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ABSTRACT
Social network analysis (SNA) uses quantitative methods to analyze relationships between people. In the current study, SNA 
was applied in two nursing homes (NHs) to describe how health care teams interact via text messages. Two data sources were 
used: (a) a Qualtrics® survey completed by advanced practice RNs containing resident transfer data, and (b) text messages 
from a secure platform called Mediprocity™. SNA software was used to generate a visual representation of the social networks 
and calculate quantitative measures of network structure, including density, clustering coeffi  cient, hierarchy, and centralization. 
Differences were found in the low and high transfer rate NHs for all SNA measures. Staff in the NH with low transfer rate had 
greater decision-making interactions, higher information exchange rates, and more individuals communicating with each other 
compared to the high transfer rate NH. SNA can be applied to examine communication patterns found in text messages occur-
ring around the time of NH resident transfers. [Journal of Gerontological Nursing, 47(7), 16-22.]

F or more than a decade, na-
tional initiatives have focused 
on reducing unnecessary hos-

pitalizations for nursing home (NH) 
residents due to negative eff ects on 
resident health and high costs to Medi-
care and Medicaid (Mcandrew et al., 
2016; Ouslander et al., 2010). Recent 
studies estimate that transferring NH 
residents to the hospital results in ex-
penditures of more than $2.6 billion 
annually (Centers for Medicare & 

Medicaid Services [CMS], 2010), and 
between 29% and 60% of these trans-
fers are avoidable (Grabowski et al., 
2007; Spector et al., 2013). Unneces-
sary hospitalizations disrupt plans of 
care, negatively impact quality of life, 
and can lead to reduced physical and 
cognitive functioning (Morley, 2016; 
Ouslander et al., 2000). Th e decision-
making process for transferring a NH 
resident to the hospital is complex 
and relies on communicating salient 

information between NH staff  and 
providers, while accounting for resi-
dent and family preferences. Histori-
cally, NHs have relied on phone and 
fax as their main methods of commu-
nication; however, text messaging has 
become a convenient, low-cost option 
for sharing information among multi-
ple individuals (Johnston et al., 2015; 
Terrell & Miller, 2006). 

NHs are complex health care set-
tings characterized by dynamic, in-
teractive patterns of communication 
among staff , clinicians, caregivers, 
and other stakeholders (Anderson et 
al., 2013; Forbes-Th ompson et al., 
2007). Within these systems, orga-
nized patterns of behavior arise as 
relationships are formed as caregivers 
conduct clinical work. According to 
Complex Adaptive Systems Th eory, 
behaviors occurring “outside the 
norm” push the system into a highly 
dynamic state (Anderson, 1999). For 
example, when residents experience a 
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decline in condition, health care pro-
viders are required to iteratively assess, 
diagnose, plan, intervene, and evalu-
ate until the condition either returns 
to baseline or the resident transfers to 
a higher level of care, including hospi-
talization. Multiple factors are associ-
ated with a decision to transfer a resi-
dent to the hospital, such as unclear 
expectations regarding the level of care 
that should be provided in the NH, 
poor access to multidisciplinary sup-
port, and diffi  culty communicating 
with other decision makers (Laging 
et al., 2015). Social network analysis 
(SNA) is a method that can be used 
to help understand complex interac-
tions. SNA applies data visualization 
techniques to illustrate patterns of 
relationships among clinical partners. 
Further, SNA uses novel quantitative 
measures for the strength of relation-
ships to understand complex adaptive 
systems in NHs.

SNA provides a way to analyze 
complex relationships among people 
(Scott et al., 2005). In SNA, func-
tional roles and how roles are situ-
ated within a network are graphically 
displayed (Stanton et al., 2012). Th e 
overall network can be summarized 
and analyzed mathematically to re-
veal underlying properties, such as 
routines, patterns of communication, 
and hierarchical structure (Houghton 
et al., 2006). SNA is used to create 
sociograms, visual representations of 
relationships in a social group, with 
elements of graph theory to analyze 
patterns of interaction behaviors in 
various kinds of networks, allowing 
for comparisons between diff erent 
network structures. In SNA, network 
data are defi ned and illustrated as ac-
tors (i.e., individuals) within nodes 
(i.e., relationships) (Hanneman & 
Riddle, 2005). Recent studies have 
examined the association of these 
measures with system performance. 
For example, SNA has been used to 
identify interruptive communication 
patterns in the intensive care unit 
(McCurdie et al., 2018) and how 
primary care practice members inter-
act when practice-level decisions are 

made (Scott et al., 2005). In NHs, 
SNA has been used to assess staff  
communication and behavior during 
implementation of evidence-based 
pressure ulcer prevention practices for 
residents at risk of declining skin con-
ditions (Alexander et al., 2015). 

Th e purpose of the current feasi-
bility study was to demonstrate that 
SNA could be appropriately sensitive 
for analyzing text messages shared 
among an interdisciplinary NH team 
around the time of resident transfer. 
SNA measures were calculated using 
text messages to visualize communica-
tion patterns and strength of relation-
ships when NH resident transfer deci-
sions were being made. Th e following 
research questions were used to guide 
the study: (1) How do members of the 
health care team communicate using 
text messaging 2 weeks prior to a resi-
dent transfer decision; and (2) What 
are diff erences in relationships in two 
NHs, one with high and one with low 
resident transfer rates? 

METHOD
Study Design

A secondary analysis was con-
ducted using text messaging data 
collected as part of a CMS–funded 
demonstration project designed to 
reduce avoidable hospitalizations for 
long-stay NH residents (Rantz et al., 
2017; Vogelsmeier et al., 2021). Th e 
goals of the project for long-stay NH 
residents were to reduce the frequen-
cy of avoidable hospital admissions 
and readmissions, improve resident 
health outcomes, improve the process 
of transitioning between inpatient 
hospitals and NHs, and reduce over-
all health care spending. Th e project 
included a multifaceted intervention 
implemented within 16 NHs in the 
midwestern United States. Th e inter-
vention included an advanced prac-
tice RN (APRN) embedded full-time 
within each NH; use of Interventions 
to Reduce Acute Care Transfers (IN-
TERACT) tools (Ouslander et al., 
2014); and an expert support team 
comprising nurses, social workers, 
technology experts, and medical di-

rectors and enhanced electronic com-
munication using health information 
exchange, including the use of a text 
messaging system called Mediprocity® 
(Rantz et al., 2017). 

Mediprocity is a HIPAA–compliant 
communication and clinical collabora-
tion tool primarily designed to be 
used among providers, pharmacists, 
and prescribers. Th e platform may 
also be used to communicate with 
outside vendors, patients, and any-
one looking to communicate patient 
health information in a secure en-
vironment that meets guidelines es-
tablished by the National Institute 
of Standards and Technology and the 
Health Information Technology for 
Economic and Clinical Health Act 
(Lowry et al., 2012; U.S. Depart-
ment of Health and Human Services, 
2016). Th e Mediprocity platform 
may be accessed using a browser on a 
desktop or mobile device. Th e system 
includes workfl ow features specifi -
cally designed for the long-term care/
post-acute setting, such as read receipt 
with average response time tracking, 
adding and removing users to a mes-
sage, multi-use account with shared 
names for identifi cation, and auto-
escalation. Th e study was approved 
by the University of Missouri Institu-
tional Review Board.

Measures
APRNs completed a Qualtrics® sur-

vey, which included the INTERACT 
tool, every time a resident transfer oc-
curred during the study period. Broad 
categories of the survey included resi-
dent characteristics, risk factors for 
hospitalization, acute change in con-
dition, other nonclinical factors con-
tributing to the transfer, and action(s) 
taken to evaluate and manage the 
change in condition before transfer. 
A complete description of the survey 
has been published elsewhere (Pope-
joy et al., 2019). For the primary 
study (Popejoy et al., 2019), the tool 
was modifi ed to capture informa-
tion about APRNs’ evaluation of 
residents, including communication 
tools that were used prior to transfer. 
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We used the Qualtrics survey to iden-
tify (a) NH residents who had a hos-
pital transfer from January through 
June 2018 and (b) NH resident trans-
fers where Mediprocity was listed as 
a communication tool used prior to 
transfer. In preliminary analysis, re-
searchers discovered that text messages 
from Mediprocity (N = 2,643) incor-
porated into this secondary analysis 
mostly consisted of patient updates 
(Alexander et al., 2020). We extracted 
text message threads for 2 weeks prior 
to resident transfer dates. Th is time 
period was selected because there is 
evidence that technology can facilitate 
earlier detection of declining condi-
tions (1 to 2 weeks earlier) when used 
with assessment of older adults (Rantz 
et al., 2012). Th e threads used in the 
SNA included sender, recipient, date, 
and time stamp. 

Sample
Th e sampling strategy began by 

ranking the 16 NHs that participated 
in the CMS study according to their 
transfer rate. We assessed adjusted 
rates for transfers per 1,000 resident 
days over a 6-month time period 
(January to June 2018) when text 
messaging was being used by NHs. 
From the ranked list, we purposefully 

sampled two NHs representing one 
high and one low transfer rate facil-
ity. Th e NH with low transfer rate 
was 5th (of 16) and the NH with high 
transfer rate was 11th (of 16), accord-
ing to 6-month transfer rates. Both 
NHs were located in a metropolitan 
area, designated as for-profi t, and had 
>120 licensed beds.

Construction of the SNA Matrix
Data from text messages were used 

to create an association matrix. Th e 
matrix allowed the team to visualize 
and quantify roles and relationships 
formed during the 2 weeks preceding 
a NH resident transfer. Matrices were 
constructed based on actual exchange 
of clinical information. If a user was 
only added to the electronic message 
thread but did not exchange clinical 
information, they were not included. 
Matrices were constructed for the low 
transfer and high transfer rate NHs us-
ing Microsoft Excel with each person 
included in the text message thread as-
signed to a column and row. For each 
column, the entry of 1 or 0 indicated 
the presence or absence, respectively, 
of interactions of that individual with 
the person represented on the row 
(Hanneman & Riddle, 2005). Th e 
matrix was used in the SNA to assess 

when reciprocal relationships were or 
were not formed, meaning that two 
clinical staff  consulted each other or 
did not consult each other when mak-
ing transfer decisions. Th e association 
matrices were then imported into 
UCINET software (Analytic Tech-
nologies, Lexington, KY) to generate 
a social network diagram and com-
pute several quantitative measures of 
network structure and relationship 
strength. Network density, clustering 
coeffi  cients, hierarchy, and centraliza-
tion measures were calculated for the 
low and high transfer rate NHs and 
are defi ned in Table 1. 

RESULTS
In the 6-month time period, 23 

transfers took place at both NHs. 
Of these 23 transfers, eight used text 
messaging as a form of communica-
tion and were included in the analy-
sis. Th e low transfer rate NH had 67 
text messages sent/received related to 
four transfers, and the high transfer 
rate NH had 11 text messages sent/
received related to four transfers. 
A sample text message thread (for 
one transfer) is shown in Figure 1. 
Average word counts found in text 
messages from the low transfer and 
high transfer rate NHs were 229 

TABLE 1
Defi nitions of Quantitative Social Networking Analysis (SNA) Measures 
SNA Measure Defi nition

Network density The sum of connections between individuals divided by the number of possible connections 
(Hanneman & Riddle, 2005). Density values range from 0 to 1. In these decision-making networks, 
higher density indicates a greater degree of interaction among clinical staff in the process of making 
resident transfer decisions.

Clustering coeffi  cient A measure of the degree to which nodes tend to cluster, indicating the degree to which decision 
making is done in collaborative groups.

Hierarchy The degree to which the network approaches a perfect hierarchy, that is, the degree to which all rela-
tions are unidirectional. Examples of a perfect hierarchy would be organizational charts, family trees, 
and the taxonomy of living things.

Centralization The degree to which a network approaches the confi guration of a “star” network. A star network has 
one node in the center that connects to all other nodes. No nodes have connections to any other node 
except the central node. A high centralization score indicates that some individuals have more connec-
tions than others. There are two components to centralization: indegree and outdegree. High indegree 
centralization indicates a small number of individuals are consulted by the rest of the group. High 
outdegree centralization indicates a small number of individuals do most of the consulting of others.
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(SD = 156 words, range = 77 to 444 
words) and 135 (SD = 147 words, 
range = 15 to 335 words), respective-
ly. A t test was performed to compare 
the mean word count from each NH 
and was found to be statistically sig-
nifi cant (p = 0.04). 

SNA Network Diagrams
NetDraw, a program within 

UCINET, was used to construct a 
visual representation illustrating the 
relationships and communication 
patterns within each NH network. 
NH network diagrams are shown 
in Figure 2. A relationship between 
nodes is indicated by an arrow and line 
that shows the strength of relationship 
and direction of communication from 
one node to another in the exchange. 
Th e density of the line connecting the 
nodes also illustrates strength of the 
relationship, with a denser (darker) 
line indicating stronger relationships. 
A bidirectional arrow between two 
nodes indicates both individuals con-
sult each other. Diagrams represent-
ing NH staff  communication patterns 
using text messaging for the two NHs 
have diff erent structures, indicating 
diff erences in strength and direction 
of relationships formed when transfer 
decisions are being made in these fa-
cilities. In the low transfer rate NH, 
all actors are involved in the text mes-
saging communication, whereas at 
the high transfer rate NH, only the 
physician and NH staff  exchange text 
messages. 

SNA Quantitative Measures
Network Density. Network density 

for the high transfer rate NH was 0.1, 
whereas density for the low transfer 
rate NH was 0.75. Th e low transfer 
rate NH was more than seven times 
as dense as the high transfer rate NH, 
indicating stronger relationships and 
greater frequency of communication 
in the low transfer rate NH. 

Clustering Coeffi  cient. Th e cluster-
ing coeffi  cient represents the degree to 
which nodes tend to cluster, indicat-
ing the degree to which decision mak-
ing is done in collaborative groups. 

Th e clustering coeffi  cient for the low 
transfer rate NH was 0.64. Th is coef-
fi cient was not able to be calculated 
for the high transfer rate NH. 

Hierarchy. Th e low and high trans-
fer rate NHs have hierarchy values of 

0, indicating no unidirectional rela-
tions. However, the low transfer rate 
NH’s effi  ciency value was 0.33 com-
pared to an effi  ciency value of 1.0 for 
the high transfer rate NH. Th e lower 
effi  ciency value for the low transfer 

Figure 1. Example text message thread. 
Note. NH = nursing home; NH Staff = bedside staff at the NH; MD = physician; 
DON = director of nursing (NH); APRN = advanced practice RN; MA = medical 
assistant.

Figure 2. Social networks for low transfer and high transfer nursing homes (NHs).
Note. MD = physician; NP = nurse practitioner; NH_Staff = bedside NH staff (RN, 
licensed practical nurse); U_Manager = unit manager, DON = director of nursing (NH).
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rate NH indicates that some actors 
receive information from multiple 
sources versus receiving information 
from only one source. 

Centralization. Th e low transfer rate 
NH had a higher density of commu-
nication (high average in-/outdegrees) 
compared to the high transfer rate 
NH. Th e indegree (Table 2) was 
0.39 for the low transfer rate NH and 
0.19 for the high transfer rate NH. 
Outdegree was 0.47 and 0.19 for 
the low and high transfer rate NHs, 
respectively. In both cases, NH staff  
sent more text messages than they re-
ceived, whereas physicians received 
more text messages than they sent. 

DISCUSSION
Results from the current study show 

distinct network patterns and strength 
of relationships between NH inter-
disciplinary teams with low and high 
transfer rates. Results from the SNA 
quantitative measures and network di-
agrams show the NH with low transfer 
rate had more decision-making inter-
actions, higher rates of information ex-
change, and more individuals commu-

nicating with each other compared to 
the NH with high transfer rate. Th ese 
fi ndings are similar to others who have 
applied SNA to examine communica-
tion patterns using data from obser-
vations and electronic health record 
data (McCurdie et al., 2018; Scott et 
al., 2005; Zhu et al., 2019). In 2015, 
communication failures were the third 
most frequent “root cause” of all senti-
nel events occurring in acute care set-
tings (Th e Joint Commission, 2015). 
In NHs, communication failures lead 
to increases in patient harm, resource 
use, caregiver dissatisfaction, and staff  
turnover (Andersson et al., 2018). Th e 
proper orchestration of multiple events 
by multiple individuals depends, fi rst 
and foremost, on the timely trans-
mission of information among the 
interdisciplinary team. Using SNA to 
investigate communication in NHs fa-
cilitates identifi cation of interventions 
and strategies designed to increase the 
likelihood that staff  will adopt inter-
ventions to improve communication.

Findings from the current study 
have important implications for prac-
tice and future research. In health care 

settings, SNA has become increasing-
ly common due to recognition of the 
critical role staff  communication plays 
in patient outcomes. Understanding 
the dynamic process by which social 
networks form and evolve could pro-
vide nursing leaders and NH admin-
istrators with information about com-
munication in their facilities, helping 
them design interventions to promote 
staff  communication patterns likely 
to improve patient safety and qual-
ity outcomes. For example, the net-
work diagram for the low transfer rate 
NH included bidirectional arrows, 
whereas the high transfer rate NH 
had only unidirectional arrows. Th e 
absence of bidirectional arrows in the 
high transfer rate NH indicates that 
stronger hierarchical structures incor-
porating unidirectional communica-
tion patterns exist within these groups. 
Increasing the rate of information ex-
change and including more individu-
als in text messages with a bidirectional 
infl uence would improve the spread of 
information and contribute to better 
decision making regarding the transfer 
of NH residents to the hospital.  

Findings related to the number 
and word count of text messages sent/
received have important practice im-
plications related to how information 
is shared among the interdisciplinary 
team when making transfer decisions.  
Th ere were signifi cant diff erences in 
the number of text messages sent/
received at the low transfer rate NH 
compared to the high transfer rate 
NH. Th e interdisciplinary team sent/
received 67 text messages related to 
four transfers containing an average 
of 229 words, whereas the high trans-
fer rate NH sent/received only 11 text 
messages related to four transfers with 
an average of 135 words. Although 
the average word counts were statisti-
cally signifi cant, they were not much 
diff erent considering the number of 
messages exchanged. Th is fi nding sug-
gests that communication at the low 
transfer rate NH was more frequent, 
but text messages from the high trans-
fer rate NH included more words 
in fewer text messages. It is beyond 

TABLE 2
Quantitative Measures of Social Network Analysisa 

Measure
Low Transfer 

Rate NH
High Transfer 

Rate NH

Network density (average degree) 0.75 (3) 0.1 (0.4)

Clustering coeffi  cient 0.64 N/Ab

Hierarchy (Krackhardt)

Connectedness 1.00 0.10

Hierarchy 0.00 0.00

Effi  ciency 0.33 1.00

LUB 1.00 N/Ab

Centralization (%)

Indegree 0.39 0.19

Outdegree 0.47 0.19

Note. NH = nursing home; N/A = not available; LUB = least upper boundary. 
a Range = 0 to 1.
b Could not be computed.
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the scope of this analysis to examine 
how text messaging communication 
changes as clinical situations evolve 
but this should be considered in fu-
ture work. 

Finally, although it is impossible 
to make statistical inferences from the 
diff erences in only two NHs, adap-
tations of regression and correlation 
statistics have been developed for use 
with network data creating a practi-
cal way to examine the relationship 
between network measures and per-
formance outcomes (Reychav et al., 
2018; Scott et al., 2021). Linking 
SNA measures to outcomes could be 
used in future studies to evaluate the 
impact of communication interven-
tions at the organizational level.

LIMITATIONS
Several limitations in regard to the 

method and our sample data should 
be noted. First, as previously men-
tioned, no statistical inferences are 
possible from this study as we com-
pared diff erences in only two NHs. 
Second, fi ndings may not generalize 
to NHs outside of our sample due 
to variations in organization, such 
as hierarchy of roles within and out-
side of the organization. SNA dif-
ferentiates members of a network 
only by the pattern of interactions 
of each member; it does not account 
for individual diff erences in mem-
bers within the network. Th ird, our 
approach for selecting the two NHs 
in this analysis required that APRNs 
listed Mediprocity as a communica-
tion tool on the Qualtrics survey. Us-
ing this approach, eight (35%) of 23 
transfers met our inclusion criteria; 
however, there could have been other 
transfers where the team used Medi-
procity. Last, although the sample size 
was small, the goal of establishing fea-
sibility to assure SNA is appropriately 
sensitive to analyzing text messaging 
data was achieved. Th is innovative ap-
proach made it possible to calculate 
the number and strength of relation-
ships, frequency of interactions, and 
direction of communication among 
these interactions. However, because 

we did not examine structure or con-
tent of messages, we do not know 
how text messages infl uenced the ac-
tual transfer decision. 

CONCLUSION
To our knowledge, this is the fi rst 

study to apply SNA to text messag-
ing data in NHs. Th is study demon-
strates the feasibility of applying SNA 
to text messaging data, a critical fi rst 
step in tailoring interventions to im-
prove communication and exploring 
the relationship between network 
measures and outcomes. Th e SNA 
measures used in this study enhance 
understanding of complexities, such 
as interdisciplinary dependencies and 
other sociotechnical aspects that are 
part of complex health care settings, 
such as NHs. 
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