionals should seek information sharing via 
community network systems not only by interprofessional 
but also intraorganisational communication. In Japan in 
particular, which is dealing with a super- ageing society, 
effective clinical interprofessional and intraorganisa-
tional networks to improve quality of care and patient 
outcomes are becoming an urgent need.9 Thus, the Japa-
nese government has proposed establishing a community- 
based integrated care system by 2025, which comprises a 
healthcare insurance system and long- term care insurance 
system for individual communities. The purpose of the 
long- term care insurance system is to ensure comprehen-
sive medical care, nursing care, preventive care, housing 
and livelihood support. The system comes into play in 
healthcare services provided in communities based on 
patients’ needs. The needs of each patient are deter-
mined according to the degree of care services required: 
services are classified into seven levels in accordance with 
the condition of each patient or user. Care level 5 indi-
cates the highest level of requirement for long- term care, 
while care level 1 indicates the lowest, and support levels 
1 and 2 contain plans for preventing long- term care.10 In 
recent years, social networking services (SNSs) have been 
increasingly used by professionals providing home health-
care services to such patients in the community to share 
patient information. SNS- based information sharing can 
serve as an effective training tool for education on IPC.11 
SNSs have enabled the creation of web- based communi-
ties and led to improvements in networking and exper-
tise, thus enabling personal dialogues regardless of time, 
space and geography.12 13 Hence, SNS- based networks 
are expected to be key contributors to communications 
among multiprofessionals in community- based inte-
grated systems.

Social network analysis (SNA) is a method for analysing 
communication patterns among multiple individuals, 
and is a useful means for healthcare professionals to eval-
uate interprofessional communication. SNAs have been 
used since the 1950s to investigate the social influence 
of health professionals and technological innovations on 
the diffusion of information.14 15 A systematic review of 

SNAs in medical practice identified several studies which 
used SNAs to analyse communication patterns among 
healthcare professionals.16 While most of these studies 
analysed face- to- face communication processes,17–19 some 
analysed information technology- based communication 
processes. Studies that analysed social networks of small 
nursing staff groups,20 social networks of surgeons,21 and 
social networks of different professions22–25 have reported 
that they are composed of weak links. Few studies, 
however, have examined SNS- based networks across 
healthcare professions providing home medical care and 
nursing services in the community, a field which will be 
needed in ageing societies in all developed countries in 
the future. Identifying the types of network patterns that 
have been developed among healthcare professionals 
and the healthcare professions that serve as key players 
in community networks will be beneficial for community 
healthcare services. Exploration of SNS- based networks 
among healthcare professions in a community may illu-
minate the mechanisms of interprofessional communica-
tion patterns. Regarding methods of SNA, questionnaires 
and interviews are associated with limitations such as 
recall bias and other factors. We predict that SNS- based 
networks will become increasingly used as forms of virtual 
interaction in the near future due to their ability to facil-
itate networking to enable interactions in the absence 
of physical contact. Thus, using SNA for objective data 
visualisation, this study aimed to explore the structure of 
SNS- based information- sharing clinical networks, and the 
professions that play central roles in community networks 
in somewhere in Japan.

METHODS
Design
SNA was performed to analyse communication patterns 
in SNS- based information- sharing clinical networks in a 
community. SNA is used to investigate internodal rela-
tionships and their influences on the network as a whole 
based on the principles of graph theory.26 SNA exam-
ines nodes (eg, individual healthcare professionals) and 
the existence of internodal links, focusing on node- to- 
node relationships and link structures (eg, information- 
sharing clinical networks). In the present study, one 
interprofessional network was constructed for each 
patient, on which different professions were allowed to 
post and view messages using an SNS- based platform. 
The constructed networks were analysed by quantifying 
their characteristics and identifying central nodes in the 
networks.

Setting
As purposive sampling, we selected a community in City X 
in Japan because healthcare professionals in that city used 
an SNS- based platform. City X is a core city in a region 
with a population of 220 000 and 7 general hospitals.

 on M
ay 22, 2023 by guest. P

rotected by copyright.
http://fm

ch.bm
j.com

/
F

am
 M

ed C
om

 H
ealth: first published as 10.1136/fm

ch-2020-000396 on 25 S
eptem

ber 2020. D
ow

nloaded from
 

http://fmch.bmj.com/


3Haruta J, et al. Fam Med Com Health 2020;8:e000396. doi:10.1136/fmch-2020-000396

Open access

SNS-based information-sharing tool
An SNS- based information- sharing tool used in medical 
practice settings in City X was used in this study. The SNS 
is created by a private company for use by healthcare 
professionals. Its users comprise a wide variety of profes-
sions, including physicians and nurses, as well as care 
workers, care managers, physical therapists and regis-
tered dieticians. For instance, in home- visit care services, 
professional staffs provide at patients’ home, such as 
home- based long- term care, visiting nurse, visiting phar-
macist, visiting physician and visiting physical or occu-
pational therapists service. Registered dietitians provide 
nutritional guidance to patients in home or facilities and 
teach multiprofessionals how to make swallowing diets. 
Home care workers visit patients’ homes to assist with 
meals, toileting and bathing while care workers assist 
the residents in the facility. Care managers are respon-
sible for planning care services provided under long- term 
care insurance. Medical clerks in clinic are responsible 
for handling reception appointment requests, prescrip-
tion requests and enquiries and working as part of a small 
team. Medical consultants are responsible for sharing 
patient information between facilities, such as when 
patients are admitted and discharged from the hospital, 
and for making appointments for social services needed 
for transportation. In this service, registered healthcare 
professionals share patient- related information. The 
service is used by staff members of multiple medical and 
nursing care facilities.

Data collection
Data were obtained from patients and healthcare profes-
sionals who consented to its anonymised use for research 
purposes. This study was conducted to investigate patient 
attributes and information provision/receipt by patients 
and their respectively linked healthcare professionals who 
used online message boards in City X between January 
and December 2018. One group was created per patient. 
Healthcare professionals registered in the group were 
allowed to post and view messages on the group’s message 
board. Data analysed included the sex, age and degree 
of care required for each patient/user participating in 
the online message board; the professions of the posting 
users and users who marked ‘viewed’ on a message; the 
time stamp included in each message; and the ‘degree of 
care required’ for each patient.

Constructing networks
For each group, a network was constructed from the 
log data of message postings and viewings for each 
patient. Individual healthcare professionals (excluding 
the patient) registered in patient groups were regarded 
as nodes. Message posting/viewing relationships were 
regarded as links. More specifically, for each patient group, 
an unweighted directed graph G=(V,E) was constructed. 
Node u represents a user (ie, an individual healthcare 
professional), and directed link (u,v) represents that user 
v marked ‘viewed’ on a message posted by user u. A link 

was therefore considered to have been created when a 
user made internodal communication via a particular 
thread. Because networks that are too small are not useful 
for SNAs, networks with 10 or more nodes were selected 
for subsequent analysis based on previous studies.27 28 A 
visualisation of some of the social network patterns in this 
study is shown in figure 1.

Analysis
First, we investigated the structural characteristics of 
the target networks using several measures for SNA. For 
each network, we mainly obtained the number of nodes, 
density,29 reciprocity,30 diameter,31 path length,32 clus-
tering coefficient33 and centralisation based on degree, 
closeness and betweenness.34 Density was determined 
by dividing the number of actual links in the network 
by the maximum possible number, to provide a more 
comprehensive explanation of the connectivity level in 
the network.35 Reciprocity is a measure of the percentage 
of two- way links in a network.30 Diameter is the longest 
shortest path in the network.31 The mean path length in 
a network is defined as the mean distance over all node 
pairs, including the distance between a node and itself.32 
The clustering coefficient quantifies the abundance of 
connected triangles in a network and useful in character-
ising individual nodes.33 Degree centrality is the number 
of links that a node has.34 Closeness and betweenness 
centralisation are explained below. These measures 
are widely used in SNAs.27 28 All of these measures were 
normalised to a (0,1) scale and were represented as 
values ranging from 0 to 1, and the mean values and SD 
for each network were calculated. Taking into account 
the burden of physical and mental care, we compared 
the median values in groups with nursing care levels 1–3 
(lighter care requirement) with those with nursing care 
levels 4–5 (heavier care requirement)10 using the Mann- 
Whitney U test.

Second, we investigated the roles of healthcare profes-
sionals using centrality measures of nodes. Centrality 
measures of each node in each network were calculated. 
Then, averages of centrality measures were compared 
among different professions. The centrality measures 
used in this study were indegree centrality, outdegree 
centrality, closeness centrality and betweenness centrality, 

Figure 1 Visualisation of social network patterns.
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all of which are common in SNA.34 Indegree centrality 
and outdegree centrality represent the number of 
connections of individual nodes. The indegree centrality 
of a node is defined as the number of incoming links 
to the node (user who marked ‘viewed’ on a message), 
whereas the outdegree centrality of a node is defined 
as the number of outgoing links from the node (user 
who posted messages). Closeness centrality of a node is 
defined as the reciprocal number of the sum of distances 
from the node to all other nodes, and betweenness 
centrality is defined as the number of the shortest paths 
passing through the node.

Finally, we investigated the key player(s) in each group 
by extracting the most central nodes in the network of 
the group. Using the four centrality measures (ie, inde-
gree, outdegree and closeness, and betweenness), the 
nodes with the highest centrality were extracted for each 
network. Note that multiple nodes were extracted for 
each network when two or more nodes had the highest 
centrality. Subsequently, professions of the most central 
nodes were investigated according to their ranking, and 
the professions that played central roles in the groups 
were identified. Additionally, we compared the profes-
sions of the central nodes in groups with nursing care 
levels 1–3 with those with nursing care levels 4–5.

RESULTS
The number of groups (patients) with at least one post 
during the year was 844. In the SNA, 468 groups with 10 
or more nodes were examined, including 247 groups 
with nursing care level data (figure 2). Node attributes 
are shown in table 1.

The mean number of nodes was 18.3 (SD=7.5). The 
mean values of network measures were 0.42 (SD=0.15) 
for density, 0.41 (SD=0.2) for reciprocity, 4.5 (SD=3.12) 
for diameter, 1.4 (SD=0.18) for path length, 0.81 
(SD=0.12) for clustering coefficient, 0.57 (SD=0.13) 
for degree- based centralisation, 0.46 (SD=0.17) for 

closeness centralisation and 0.15 (SD=0.16) for between-
ness centralisation (table 2).

Table 2 shows the results of network characterisation 
by nursing care level. When nursing care levels 1–3 and 
4–5 were compared, the mean number of nodes was 
18.8 (SD=7.93) and 20.0 (SD=7.91), the mean values 
of network measures were 0.40 (SD=0.17) and 0.44 
(SD=0.13) for density, 0.41 (SD=0.21) and 0.44 (SD=0.18) 
for reciprocity, 0.49 (SD=0.19) and 0.42 (SD=0.14) for 
closeness centralisation, and 0.16 (SD=0.17) and 0.11 
(SD=0.11) for betweenness centralisation. In general, an 
increase in nursing care level showed a high number of 
nodes, higher density and reciprocity, and lower central-
isation (table 2). Comparison of median differences in 
various network measures between nursing care levels 
1–3 and 4–5 using the Mann- Whitney U- test revealed 
significant differences (p<0.05) for the measures, except 
number of nodes (table 2).

Next, the data were analysed for differences in the 
averages of centrality measures among different profes-
sions for the top five professions (figure 3). Physicians, 
care workers and physical therapists tended to have high 
indegree centrality while home care workers, physical 
therapists and registered dieticians tended to have high 
outdegree centrality. Closeness centrality showed little 
difference among professions whereas betweenness 
centrality tended to be higher for medical clerks, regis-
tered dieticians and physicians (figure 3).

On the other hand, figure 4 shows the top- five ranking 
of the professions who indicated the highest centrality 
in each network. The top five- ranked professions of the 
most central nodes were compared by nursing care level 
(figure 4). Nurses, visiting nurses, care workers and care 
managers played central roles in many groups. According 
to differences in nursing care levels, centrality was gener-
ally high for visiting nurses and nurses in the clinic in 
groups with light and heavy care requirement, respec-
tively. In particular, the rank of indegree and outdegree 

Figure 2 Distribution of groups by the number of nodes 
(groups with no less than 10 nodes were analysed).

Table 1 Characteristics of patients with 10 or more 
multiprofessional nodes in home medical care (n=468)

Values

Age 80.6 (SD=16.4)

N %

Sex Men 176 37.6

Women 292 62.3

n=247 (descriptions available)

Nursing care level 1 27 11.0

Nursing care level 2 33 13.4

Nursing care level 3 46 18.6

Nursing care level 4 62 25.1

Nursing care level 5 73 29.6

Support level 1 1 0.4

Support level 2 5 2.0
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centrality of visiting nurses tended to be higher for 
heavier care requirement, while the rank of closeness and 
betweenness centrality of nurses in the clinic tended to be 
higher than those of visiting nurses.

DISCUSSION
Using SNA, this study in one community in Japan 
showed that SNS- based information- sharing networks for 

healthcare professionals across facilities that increasing 
nursing care level had relatively higher density, reci-
procity and lower centrality, and involve different profes-
sions as central players.

Discussion of the findings in terms of density is diffi-
cult because this measure depends on the number of 
nodes. Nevertheless, density is a proposed factor for facil-
itating leadership in information sharing36 and, based on 

Table 2 Overall network structure

Total Nursing care level 1–3 Nursing care level 4–5 z- score

P value
Mean
(SD)

Median
(quartiles)

Mean
(SD)

Median
(quartiles)

Mean
(SD)

Median
(quartiles)

Number of 
nodes

18.3
(7.5)

16 (13–22) 18.8
(7.93)

16 (12.25–22.75) 20
(7.91)

18 (14–24.5) −1.47 0.07

Density 0.42
(0.15)

0.41 (0.30–0.51) 0.4
(0.17)

0.37 (0.28–0.50) 0.44
(0.13)

0.44* (0.35–0.52) −2.63 <0.01

Reciprocity 0.41
(0.2)

0.42 (0.27–0.56) 0.41
(0.21)

0.38 (0.25–0.56) 0.44
(0.18)

0.45* (0.36–0.57) −1.82 0.03

Degree- based 
centralisation

0.57
(0.13)

0.58 (0.49–0.65) 0.59
(0.14)

0.61* (0.51–0.69) 0.56
(0.11)

0.55 (0.48–0.63) 2.42 <0.01

Closeness 
centralisation

0.46
(0.17)

0.45 (0.35–0.57) 0.49
(0.19)

0.48* (0.38–0.61) 0.42
(0.14)

0.42 (0.33–0.50) 2.99 <0.01

Betweenness 
centralisation

0.15
(0.16)

0.09 (0.04–0.18) 0.16
(0.17)

0.11* (0.06–0.19) 0.11
(0.11)

0.07 (0.04–0.15) 3.15 <0.01

*Mann- Whitney U- test revealed significant differences, p<0.05.

Figure 3 Differences in centrality among different professions between nursing care levels 1–3 and 4–5.

 on M
ay 22, 2023 by guest. P

rotected by copyright.
http://fm

ch.bm
j.com

/
F

am
 M

ed C
om

 H
ealth: first published as 10.1136/fm

ch-2020-000396 on 25 S
eptem

ber 2020. D
ow

nloaded from
 

http://fmch.bmj.com/


6 Haruta J, et al. Fam Med Com Health 2020;8:e000396. doi:10.1136/fmch-2020-000396

Open access 

findings that density is positively correlated with group 
performance,37 38 is a commonly used measure of network 
structure in a team.39 While such studies are scarce, a 
density of 0.4 in a network of nodes with an average of 
18 healthcare professionals may be a criterion for future 
research.

In contrast, reciprocity is useful for capturing bidirec-
tional relationships because it indicates whether the two 
parties involved in a relationship equally characterise the 
relationship. While the reciprocity of a network of profes-
sionals receiving advice on medication in emergencies 
was previously reported to be 0.28,24 the present study 
showed a higher score of 0.4. This finding may suggest 
functional differences between emergency departments, 
in which roles are clearly allocated to each individual 
profession, and home care networks in community- 
based integrated care system,40 where all professions have 
comprehensive roles. This system, which the government 
of Japan spread nationwide, integrates a community’s 
healthcare resources, through the coordination not only 
of outpatient and inpatient sections in hospitals or clinics, 
but also of welfare facilities, home- visit care services, and 
even mutual support activities among neighbourhoods.40

Centrality measures that allow network characterisation 
regardless of the number of nodes (degree- based, close-
ness, betweenness centrality) are widely used in actual 
analyses. Centrality provides an estimate of the activity 
and leadership level of a person or community with a 
central role in the community.41 This study demonstrated 

that the centrality of professional networks involving 
patients requiring heavier care tended to be lower than 
those involving patients requiring lighter care. This indi-
cates that a variety of healthcare professions may play a 
leadership or central role in networks with heavier care 
requirement. In networks where patients seek advice 
on medication, nurses and physicians show low levels of 
communication, while pharmacists are highly centric.42 In 
this study, healthcare professions that read messages who 
have high indegree centrality differed from those that 
sent messages who have high outdegree centrality. This 
finding may suggest that the professional role of physi-
cians may require them to provide specific information 
while home care workers and physical therapists tend to 
engage in taking care of patients through the exchange 
of information among multiple healthcare professionals.

Additionally, closeness centrality is the potential inde-
pendence of a node in the flow of an information- sharing 
clinical network, and betweenness centrality is a centrality 
measure based on the degree by which a node mediates 
the relationship of other nodes. Nurses in the clinic and 
visiting nurses had higher ranked closeness centrality and 
betweenness centrality than other professionals (figure 4), 
while medical clerks, physicians, physical therapists and 
registered dieticians showed somewhat higher than 
average centrality measures for all professional networks 
(figure 3). This suggests that the relatively lower number 
of medical clerks, physicians, physical therapists and 
registered dieticians than visiting nurses and nurses in the 

Figure 4 Differences in the number of highest ranking professionals between nursing care levels 1–3 and 4–5.
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clinic may have contributed to the difference between the 
average centrality measures and professions with highest 
ranked centrality. The number of physicians, physical 
therapists and registered dieticians among professionals 
who actively viewed and posted in the network may have 
affected the average centrality measures. Additionally, 
while physicians, physical therapists and registered dieti-
cians as clear experts and medical clerks as economic 
and institutional experts serve as mediators regardless of 
the degree of care required, nurses which were highest 
ranked in centrality are expected to play a central role 
in mediating the relationships of patients using home 
medical care and care services. Previous findings have 
shown that hierarchical relationships in the healthcare 
domain, as revealed by centrality, may be a major problem 
for teams.17 Multiple daily communications within a team 
reportedly promote the development of trust among 
team members playing different roles,43 and promote 
energetic and emotional involvement, which are indis-
pensable for task adjustment.44

Furthermore, while visiting nurses and nurses in the 
clinic are key players in networks the centrality roles of 
these professions differed only slightly between nursing 
care levels 1–3 and levels 4–5. After accounting for the 
fact that communication levels vary depending on the 
objective of the community, these results suggest that 
in City X, visiting nurses and nurses in the clinic, who 
have greater awareness of the severity of diseases/disor-
ders, may play leadership roles in home care support 
networks comprising users requiring nursing care levels 
4–5 (higher severity of disease/disorder). In particular, 
visiting nurses, who on their own initiative can conduct 
condition assessments at home and provide home care 
required for a particular disorder, seem more likely to play 
central roles in home care networks with high medical 
care dependence, such as those for terminal patients and 
patients with cancer. Meanwhile, based on findings for 
closeness centrality and betweenness centrality, nurses in 
the clinic likely play the role of a hub in multiprofessional 
networks. Further qualitative investigation is needed to 
determine the influence of networks on who play central 
roles, and how they do so, on the members within the 
network. Additional data are needed from studies exam-
ining associations with patient outcomes, surveys in 
other regions and qualitative surveys for verification. As 
a strength, to our knowledge, few studies have investi-
gated virtual interprofessional interactions in community 
healthcare services using SNA. Thus, we consider that the 
patterns identified in the virtual interprofessional interac-
tion in SNS are useful for developing SNS- based networks 
with multiple professionals in a community.

The study had several potential limitations. First, physi-
cians might provide advice to nurses using tools (such as 
orally or via paper notes) other than SNS. The Japanese 
healthcare system, in which patients and their families 
call visiting nurses first, rather than physicians, may have 
affected the findings. The study participants may not be 
representative of Japan. Additionally, we did not clarify 

how network structures were associated with team func-
tion or healthcare outcomes. On the other hand, studies 
have reported that frequent sharing of patient/user infor-
mation among team members is highly significant, and 
that clarifying the roles of various professions on the basis 
of interprofessional mutually dependent relationships 
is closely associated with patient outcomes.45 Previous 
studies using SNA have discussed health behaviours, 
adoption of evidence- based preventive interventions, 
social networks and cost effectiveness in cardiovascular 
teams.46 A study reported that 20% of teamwork- related 
team performance appeared as network differences.47 
Given the lack of evidence on SNA in IPC in a commu-
nity, the findings suggest that SNA has the potential to 
contribute to improving the provision of patient care 
and aid in the proposal of a highly cost- effective method. 
Further studies are also needed to determine the relation-
ship between such networks and the successful achieve-
ment of good patient outcomes, cost effectiveness and 
other factors.

CONCLUSION
This study explored the network structure of SNS- based 
information- sharing networks for healthcare professionals 
across facilities that increasing nursing care level had rela-
tively higher density, reciprocity and lower centrality, and 
involve different professions as central players. in one 
community in Japan. Associations between network struc-
tures and patient outcomes, cost effectiveness and other 
factors warrant further investigation.
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