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OBJECTIVE: The aim of this study was to compare
information sharing and advice networks" relation-
ships with patient safety outcomes.
BACKGROUND: Communication contributes to med-
ical errors, but rarely is it clear what elements of com-
munication are key.
METHODS: Weinvestigated relationshipsof information-
sharing and advice networks to patient safety outcomes
in 24 patient care units from 3 hospitals over 7 months.
Web-based questionnaires completed via Android tab-
lets provided data to create 2 networks using ORA,
a social network analysis application. Each hospital
provided nurse-sensitive patient safety outcomes.
RESULTS: In both networks, medication errors cor-
related positively with node count and average distance
and negatively with clustering coefficient. Density and
weighted density negatively correlated with medication
errors and falls in both networks. Eigenvector and total

degree centrality correlated negatively with both safety
outcomes, whereas betweenness centrality positively
related to falls in the information-sharing network.
CONCLUSION: Technology-enabled social network
analysis data collection is feasible and can provide
managers actionable system-level information.

Communication is one of the most frequent factors
contributing to poor patient outcomes.1 Communica-
tion issues can lead to missed patient care,2 increased
length of stay,3 failed handoffs,4,5 falls,6,7 and medica-
tion errors.8 Often interruptions lead to miscommu-
nication or failure to communicate.9 Implementation
of the electronic medical record has altered workflow,
changing how nurses communicate clinical events,
both in the patient record and verbally.10,11 Further
contributing to ineffective patient care unit (PCU) com-
munication are the multiple schedules of physicians
and nurses, resulting in different teams throughout a
patient"s stay.12

Until recently, most nursing communication re-
search focused on dyads (nurse-nurse or physician-
nurse) or team-to-team communication (handoffs
or shift report).13 However, with the advent of sophis-
ticated, but usable, social network analysis (SNA)
tools, SNA has become an important technique for
examining group communication.14-17 SNA allows
researchers to use the links (connections) between
individuals in various-size groups to describe network
characteristics such as the speed at which informa-
tion transfers across the group and the density of the
communication, as well as key individuals (eg, gate-
keepers).18 Systematic reviews reveal SNAs" increased
use in healthcare.19 In the acute care setting, SNA has
been used to examine communication in emergency
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departments (EDs),20 neonatal intensive care units,21

and operating rooms,22 as well as to describe medica-
tion advice seeking in a renal unit.23 SNA has been
used to explore the impact of information technology
on healthcare organizations and teams24,25 and study
how mutual understanding develops in multidiscipli-
nary primary healthcare teams.26 Cohen and Hilligoss27

cited researchers4 who used SNA to examine handoffs,
including examining interdisciplinary handoff com-
munication when patients transferred from an ED to
acute care. Other researchers have used SNA to identify
patients" actual care teams from electronic health record
entries.28 Most SNA studies have been descriptive,
rather than prescriptive, with few longitudinal studies
or replications using multiple sites,16 and only a few
SNA studies have looked at the impact of nursing
communication networks on patient outcomes.17

The purpose of this article is to compare, in a
sample of 24 acute care medical and surgical PCUs,
the impact of nursing staff information-sharing and
advice networks on nurse-sensitive patient safety out-
comes during four 24-hour periods over a 7-month
time frame. Effken et al13,29 explored the impact of
nursing staff communication patterns on patient safety
outcomes using ORA,30 an SNA tool. However, that
study explored information-sharing networks of only
7 PCUs in 3 hospitals, making generalization difficult.
PCU staff not only share patient-related information,
but also seek and give advice. The extent to which
nursing staff"s advice giving and receiving differ from
information sharing is unknown. Therefore, the goal
of this study was to evaluate differences among the 2
types of communication networks, as well as their rela-
tionships with nurse-sensitive patient safety outcomes.

Methods

Sample and Setting

The convenience sample included 24 medical-surgical
PCUs from 2 not-for-profit Arizona community hospi-
tals and 1 for-profit urban Texas hospital, selected
because of their size (which provided multiple PCUs
for study) and their willingness to participate. The
PCUs varied in size from 12 to 51 beds (mean, 26.6).
One hospital had achieved MagnetA designation. All
licensed and unlicensed nursing staff who were working
on the days of data collection in participating PCUs were
invited to participate. Staff recruitment utilized flyers
and presentations by research team members
during staff meetings. We sought a 90% response of
the staff who were working during the 24-hour period
of data collection to model PCU communication net-
works as accurately as possible. To encourage responses,
potential participants received either a snack such as a
bagel or cupcake or a coupon to obtain coffee or other
sweets, valued at approximately $4.00.

Measures

Safety Outcomes
For comparability, we used the same outcome mea-
sures as in the study of Effken et al.13 Fall rate was
defined as the number of falls per month in which
staff-collected data divided by 1000 patient-days. Medi-
cation errors were defined as total medication errors
per month in which staff-collected data divided by
1000 patient-days. Hospital-acquired pressure ulcer
(HAPU) prevalence was defined as the number of
HAPUs per patients averaged over the number of
patients hospitalized on the unit the day data were
collected. These safety event definitions were provided
to quality management departments to ensure consis-
tency of data across hospitals.

Creating the Networks via Communication
Questionnaire Data
Data to create the 2 networks were generated from a
questionnaire given to PCU staff. The questionnaire
presented the staff roster for the 24-hour period in
which data were being collected. Staff members were
asked, for each staff member listed on the roster,
BHow often did you discuss patient care with each of
these individuals while working on your unit during
the current shift and the next shift (for day staff) or the
prior shift (for night staff)?[ Their answers to this
question (via a response scale from 1 to 5 [never to
constantly]) were used to generate the PCU"s
information-sharing network. Staff were also asked
to rate the trustworthiness of the information gained
from the people with whom they had discussed patient
care using a 1 to 5 response ranging from never to
always. The frequency of discussion measure was
adapted from Effken et al13 as a proxy for accessi-
bility, and the trustworthiness (confidence) measure
as a proxy for knowing and valuing what the other
knows.31 To create the advice network, the original
staff roster was presented again, and staff were asked
questions adapted from Creswick and Westbrook22

as to how frequently during their just-completed shifts
they went to each staff member listed for patient
careYrelated advice or were sought out for patient
careYrelated advice by that staff member, using the
same response scale as for the discuss question. Finally,
staff answered questions about their own expertise using
a rating scale adapted from Benner32 and used previ-
ously by one of the researchers.33 Staff were then queried
about their years of experience on the PCU, the shift
they worked today, and whether today"s shift had been
normal, better than normal, or worse than normal.

Network Metrics
Commonly used social network metrics were used to
measure network characteristics such as size (node
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count), communication efficiency (density, weighted
density, diffusion, average distance), centrality (total
degree centrality, betweenness centrality, eigenvector
centrality), and clustering (clustering coefficient) into
small groups (Table 1). Except for node count, which
uses actual frequency values, all other metrics use
a 0- to 1-point scale (equivalent to a percentage). These
network metrics were selected because they were
stable (within 1 SD) across the 4 data collection times.

Procedures

Human Subjects Protection
Institutional review board approval was obtained from
The University of Arizona, Texas Women"s University,
The University of Texas at Austin, and the 3 data
collection sites. Contact information needed for dis-
tributing staff invitations to participate was obtained
from site coordinators at each hospital. Site coordina-
tors also coordinated data collection and served as
the primary contacts for the research team. Although
the SNA survey rosters required the names of staff, the
data collection software replaced the staff person"s
name with an anonymous identification number, for
data transfer and storage. The link of subject anony-
mous identification number to name was available only
to principal investigators and the database manager
and stored on password-protected servers. Hospital
safety outcome data were deidentified and saved on
secure, password-protected servers.

PCU Staff Data Collection
Demographic and network-related data needed to
define PCU information-sharing and advice networks
were collected from PCU staff working on preselected
days (during a 24-hour period) using an adapted com-

munication survey.13 All licensed and unlicensed PCU
staff working on the days of data collection were
invited to participate. Data were collected at the end
of staff shifts using a Web-based questionnaire pres-
ented on Android tablets with wireless Internet
access.34 The SNA survey required providing staff
rosters so that participants could quickly identify
those with whom they had interacted. Rosters of
those who were scheduled to work on the day and
night of data collection were obtained from nurse
managers and uploaded to the secure project Web
site. Data collectors updated the list to reflect staffing
changes prior to the beginning of the shift in which
data would be collected. The updated roster was then
downloaded by data collectors to each Android tablet
assigned to that unit. PCU staff were able to view only
their own unit roster. A disclosure form was presented
as the 1st page of the questionnaire. Continuing to
complete the survey ensured staff members" willing-
ness to participate. Multiple tablets were available, so
staff did not have to wait for a tablet to begin the
survey. Staff viewed the roster of the nursing staff
assigned to work on their unit during their current or
adjacent shift (for day shift that was the upcoming
night shift; for night shift, that was the previous day
shift). This ensured that data collection would include
a handoff. Completing the survey took 10 to 15 minutes.
Data collectors then uploaded staff responses from
each Android device to the secure server for storage.

Safety Indicators
Medication errors, fall rate, and HAPU prevalence
were provided by hospital quality management
departments to correspond with the months of PCU
staff data collection.

Table 1. Definitions of the 9 Network Metrics Used in This Study

ORA Metric Definition

Node count Total number of nodes (agents, staff members) in the network. Defines the size of the network.
Density Ratio of actual connections (technically Bedges[) between individuals to the possible connections in

a network. Density reflects the social level of organizational cohesion.
Weighted density For each link from one person to another, the frequency with which the other individual was

contacted. It is used in this study to weigh the strength of the above density connections.
Diffusion The speed at which information is transmitted throughout the network.
Average distance The average number of connections along the shortest paths for all possible pairs of network nodes.

Average distance provides a measure of information efficiency.
Total degree centrality How many neighbors a node hasVincludes both incoming (in-degree) and outgoing (out-degree)

communication.
Eigenvector centrality Measures the number of node connections to highly connected people. This node-level metric is

averaged to provide a network score. A person well connected to other well-connected people
can spread information quickly and can be critical if rapid communication is needed.

Betweenness centrality Measures the frequency with which connections must go through a single individual and identifies
those persons likely to be most central and influential.

Clustering coefficient Extent to which there are small clusters. The clustering coefficient gives a sense of the local characteristics
of the networkVhow information spreads by means of employee groups. A higher clustering coefficient
supports local information diffusion, as well as a decentralized infrastructure because employees are
likely to share information and know what is happening in their work group.
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Network Analysis

Networks for each PCU were created in ORA,30 and
their characteristics were described via the 9 network
metrics shown to be stable over the 4 data collection
periods. Like other SNA software, ORA uses both
attribute (eg, RN or patient care technician [PCT])
and relational (who is connected to whom) data to
compute numeric metrics (the 9 used in this study, for
example) and generate network visualizations using
a graphical user interface.18 The Statistical Package
for Social Sciences version 24 (SPSS Inc, Armonk, New
York) was used to analyze the data generated by ORA
and the nonnetwork survey responses. Because of the
small sample size (N = 24), statistical significance was
set at P e .10.

Results

Response Rates and Staff Demographics

Response rates differed by PCU (mean, 84.7% [SD,
13.1%]), with only 5 PCUs from 1 hospital achieving
the target rate of 90% at all 4 data collection periods
(Table 2). Response rates also varied by data collec-
tion period and, on average, were lowest during M4.
Of the 1578 respondents, 50% worked 7 AM to 7 PM,
42.5% worked 7 PM to 7 AM, and the remainder worked
other shifts. Most respondents were RNs (67%) or
PCTs (26%). Most staff had worked 1 to 3 years on
the PCU and rated today"s shift as Bnormal[ and their
own expertise as Bproficient[ (Table 3).

Comparing the Networks

Table 4 compares the statistically significant information-
sharing and advice ORA network metrics related to
safety outcomes at each data collection time. None of
the 9 ORA metrics in either network exhibited statis-
tically significant correlations at all 4 times data were
collected, but weighted density, total degree centrality,
and clustering coefficient were correlated with medi-
cation errors at baseline, M1, and M7 in the advice
network. In the information-sharing network, most
correlations with medication errors and falls occurred
at baseline and M7. One correlation was statistically
significant at M4 in the advice network; however,
correlations were in the same direction as other months.
No consistent explanation across all units explained why
M4 differed from the other 3 data collection results.

In both networks, node count and average dis-
tance were positively associated with more medication
errors, whereas density, weighted density, diffusion, total
degree centrality, eigenvector centrality, and cluster-
ing coefficient were associated with fewer medica-
tion errors. A similar pattern was observed for fall
rate, except for diffusion (which did not correlate in
either network) and betweenness centrality (which
related positively in the information-sharing network
and did not correlate in the advice network).

Few metrics correlated with HAPU prevalence.
node count correlated positively, and density, weighted
density, total degree centrality, and clustering coefficient
correlated negatively with HAPU prevalence in the

Table 2. Percentage of Staff Completing Questionnaires by Time of Data Collection, Hospital, and Unit

Hospital Unit Baseline Month 1 Month 4 Month 7 Mean

A 1 84.0 77.8 88.9 95.5 86.5
A 2 95.0 94.7 80.0 85.7 88.9
A 3 94.4 72.2 84.2 80.6 83.8
A 4 88.6 82.4 80.6 76.9 82.1
A 5 78.6 86.2 80.6 96.8 85.5
A 6 96.0 90.5 85.0 92.9 91.1
A 7 84.6 85.7 85.2 85.7 85.3
A 8 88.9 90.0 100 88.9 91.9
B 9 95.8 96.2 94.4 83.3 92.4
B 10 100 94.4 100 100 98.6
B 11 100 100 100 100 100.0
B 12 100 100 100 94.1 98.5
B 13 100 94.7 93.3 93.8 95.5
B 14 93.3 100 100 100 98.3
C 15 73.3 80.0 71.4 69.2 73.5
C 16 88.2 94.7 76.5 42.1 75.4
C 17 76.2 91.7 65.0 81.8 78.7
C 18 100 84.6 57.1 85.7 81.9
C 19 69.2 69.6 80.0 78.6 74.3
C 20 68.4 61.1 60.0 86.7 69.0
C 21 92.3 73.3 50.0 66.7 70.6
C 22 70.0 70.6 85.7 75.0 75.3
C 23 91.7 58.3 60.0 90.9 75.2
C 24 78.6 66.7 72.7 63.6 70.4
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information-sharing networkVbut each of these
correlations occurred at only 1 time period (all but
one at baseline). For the advice network, HAPU prev-
alence exhibited 3 significant correlations, each at a
different data collection period. Node count exhibited
a positive correlation, whereas diffusion and cluster-
ing coefficient exhibited negative correlations.

In both networks, when there were correlations
with outcomes in more than 1 data collection period,
the direction of the relationship was always the same,
and the magnitude of the relationship was usually
similar. The strongest correlations in both networks
were of node count (r = 0.62, P G .001) with falls.
Node count also exhibited a positive relationship
with medication errors (r = 0.52, P G .001) in both
networks. Total degree centrality and eigenvector cen-
trality were inversely related to medication errors
(r = j0.37 toj0.56, P G .05) and falls (r = j0.37 to
j0.53, P G .05) in both networks, whereas betweenness
centrality was positively related to falls (r = 0.40, P
G .10)only in the information-sharing network.

Discussion

Our data collection system was developed by the
research team for this project and consisted of a Web
site and an Android application. Despite a learning
curve for the research team, the system proved to be
highly efficient and prevented errors due to manual

copying from questionnaires to spreadsheets. The
method also allowed for direct download to ORA for
analysis, which substantially increased our efficiency.

There were 29 statistically significant correlations
of information-sharing network metrics with safety
outcomes: 12 each with medication errors and fall rate
and 5 with HAPU prevalence. None occurred at more
than 2 data collection times (nearly all at baseline
and/or month 7). For medication errors, 7 of 8 metrics
were statistically significant at baseline. For falls, 7 of
8 metrics were statistically significant at month 7 and
4 of 8 at baseline. The strongest correlations (r 9 0.5)
with medication errors occurred with node count,
weighted density, and total degree centrality. The
strongest correlations with fall rate were the same,
but with the addition of eigenvector centrality.

There were 25 statistically significant correlations
between advice network metrics and safety outcomes.
Most17 were with medication errors and only 7 with
fall rate. Three metrics associated with medication
errors (weighted density, total degree centrality, and
clustering coefficient) were statistically significant
75% of the time. All were negatively correlated with
medication errors.

Most statistically significant correlations occurred
at either baseline19 or month 7.23 Only 12 statistically
significant correlations occurred at month 1 (6 in each
network) and 1 at month 4 (advice network). HAPUs
were less prevalent than medication errors or falls,

Table 3. Staff Demographics by Data Collection Period

Characteristic Data Collection Period

Mean SDStaff Respondents Baseline Month 1 Month 4 Month 7

My shift todaya

Days 50% 48% 53% 50% 0.50 0.02
Nights 40% 44% 41% 45% 0.43 0.02
Other 10% 8% 4% 5% 0.07 0.02

Years on this unitb

G1 85 81 79 93 84.50 5.36
1-3 103 135 106 113 114.25 12.52
4-5 41 39 33 34 36.75 3.34
6-10 74 67 62 74 69.25 5.07
11-15 17 18 18 16 17.25 0.83
Q16 32 20 18 23 23.25 5.36

Self-rated RN expertiseb

Advanced beginner 20 14 18 23 18.75 3.27
Competent 69 55 63 50 59.25 7.29
Proficient 94 101 86 100 95.25 5.97
Expert 92 94 83 90 89.75 4.15

Self-rated unlicensed expertiseb

Advanced beginner 3 3 2 4 3 0.71
Competent 21 26 29 22 24.5 3.20
Proficient 52 55 38 59 51 7.91
Expert 56 48 44 52 50 4.47

aPercentage of respondents per category.
bNumber of respondents per category.
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which is likely why there were only 5 significant
HAPU correlations with the information-sharing
network and 3 with the advice network.

Although the pattern of relationships to safety
outcomes was similar in the 2 networks, there were
more statistically significant correlations with med-
ication errors in the advice network. As noted earlier,
for the information-sharing network, higher node
count and average distance were associated with more
medication errors, whereas higher density, diffusion,
centrality, and clustering coefficient metrics were asso-
ciated with fewer medication errors. In the current
study, the advice networks generated similar results
over more than 1 data collection time for weighted
density, total degree centrality, and clustering coeffi-
cient, suggesting that these may be stronger, more
stable relationships. This differs with the results of
the 2011 study,13 in which only higher betweenness
centrality was positively associated with more ad-
verse drug events (ADEs). This difference may be due
in part to the fact that in the 2011 study13 ADEs were
averaged over the 3-month period in which the staff
survey was conducted, rather than during the same
month. Neither study directly linked errors occurring
on the same day as data collection, which would be
ideal, but is not realistic because of the few, if any,
errors during a single day and the expense of daily
data collection.

In contrast to the results for medication errors, there
were more significant network metric correlations
with fall rate in the information-sharing network.
Density, weighted density, diffusion, and several cen-
trality metrics indicating more frequent communica-
tion among staff were negatively correlated with fall
rates. Node count is associated with unit character-
istics, such as the number of beds and patients; a
larger unit will have more staff. This finding suggests
that more staff, larger units (more beds), and more
patients result in more falls. In contrast, smaller units
(based on node count) are shown to have more frequent
staff interaction (density, weighted density), particu-
larly coordinated through knowledgeable staff (total
degree centrality, eigenvector centrality). In the study
of Effken et al,13 falls were positively correlated with
diffusion and negatively correlated with hierarchy
(not used in this study because of its instability). Sample
size may be partially responsible for this disparity, but
node count, weighted density, and average distance
were not reported in the 2011 study.

No correlation of a network metric with a safety
outcome was statistically significant at all 4 data col-
lection periods in either network. However, the direction
of relationship (positive or negative) was consistent
for each metric across networks. For example, with
higher node counts (ie, more staff and therefore larger
PCUs), there were more medication errors, falls, and

Table 4. Statistically Significant Correlations of ORA Network Metrics With Safety Outcomes by
Network and Data Collection Time

ORA Metric

Information-Sharing Network Advice Network

Medication Errors Fall Rate Pressure Ulcers Medication Errors Fall Rate Pressure Ulcers

Node count 0.52a B 0.62a M7 0.37b M1 0.52c B 0.62a M7 0.37b M1
Density j0.43c B j0.44d M1 j0.38d B j0.48d B j0.41d M1

j0.34b M7 j0.40b M7 j0.46d M7 j0.38b M7
Weighted density j0.56a B j0.37b M1 j0.36d B j0.44d B j0.48c M7

j0.51d M7 j0.38b M1
j0.40b M7

Diffusion j0.36b M7 j0.47d M7 j0.36b M4
Average distance 0.45c B 0.35b M7 0.46d B 0.38b M1

0.44d M1 0.39b M7
Total degree centrality j0.56a B j0.37b M1 j0.35d B j0.44d B j0.48d M7

j0.56a M7 j0.52c M7 j0.37b M1
j0.40b M7

Eigenvector centrality j0.50c B j0.53c M7 j0.46d B j0.43d M7

j0.38d M7 j0.38b M7
Betweenness centrality 0.40b M1
Clustering coefficient j0.49c B j0.40d M1 j0.37b B j0.46d B j0.39b B

j0.40b M7 j0.46d M1
j0.47d M7

Abbreviations: B, baseline; M1, month 1; M4, month 4; M7, month 7.
a = P e .001.
bP e .10.
c = P e .01.
d = P e .05.
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HAPUs. By contrast, when density was higher, there
were fewer medication errors, falls, and HAPUs. In
the previous study,13 there were differences in the
direction of some of the metrics when related to falls
and medication errors, suggesting that a nursing inter-
vention to fix one might not fix the other. In part, this
difference may be due to the use of only stable metrics
in this longitudinal study.

Limitations

We acknowledge several limitations to the current
study.

� Linking patient outcomes to PCU communica-
tion network characteristics is difficult because
the frequency of safety outcomes varies (essen-
tially rendering them unstable over time), making
it problematic to link outcomes to the specific
day of data collection. This may be why few
studies have attempted to link network char-
acteristics to patient outcomes. Benton et al16

and Chambers et al19 agree that most SNA studies
in healthcare to date have been purely descrip-
tive; future researchers must seek evidence that
changing specific communication patterns can
influence patient outcomes. New methods and
large sample sizes are indicated.
� The current study included PCUs from only 3

hospitals. This limited the variance in PCUs.
� Having data about PCU culture would likely have

been of help in understanding PCU contexts,
but we erred on the side of limiting participant
fatigue.
� We focused only on PCU staff, omitting other

professionals, because this best represents the
core nursing team. In the future, researchers
should collect data from all professions who
interact on the PCU.
� PCU response rates did not achieve our 90%

target. Consequently, there were gaps in net-
works that may have limited our ability to
detect some network metric relationships with
safety outcomes.
� The survey questions providing data to generate

the 2 networks were asked in successionVwith
only the question inquiring about the relative
trustworthiness of the information received
separating them. This may have led respon-
dents to provide similar answers to the ques-
tions. In the future, the questions should be
counterbalanced.
� We used self-report SNA data to generate the

communication networks. This is the most
frequently used method to collect SNA data
but may not be the most accurate. More direct

observation methods (eg,35) could validate self-
reports, but the methods are labor intensive
and may be perceived as intrusive.

Implications for Management

SNA offers managers a way to identify potentially
actionable PCU-level communication issues that can
affect patient safety outcomes (specifically, medication
errors and patient falls). The fact that a set of network
metrics has been shown to be stable over a 7-month
period despite variation in individual staff36 suggests
that SNA data for PCUs can be used by managers over at
least a 7-month period to assess communication patterns
and implement changes as long as no other major
organizational changes intervene (even stable metrics
can be influenced by massive change). The common
direction of significance for metrics associated with the
3 safety outcomes in the current study suggests that the
same systemic interventions in PCU communication
networks could reduce medication errors, falls, and
HAPUs. Being able to collect data by handheld devices
and upload them to a Web site where they were auto-
matically converted to the format required by ORA
for SNA analysis and reports may make collecting and
using SNA data more feasible for management.

Conclusion

In this longitudinal SNA study of 24 acute care PCUs
in the Southwest United States, we compared 2 com-
munication networks, an information-sharing network
and an advice network, collecting data to create the
networks via questionnaire at the end of staff shifts.
Certain communication network characteristics de-
noted by those network metrics shown to be stable
over a 7-month period were related to increased fre-
quency of medication errors and patient falls. Larger
PCUs (high node count) were positively associated with
more medication errors, whereas more patient-related
communication (density, weighted density, and total
degree centrality) was associated with fewer medica-
tion errors. More frequent patient-related communi-
cation was associated with lower fall rates whereas
PCU size (higher node count) was associated with
higher fall rates. Of the 29 statistically significant
correlations of information-sharing network metrics
with safety outcomes, there were 12 each with medi-
cation errors and fall rate. This contrasts with the advice
network, in which there were more correlations17 with
medication errors than with falls.7 These results suggest
that there is a significant difference in the kind of
communication that should be targeted by researchers
and managers related to a safety outcome. There were
few statistically significant relationships to HAPUs,
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likely because of their low prevalence. Further research
is needed to validate these results in larger, more diverse

samples and perhaps incorporating direct observation
methods as well.
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