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Abstract

Background: Health care organizations (HCOs) adopt strategies (eg. physical distancing) to protect clinicians and patientsin
intensive care units (ICUs) during the COVID-19 pandemic. Many care activities physically performed before the COVID-19
pandemic have transitioned to virtual systems during the pandemic. These transitions can interfere with collaboration structures
in the ICU, which may impact clinical outcomes. Understanding the differences can help HCOs identify challenges when
transitioning physical collaboration to the virtual setting in the post—COVID-19 era.

Objective:  This study aims to leverage network analysis to determine the changes in neonatal ICU (NICU) collaboration
structures from the pre—to the intra~COVID-19 era.

Methods: In this retrospective study, we applied network analysis to the utilization of electronic health records (EHRS) of 712
critically ill neonates (pre-COVID-19, n=386; intra—COVD-19, n=326, excluding those with COV1D-19) admitted to the NICU
of Vanderbilt University Medica Center between September 1, 2019, and June 30, 2020, to assess collaboration between clinicians.
We characterized pre-COVID-19 as the period of September-December 2019 and intra—COVID-19 as the period of March-June
2020. These 2 groups were compared using patients' clinical characteristics, including age, sex, race, length of stay (LOS), and
discharge dispositions. We leveraged the clinicians’ actions committed to the patients EHRS to measure clinician-clinician
connections. We characterized acollaboration relationship (ti€) between 2 clinicians as actioning EHRs of the same patient within
the same day. On defining collaboration relationship, we built pre- and intra—-COVID-19 networks. We used 3 sociometric
measurements, including eigenvector centrality, eccentricity, and betweenness, to quantify aclinician’s leadership, collaboration
difficulty, and broad skill setsin anetwork, respectively. We assessed the extent to which the eigenvector centrality, eccentricity,
and betweenness of cliniciansin the 2 networks are statistically different, using Mann-Whitney U tests (95% ClI).

Results: Collaboration difficulty increased from the pre— to intra—-COVID-19 periods (median eccentricity: 3 vs 4; P<.001).
Nurses had reduced leadership (median eigenvector centrality: 0.183 vs 0.087; P<.001), and neonatologists with broader skill
sets cared for more patientsin the NICU structure during the pandemic (median betweenness centrality: 0.0001 vs 0.005; P<.001).
The pre- and intra—COV I1D-19 patient groups shared similar distributions in sex (~0 difference), race (4% difference in White,
and 3% differencein African American), LOS (interquartile range differencein 1.5 days), and discharge dispositions (~0 difference
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in home, 2% differencein expired, and 2% differencein others). There were no significant differencesin the patient demographics

and outcomes between the 2 groups.

Conclusions. Management of NICU-admitted patientstypically requires multidisciplinary careteams. Understanding collaboration
structures can provide fine-grained evidence to potentially refine or optimize existing teamwork in the NICU.

(J Med Internet Res 2021;23(10):€27261) doi: 10.2196/27261
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Introduction

Health care organizations (HCOs) change intensive care unit
(ICU) staffing and follow physical distancing policy during the
COVID-19 pandemic to protect clinicians and patients [1,2].
For instance, many physical care activities beforethe COVID-19
pandemic have been transitioning to virtual systems, such as
electronic health records (EHRS) or telehealth [3-5]. These
changes can interfere with the structures of teamwork in the
ICU, which may impact clinical outcomes. The changesinICU
structures and outcomes from pre—to intra—COV1D-19 periods
have not been systematically investigated. Therefore, challenges
are unclear when hedth care delivery disruptions (eg,
pandemics) or major transitions (physical to virtual
collaboration) occur in the post—COVID-19 era.

One of the magjor challenges to analyzing ICU structures and
quantifying their changes is that the ICU structures are
historically developed at a coarse-grained level, which seldom
considers connections among clinicians in a team owing to
dynamic and complex clinical workflows, shifts, and handovers
[6-9]. Understanding how clinicians connect (eg, sharing and
exchanging health information) within their clinical teamswhen
caring for patients can provide fine-grained evidence to
potentialy refine or optimize existing ICU structures.

In modern health care, an increasing number of clinicians utilize
EHR to diagnose and treat patients by exchanging all medical
statuses [10,11]. Therefore, the volume of the EHR system
utilization data has been increasing exponentialy in recent years,
providing abundant resources to identify connections between
clinicians. Recent studies applied network analysis to EHR
utilization data to measure connections among clinicians
[12-15]. They found EHR system utilization data to potentially
bearich resourceto beleveraged to model relationshipsamong
clinicians. Recent studies have also shown that network analysis
methods and data within the EHR can also be utilized to learn
collaboration structures in ICUs [8,9,16]. Based on previous
studies, this study leverages network analysis methods to learn
structures of the neonatal ICU (NICU) in pre- and
intra—~COVID-19 erasin termsof collaboration among clinicians,
and compares differencesin the structures. Patients hospitalized
inthe NICU include high-risk infants who may be or are at risk
for avariety of complex diseasesor conditions. The management
of NICU patientstypically requires multidisciplinary careteams
(eg, neonata frontline providers, ancillary staff, nurses,
neonatologists, residents, support staff, respiratory therapists,
neonatal fellows, and highly specialized consultants) [17-19].
We investigate the connections among clinicians in a
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tertiary-level NICU, which has a high density of intense EHR
utilization and heavy data sharing traffic per patient episode
[8,9], making thisenvironment ideal for our |CU structure studly.

Methods

To describe our work systematically, we used the reporting
checklist for quality improvement in health care (Multimedia
Appendix 1), which is based on the SQUIRE 2.0 guidelines
[20].

We extracted EHRs for al patients admitted to the NICU at
Vanderbilt University Medical Center (VUMC, Nashville,
Tennessee) between September 1, 2019, and June 30, 2020. We
characterized pre-COVID-19 as the period of September
through December 2019 and intra—COVID-19 as the period of
March through June 2020. We used network analysis methods
to analyze the EHRs of 712 NICU patients (pre-COVID-19
patients, n=386; intra—COV I D-19 patients, n=326), excluding
those with COVID-19, to assess clinician networks to describe
pre-COVID-19 and intra—COVID-19 teamwork structures.
These 2 groups were compared using patients clinical
characteristics, including their age, sex, race, length of stay
(LOS), and discharge dispositions.

To protect patient confidentiaity, analysis of EHR data was
conducted at a data analysis server located at the VUMC. The
EHR data used in this study were physically housed in a secure
room at the VUMC's data center. All connections made to the
servers were made in an encrypted manner and used Secure
Shell technology from known computers. A unique login and
password were set for each authorized individual. All protected
health data remained on the server, and no copy of the datawas
provided to unauthorized parties. The Vanderbilt institutional
review board reviewed and approved the study (protocol No.
200792).

Clinicians' EHR actions stemmed from different tasks, including
conditions (eg, assessing a patient’s condition), procedures (eg,
intubation), medications (eg, prescription drugs), notes (eg,
progress note writing), orders (eg, |aboratory test ordering), and
measurements (eg, measuring blood pressure). We leveraged
the actions committed to the EHRs of patients by clinicians to
measure clinician-clinician connections. Prior research shows
that a 1-day window can capture meaningful collaborative
relationshipsamong clinicians [12-15]. Based on their findings,
we characterized a collaboration relationship (tie) between 2
cliniciansasthey performed actionsto EHRs of the same patient
within the same day (24 hours). This definition can capture
different types of interactions between clinicians. Thefirst type
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isthe asynchronousinteractions between clinicians; for instance,
a clinician created a medication order at 9 AM, and another
clinician reviewed and processed the order at 11 AM on the
same day. Thus, the 2 clinicians had an asynchronous
collaboration in terms of order creation and processing. The
second type is the interactions between clinicians during shifts
or handoffs, which are among the most critical aspects of
collaboration owing to the medical errorsthat occur during the
transition between clinicians [17-19,21]. For instance, 2 nurses
(oncoming and ongoing) were responsiblefor a patient’s handoff
or shift at 7 PM. The 2 nurses may perform some actions to
EHRs of the patient before, during, or after the handoff/shift,
which can be captured by our definition of collaboration
relationship, to build aconnection between them. Thethird type
is the interactions between clinicians built on their
documentation in EHRs or messages in the basket, a
communication hub where clinicians can send and receive secure
messages. For instance, 2 clinicianswork together during patient
care without interacting with EHRs, but both made some
documentation later. Based on our collaboration definition, the
2 clinicians till have a connection built between them. We
quantified the weight of a relation between 2 clinicians as the
number of patients they co-managed on the same day, which
can be learned from EHRs. We referred to each patient on that
day asapatient day. Therelation’sfinal weight isthe cumulative
number of patient days the 2 clinicians interacted by
co-managing patients during our investigated time window (4
months). Thus, we built the pre—and intra—COV1D-19 networks.

Formally, the nodesin the pre— and intra—COV 1 D-19 networks
weredefined asZy,. = {2, 2, ..., 2o} and Ziyea = {21, 2, -, Z}
respectively. To better interpret the networks, we used the
clinician’'s specialty (eg, respiratory therapist or NICU registered
nurse) to label each node. Specidties in the pre- and
intra-COVD-19 networks are referenced as EXPy,, = {exp,
Py, ... &Pyt and EXPiya = {expy, expy ... expy},
respectively. Z and EXP are used to describe the compositions
of the pre—and intra—COV I D-19 networks.

We leveraged sociometric measurements, including el genvector
centrality [22], betweenness centrality [23], and eccentricity
[24], to quantify the network structures. Eigenvector centrality
is the measure of the influence of anode in a network [22]. In
a health care EHR setting, high eigenvector centrality implies
that the clinician has a very active role and serves asa hub in
information sharing and dissemination. Betweenness is a
measure of centrality based on the shortest pathsin a network;
it is calculated as the number of times a hode acts as a bridge
along the shortest path between two other nodes [23]. A node
with higher betweenness centrality has more control in the
network because owing to its shorter pathsto other nodes, more
information will pass through that node. Eccentricity of anode
in a network is the maximum distance from the node to any
other node [24]. In aclinician setting, eccentricity isthe radius
from one clinician to another, which is the largest distance. A
larger eccentricity implies that there many more steps to share
information with another clinician. Therefore, we characterized
eigenvector centrality asindicating aclinician’sleadership (hub)
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in terms of collaboration, betweenness centrality as
demonstrating aclinician caresfor awide spectrum (bridge) of
patients, and eccentricity as showing the difficulty for aclinician
to collaborate with others. Figure 1 shows 3 networks to
illustrate each of the 3 sociometric measurements, respectively.
We used Gephi, an open-source network analysis and
visualization software package [25], to calculate eigenvector
centrality, betweenness centrality, and eccentricity for each of
the nodes in the pre— and intra—COV I D-19 networks.

We investigated whether the differences in the clinician
leadership, who care for a wide spectrum of patients, and
collaboration difficulty are statistically different between pre—
and intra—-COVID-19 networks. In addition, we investigated
changes in 2 outcome metrics, including LOS and discharge
dispositions, from the pre—to the intra—COV I D-19 periods. We
applied Mann-Whitney U tests at a 95% CI to account for the
non-Gaussi an distribution of the sociometric measurementsand
outcomes. Since the pre- and intra—COVID-19 networks are
composed of clinicianswith different specialties, we compared
the differences at both network (entire network) and specialty
(each specialty) levels. We applied a Bonferroni correction to
account for multiple hypothesistesting (eg, pairwisetest for the
specialty-level comparisons).

For each investigated specialty (eg, NICU nurse), we
investigated whether clinicians affiliated with the specialty in
the pre-COVID-19 network have significantly higher values
of eigenvector centrality, betweenness centrality, or eccentricity
than those offiliated with the same specialty in the
intra—COVID-19 network. We focused on the 6 specialties that
play essential rolesin NICU care, which included NICU nurses,
nurse practitioners, residents, respiratory therapists, cardiac ICU
nurses, and neonatologists. For an investigated specialty, we
created 2 arrays, one with values of asociometric measurement
(eg, eigenvector centrality) of nodes (clinicians) affiliated with
the specialty in the pre-COVID-19 network and the other for
the values of the same sociometric measurement of clinicians
affiliated with the same speciaty in the intra—-COVID-19
network.

We further tested the differences in the eigenvector centrality,
betweenness centrality, and eccentricity between pre— and
intra—COVID-19 networks using all specidties in the 2
networks. The hypothesis test is of the following form: there
aresignificant differencesin eigenvector centrality, betweenness
centrality, or eccentricity between the pre—and intra—COV1D-19
networks. Within anetwork, we measured eigenvector centrality,
betweenness centrality, or eccentricity for a speciaty by
caculating the mean values of eigenvector centrality,
betweenness centrality, or eccentricity of all clinicians affiliated
with that specialty in the network. For pre—or intra=COVID-19
networks, we devel oped an array of specialties, whose cell value
isthe value of a specialty’s sociometric.

The data sets generated and analyzed during the current study
are not publicly available in order to maintain the privacy of
the patient information investigated in this study, but they are
available from the corresponding author on reasonable request.
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Figure 1. Example networksto illustrate (A) eigenvector centrality, (B) betweenness centrality, and (C) eccentricity.

High eigenvector centrality

A. A node with high eigenvector centrality serves as a hub in the network

High betweenness centrality

B. A node with high betweenness centrality serves as a bottleneck in the network

/ High eccentricity

C. The eccentricity is the maximum graph distance between two nodes (a red solid

line 1s an example of high eccentricity)

Results

The pre- and intra—-COVID-19 patient groups share similar
distributions (Table 1) in sex (-0 difference), race (4%
difference in White, and 3% difference in African American),
LOS (IQR difference in 1.5 days), and discharge dispositions
(~0 difference in home, 2% difference in expired, and 2%
difference in others). There were no significant differencesin
patient demographics and outcomes between the 2 groups.

https://www.jmir.org/2021/10/e27261
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There are severa notable findings in network analysis to
highlight. First, the intra—COVID-19 NICU structure had a
higher eccentricity (collaboration difficulty) than the
pre-COVID-19 (median 3 vs4; P<.001). Second, NICU nurses
had alower eigenvector centrality (leadership in collaboration)
in the intra~COVID-19 structure than the pre-COVID-19
(median 0.183 vs 0.087; P<.001). Third, neonatology physicians
had a higher betweenness centrality (care for awider spectrum
of patients) in the intra~COVID-19 than in the pre-COVID-19
structure (median 0.0001 vs 0.005; P<.005).
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Table 1. Characteristics of patients admitted to the neonatal intensive care unit in the pre— and intra~COVD-19 groups (N=712).

Characteristics

Pre-COVID-19 group (n=386)

Intra—COVID-19 group (n=326)

Demographic information

Age (days), median (IQR)

0.0 (0.0-0.0); maximum, 149.0

0.0 (0.0-0.0); max-imum, 97.0

Sex, n (%)
Female 159 (41.2) 134 (41.1)
Male 159 (41.2) 134 (41.1)
Race, n (%)
White 258 (66.8) 231 (70.9)
African American 64 (16.6) 43(13.2)
Asian 16 (4.1) 6(18)
Other 47 (12.2) 46 (14.1)
Ethnicity, n (%)
Non-Hispanic 331(85.8) 283 (86.8)
Latino 50 (13.0) 32(9.8)
Unknown 5(1.3) 11(3.4)
Outcomes
Length of stay, median (IQR) 10.0 (4.0-20.0) 9.0(3.3-21.8)
Hospital disposition, n (%)
Home 354 (91.7) 299 (91.7)
Expired 27 (7.0) 16 (4.9)
Hospice 2(0.5) 2(0.6)
Short-term hospital 3(0.8) 8(2.4)
Others 0(0) 1(0.3)

Figure 2 shows the pre— and intra~COVID-19 networks from
different perspectives. Figure 2A shows that the
intra—COVID-19 network is larger, implying that the 6 types
of clinicians are likely to be more difficult to collaborate with
others (higher eccentricity) in the intra—COVID-19 NICU care
than those in the pre-COVID-19 NICU care (median 4 vs 3;
P<.001). This higher eccentricity in intra-COVID-19 implies
that there is more distance from one node to any other node
within the network. Compared to nurse practitioners and
neonatology physicians, nurses’ leadership (eigenvector
centrality) reduced from the pre—to intra—COVID-19 networks
(median 0.183 vs 0.087; P<.001), as shown in Figure 2B. This

https://www.jmir.org/2021/10/e27261

reduced leadership implies that nurses were less active during
the intra—COVID-19 period. Nurses do not occupy central
positionsin the intra~COV1D-19 network, and they have more
connections in the pre-COVID-19 period than in the
intra—COVID-19 period, as shown in Figure 2C. Neonatology
physicians care for a wider spectrum of patients (high
betweenness centrality) in intra~COVID-19 NICU care than
those in pre-COVID-19 NICU care (median 0.005 vs 0.0001;
P<.001), as shown in Figure 2D. Therefore, during the
COVID-19 pandemic, neonatology physicians have a higher
number of shorter paths to other nodes within the network.
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Figure 2. Overviews of the eccentricity of the 6 types of cliniciansin (A) the pre- and intra~COVID-19 networks, (B) overviews of the eigenvector
centrality of nurses, nurse practitioners, and neonatology physiciansin the pre— and intra—COV ID-19 networks, (C) subnetworks of NICU nurses and
their eigenvector centrality in the pre— and intra~COVD-19 settings, and (D) subnetworks of neonatology physicians and their betweenness centrality
in the pre—and intra-COV 1D-19 settings. The legend in the center shows the colors of the 6 roles, which have the largest number of clinicians affiliated.
The eccentricity is directly correlated with the corresponding node size in (A), the eigenvector centrality is directly correlated with the corresponding
node sizein (B) and (C), and the betweenness centrality is directly correlated with the corresponding node sizein (D). ICU: intensive care unit, NICU:

neonatal intensive care unit.

Pre-COVID-19

Intra—COVID-19

A. An overview of the clinician eccentricity in the pre—

COVID-19 and intra—COVID-19 networks speciality

NICU Nurse

Pre-COVID-19

Intra—COVID-19

B. An overview of changes in eigencentrality for NICU
nurses, nurse practitioners, and neonatology physicians
from the pre-COVID-19 to the intra—COVID-19 networks

Resident Physician
Nurse Practitioner
[l Respiratory Therapist
[l Cardiac ICU Nurse
[ ] Neonatology Physician

Pre—COVID-19 Intra—COVID-19

C. An overview of the NICU nurse eigencentrality in the
pre—COVID-19 and the intra—COVID-19 NICU nurse
subnetworks

Discussion

Principal Findings

Tofollow the COVID-19 physical distancing policy, theVUMC
involves new EHR use practices to provide care for patients
during the COVID-19 pandemic. The collaboration difficulty
(increased eccentricity) can be a potential problem in the new
EHR use practices. In the post—COVID-19 era, when HCOs
plan to promote more collaboration in virtua platforms, they
may need to develop staffing strategies to reduce the
collaboration difficulty in EHRs.

Neonatologists care for a wider spectrum of patients (higher
betweenness centraity) when using EHRs during the COVID-19

https://www.jmir.org/2021/10/e27261

Pre—COVID-19 Intra—COVID-19

D. An overview of the neonatology physician
betweenness in the pre—COVID-19 and the intra—COVID-
19 neonatology physician subnetworks

pandemic. HCOs may need to develop educational strategies
to promote EHR collaboration between neonatol ogists and other
cliniciansto improve teamwork efficiency and NICU outcomes
in the post—-COVID-19 era. NICU nurses have reduced
leadership (lower eigenvector centrality) in cooperation,
suggesting that increased EHR use may reduce nurses’ workload
in the collaboration.

Our results for network analysis of collaboration structures
demonstrate changes in virtual care from the pre- to the
intra—COV1D-19 periods. Findingsin prior literature also reflect
our results. Reeves et al [26] reported the increasing utilization
of electronic check-in, standard ordering and documentation,
secure messaging, real-time data analytics, and telemedicine
during the COV1D-19 pandemic, compared to those before the
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pandemic. Furthermore, Wosik et al [5] examined how people,
processes, and technology (EHRS) work together to support a
successful virtual care transformation.

Our results show there are no significant changesin LOS and
discharge dispositions, which indicatesthe changesin clinicians
connections to protect patients and health care professionals
during the COVID-19 pandemic have few impacts on the 2
outcomes. However, the effect of the changes on the satisfaction
of patients’ families and clinicians has not been investigated.
Although our results are dependent on an investigation of 1
health system, the network analysis methods used in our study
could be used to extrapolate results in different countries with
different health care systems.

Limitations

There are severa limitations in this pilot study, which should
be recognized. The characteristics of the NICU structures
learned from this single-center analysis could provide some
reference for other HCOs when they assess their NICU
structures. However, VUMC NICU is a highly collaborative
environment, which should be considered when interpreting the
results and findings. Second, there is a lack of standard
terminology for characterizing NI CU specialties. Common data
models for clinician types would improve the quality of our
study and assist in the transition of our methodology to other
institutions. Third, we assumed that 2 clinicians have a
connection when they commit actions to the EHRs of patients
on the same day. Although such an assumption can capture
collaboration relationships among clinicians, it may also reveal
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many spurious relationships. This assumption also only looks
at clinician connections within the EHR; failing to identify
in-person (eg, discussing patient results with another clinician)
or virtual interactions (eg, Zoom meetings). Furthermore, the
connection between the 2 clinicians indicates potential
collaboration (information sharing) rather than actual
collaboration. Finally, fine-grained EHR actions are required
to add contextual information to the rel ations between clinicians.
For instance, the connection between a nurse and a consultant
is created on the basis of their communications in flowsheets
data

Conclusions

The devel oped network methods can be effective toolsto assess
differences in collaboration structures in current and future
disruptions in health care delivery (eg, pandemics) and major
transitions (physical to virtual collaboration) adopted by HCOs.
The methods and the results of our study can also be used to
analyzeclinician’sleadership, collaboration difficulty, and broad
skill sets in different health care studies. In future studies,
recruiting subject matter experts (eg, clinics) to evaluate the
learned connections and ICU structures will be required to
validate the results. This knowledge of connections among
clinicians can assist HCOs with developing more specific
staffing strategies, which may improve care quality and patient
outcomes.

Clinical Trial Registration
Non—clinical trial study.

This research was supported, in part, by the National Library of Medicine of the National Institutes of Health (award no.
RO1LM012854) and the National Science Foundation (award no. 1757644). The content is solely the responsibility of the authors
and does not necessarily represent the official views of the National Institutes of Health and National Science Foundation.

Authors Contributions

HM performed the dataanalysis, methods design and devel opment, experiment design, evaluation and interpretation of the results,
and manuscript writing. CY performed the data collection, dataanalysis, evaluation and interpretation of the experimental results,
and the revision of the manuscript. Y G performed the evaluation and interpretation of the experimental results and the revision
of the manuscript. MWA performed the eval uation and interpretation of the experimental results and the revision of the manuscript.
DF performed the evaluation and interpretation of the experimental results and the revision of the manuscript. Y C conceived the
study and performed the data collection and analysis, methods design and development, experiment design, evaluation and
interpretation, and manuscript writing. All authors read and approved the final manuscript.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Reporting checklist for quality improvement in health care.
[DOCX File, 25 KB-Multimedia Appendix 1]

References

1. Black JRM, Bailey C, Przewrocka J, Dijkstra KK, Swanton C. COVID-19: the case for health-care worker screening to
prevent hospital transmission. Lancet 2020 May 02;395(10234):1418-1420 [FREE Full text] [doi:
10.1016/S0140-6736(20)30917-X] [Medline: 32305073]

https://www.jmir.org/2021/10/e27261 JMed Internet Res 2021 | vol. 23 | iss. 10 | €27261 | p. 7

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v23i10e27261_app1.docx&filename=d175e5b6769bd29d43099a285b933c83.docx
https://jmir.org/api/download?alt_name=jmir_v23i10e27261_app1.docx&filename=d175e5b6769bd29d43099a285b933c83.docx
http://europepmc.org/abstract/MED/32305073
http://dx.doi.org/10.1016/S0140-6736(20)30917-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32305073&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Mannering et &

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Abir M, Nelson C, Chan E, Al-lbrahim H, Cutter C, Patel K, et al. RAND Ciritical Care Surge Response Tool An Excel-Based
Model for Helping Hospitals Respond to the COVID-19 Crisis. RAND Corporation. 2020. URL : https.//www.rand.org/
pubs/toolS/TLA164-1.html [accessed 2021-10-14]

Valdez R, Rogers C, Claypool H, Trieshmann L, Frye O, Wellbeloved-Stone C, et al. Ensuring full participation of people
with disabilitiesin an era of telehealth. JAm Med Inform Assoc 2021 Feb 15;28(2):389-392 [FREE Full text] [doi:
10.1093/jamialocaa297] [Medline: 33325524]

Kennedy NR, Steinberg A, Arnold RM, Doshi AA, White DB, Del air W, et al. Perspectives on Telephone and Video
Communication in the Intensive Care Unit during COVID-19. Annh Am Thorac Soc 2021 May;18(5):838-847 [FREE Full
text] [doi: 10.1513/Annal SAT S.202006-7290C] [Medline: 33181033]

Wosik J, Fudim M, Cameron B, Gellad Z, Cho A, Phinney D, et a. Telehealth transformation: COVID-19 and the rise of
virtual care. JAm Med Inform Assoc 2020 Jun 01;27(6):957-962 [ FREE Full text] [doi: 10.1093/jamia/ocaa067] [Medline:
32311034]

Shime N. ICU staffing models and patient outcomes. J Intensive Care 2019;7:24 [FREE Full text] [doi:
10.1186/s40560-019-0380-6] [Medline: 31049202]

Michard F, Saugel B, Valet B. Rethinking the post-COV I D-19 pandemic hospital: more ICU beds or smart monitoring on
thewards? Intensive Care Med 2020 Sep;46(9):1792-1793 [ FREE Full text] [doi: 10.1007/s00134-020-06163-7] [Medline:
32613430]

Chen 'Y, Lehmann CU, Hatch LD, Schremp E, Malin BA, France DJ. Modeling Care Team Structures in the Neonatal
Intensive Care Unit through Network Analysis of EHR Audit Logs. Methods Inf Med 2019 Nov;58(4-05):109-123 [FREE
Full text] [doi: 10.1055/s-0040-1702237] [Medline: 32170716]

Kim C, Lehmann C, Hatch D, Schildcrout J, France D, Chen Y. Provider Networks in the Neonatal | ntensive Care Unit
Associate with Length of Stay. |IEEE Conf Collab Internet Comput 2019 Dec;2019:127-134 [FREE Full text] [doi:
10.1109/CIC48465.2019.00024] [Medline: 32637942]

Reitz R, Common K, Fifield B, Stiasny E. Collaboration in the presence of an electronic health record. Fam Syst Health
2012 Mar;30(1):72-80. [doi: 10.1037/a0027016] [Medline: 22429079]

Noteboom C, Motorny S, Qureshi S, Sarnikar S. Meaningful use of electronic health records for physician collaboration:
A patient centered health care perspective. 2014 Presented at: 2014 47th Hawaii International Conference on System
Sciences; January 6-9, 2014; Waikoloa, HI p. 656-666. [doi: 10.1109/HICSS.2014.87]

Chen'Y, Patel M, McNaughton C, Malin B. Interaction patterns of trauma providers are associated with length of stay. J
Am Med Inform Assoc 2018 Jul 01;25(7):790-799 [EREE Full text] [doi: 10.1093/jamia/ocy009] [Medline: 29481625]
Chen, Yan C, Patel MB. Network Analysis Subtletiesin ICU Structures and Outcomes. Am JRespir Crit Care Med 2020
Dec 01;202(11):1606-1607 [FREE Full text] [doi: 10.1164/rccm.202008-3114L E] [Medline: 32931298]

Kelly CostaD, Liu H, Boltey EM, Yakusheva O. The Structure of Critical Care Nursing Teams and Patient Outcomes: A
Network Analysis. Am J Respir Crit Care Med 2020 Feb 15;201(4):483-485 [FREE Full text] [doi:
10.1164/rccm.201903-0543LE] [Medline: 31626555]

Chen'Y, Lorenzi N, Sandberg W, Wolgast K, Malin B. Identifying collaborative care teams through el ectronic medical
record utilization patterns. JAm Med Inform Assoc 2017 Apr 01;24(el):e111-e120 [FREE Full text] [doi:
10.1093/jamia/ocw124] [Medline: 27570217]

Yan C, Zhang X, Gao C, Wilfong E, Casey J, France D, et al. Collaboration Structuresin COVID-19 Critical Care:
Retrospective Network Analysis Study. JIMIR Hum Factors 2021 Mar 08;8(1):€25724 [ FREE Full text] [doi: 10.2196/25724]
[Medline: 33621187]

Vandenberg KA. Individualized developmental care for high risk newbornsin the NICU: a practice guideline. Early Hum
Dev 2007 Jul;83(7):433-442. [doi: 10.1016/j.earlhumdev.2007.03.008] [Medline: 17467932]

Purdy I, Melwak M, Smith J, Kenner C, Chuffo-Siewert R, Ryan D, et al. Neonatal Nurses NICU Quality Improvement:
Embracing EBP Recommendations to Provide Parent Psychosocial Support. Adv Neonatal Care 2017 Feb;17(1):33-44.
[doi: 10.1097/ANC.0000000000000352] [Medline: 27763909]

Subedi D, DeBoer MD, Scharf RJ. Developmental trajectoriesin children with prolonged NICU stays. Arch Dis Child
2017 Jan;102(1):29-34. [doi: 10.1136/archdischild-2016-310777] [Medline: 27637907]

Ogrinc G, Davies L, Goodman D, Batalden P, Davidoff F, Stevens D. Squire 2.0 (Standards for Quality Improvement
Reporting Excellence): revised publication guidelines from a detailed consensus process. Am J Crit Care 2015
Nov;24(6):466-473. [doi: 10.4037/ajcc2015455] [Medline: 26523003]

Greenwald J, Denham C, Jack B. The hospital discharge: areview of ahigh risk care transition with highlights of a
reengineered discharge process. J Patient Saf 2007;3(2):97-106. [doi: 10.1097/01.jps.0000236916.94696.12]

Laportal, Afonso J, Mesquita l. The need for weighting indirect connections between game variables: Social Network
Analysis and eigenvector centrality applied to high-level men’svolleyball. International Journal of Performance Analysis
in Sport 2018 Dec 03;18(6):1067-1077. [doi: 10.1080/24748668.2018.1553094]

Meghanathan N. A computationally lightweight and localized centrality metric in lieu of betweenness centrality for complex
network analysis. Vietham J Comput Sci 2016 Jun 17;4(1):23-38. [doi: 10.1007/s40595-016-0073-1]

https://www.jmir.org/2021/10/e27261 JMed Internet Res 2021 | vol. 23 | iss. 10 | €27261 | p. 8

(page number not for citation purposes)


https://www.rand.org/pubs/tools/TLA164-1.html
https://www.rand.org/pubs/tools/TLA164-1.html
http://europepmc.org/abstract/MED/33325524
http://dx.doi.org/10.1093/jamia/ocaa297
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33325524&dopt=Abstract
http://europepmc.org/abstract/MED/33181033
http://europepmc.org/abstract/MED/33181033
http://dx.doi.org/10.1513/AnnalsATS.202006-729OC
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33181033&dopt=Abstract
http://europepmc.org/abstract/MED/32311034
http://dx.doi.org/10.1093/jamia/ocaa067
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32311034&dopt=Abstract
https://jintensivecare.biomedcentral.com/articles/10.1186/s40560-019-0380-6
http://dx.doi.org/10.1186/s40560-019-0380-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31049202&dopt=Abstract
http://europepmc.org/abstract/MED/32613430
http://dx.doi.org/10.1007/s00134-020-06163-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32613430&dopt=Abstract
http://europepmc.org/abstract/MED/32170716
http://europepmc.org/abstract/MED/32170716
http://dx.doi.org/10.1055/s-0040-1702237
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32170716&dopt=Abstract
http://europepmc.org/abstract/MED/32637942
http://dx.doi.org/10.1109/CIC48465.2019.00024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32637942&dopt=Abstract
http://dx.doi.org/10.1037/a0027016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22429079&dopt=Abstract
http://dx.doi.org/10.1109/HICSS.2014.87
http://europepmc.org/abstract/MED/29481625
http://dx.doi.org/10.1093/jamia/ocy009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29481625&dopt=Abstract
http://europepmc.org/abstract/MED/32931298
http://dx.doi.org/10.1164/rccm.202008-3114LE
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32931298&dopt=Abstract
http://europepmc.org/abstract/MED/31626555
http://dx.doi.org/10.1164/rccm.201903-0543LE
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31626555&dopt=Abstract
http://europepmc.org/abstract/MED/27570217
http://dx.doi.org/10.1093/jamia/ocw124
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27570217&dopt=Abstract
https://humanfactors.jmir.org/2021/1/e25724/
http://dx.doi.org/10.2196/25724
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33621187&dopt=Abstract
http://dx.doi.org/10.1016/j.earlhumdev.2007.03.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17467932&dopt=Abstract
http://dx.doi.org/10.1097/ANC.0000000000000352
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27763909&dopt=Abstract
http://dx.doi.org/10.1136/archdischild-2016-310777
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27637907&dopt=Abstract
http://dx.doi.org/10.4037/ajcc2015455
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26523003&dopt=Abstract
http://dx.doi.org/10.1097/01.jps.0000236916.94696.12
http://dx.doi.org/10.1080/24748668.2018.1553094
http://dx.doi.org/10.1007/s40595-016-0073-1
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Mannering et &

24,

25.

26.

LG L, Chen D, Ren X, Zhang Q, Zhang Y, Zhou T. Vital nodes identification in complex networks. Phys Rep 2016
Sep;650:1-63. [doi: 10.1016/].physrep.2016.06.007]

Bastian M, Heymann S, Jacomy M. Gephi : An Open Source Software for Exploring and Manipul ating Networks. 2009.
URL: https://gephi.org/publications/gephi-bastian-feb09.pdf [accessed 2021-10-14]

Reeves J, Hollandsworth H, Torriani F, Taplitz R, Abeles S, Tai-Seale M, et al. Rapid response to COVID-19: health
informatics support for outbreak management in an academic health system. J Am Med Inform Assoc 2020 Jun
01;27(6):853-859 [FREE Full text] [doi: 10.1093/jamia/ocaal37] [Medline: 32208481]

Abbreviations

EHR: €éectronic health record

HCO: hedlth care organization

ICU: intensive care unit

LOS: length of stay

NICU: neonatal intensive care unit

VUMC: Vanderbilt University Medical Center

Edited by R Kukafka; submitted 18.01.21; peer-reviewed by YL Weideman, M Lotto; comments to author 10.05.21; revised version
received 18.05.21; accepted 08.10.21; published 20.10.21

Please cite as:

Mannering H, Yan C, Gong Y, Alrifai MW, France D, Chen Y

Assessing Neonatal Intensive Care Unit Structures and Outcomes Before and During the COVID-19 Pandemic: Network Analysis
Sudy

J Med Internet Res 2021;23(10): e27261

URL: https://mww.jmir.org/2021/10/e27261

doi: 10.2196/27261

PMID: 34637393

©Hannah Mannering, Chao Yan, Yang Gong, Mhd Wael Alrifai, Daniel France, You Chen. Originaly published in the Journal
of Medical Internet Research (https://www.jmir.org), 20.10.2021. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medica Internet
Research, is properly cited. The complete bibliographic information, alink to the original publication on https.//www.jmir.org/,
aswell asthis copyright and license information must be included.

https://www.jmir.org/2021/10/e27261 JMed Internet Res 2021 | vol. 23 | iss. 10 | €27261 | p. 9

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.physrep.2016.06.007
https://gephi.org/publications/gephi-bastian-feb09.pdf
http://europepmc.org/abstract/MED/32208481
http://dx.doi.org/10.1093/jamia/ocaa037
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32208481&dopt=Abstract
https://www.jmir.org/2021/10/e27261
http://dx.doi.org/10.2196/27261
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34637393&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

