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Abstract

Background: Few intensive care unit (ICU) staffing studies have examined the collaboration structures of health care workers
(HCWs). Knowledge about how HCWs are connected to the care of critically ill patients with COVID-19 is important for
characterizing the relationships among team structures, care quality, and patient safety.

Objective: We aimed to discover differences in the teamwork structures of COVID-19 critical care by comparing HCW
collaborations in the management of critically ill patients with and without COVID-19.

Methods: In this retrospective study, we used network analysis methods to analyze the electronic health records (EHRs) of 76
critically ill patients (with COVID-19: n=38; without COVID-19: n=38) who were admitted to a large academic medical center,
and to learn about HCW collaboration. We used the EHRs of adult patients who were admitted to the COVID-19 ICU at the
Vanderbilt University Medical Center (Nashville, Tennessee, United States) between March 17, 2020, and May 31, 2020. We
matched each patient according to age, gender, and their length of stay. Patients without COVID-19 were admitted to the medical
ICU between December 1, 2019, and February 29, 2020. We used two sociometrics—eigencentrality and betweenness—to
quantify HCWs’ statuses in networks. Eigencentrality characterizes the degree to which an HCW is a core person in collaboration
structures. Betweenness centrality refers to whether an HCW lies on the path of other HCWs who are not directly connected.
This sociometric was used to characterize HCWs’ broad skill sets. We measured patient staffing intensity in terms of the number
of HCWs who interacted with patients’ EHRs. We assessed the statistical differences in the core and betweenness statuses of
HCWs and the patient staffing intensities of COVID-19 and non–COVID-19 critical care, by using Mann-Whitney U tests and
reporting 95% CIs.

Results: HCWs in COVID-19 critical care were more likely to frequently work with each other (eigencentrality: median 0.096)
than those in non–COVID-19 critical care (eigencentrality: median 0.057; P<.001). Internal medicine physicians in COVID-19
critical care had higher core statuses than those in non–COVID-19 critical care (P=.001). Nurse practitioners in COVID-19 care
had higher betweenness statuses than those in non–COVID-19 care (P<.001). Compared to HCWs in non–COVID-19 settings,
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the EHRs of critically ill patients with COVID-19 were used by a larger number of internal medicine nurse practitioners (P<.001),
cardiovascular nurses (P<.001), and surgical ICU nurses (P=.002) and a smaller number of resident physicians (P<.001).

Conclusions: Network analysis methodologies and data on EHR use provide a novel method for learning about differences in
collaboration structures between COVID-19 and non–COVID-19 critical care. Health care organizations can use this information
to learn about the novel changes that the COVID-19 pandemic has imposed on collaboration structures in urgent care.

(JMIR Hum Factors 2021;8(1):e25724) doi: 10.2196/25724
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Introduction

The COVID-19–Associated Hospitalization Surveillance
Network has reported that the overall cumulative COVID-19
hospitalization rate in the United States is 199.8 people per
100,000 people for the week that ended October 24, 2020 [1].
Additionally, between 5% and 12.2% of patients aged <60 years
and between 27.4% and 70.9% of patients aged ≥60 years have
required intensive care due to deteriorating respiratory
conditions [2-4]. Health care organizations (HCOs) have been
exploring various approaches (eg, the creation of COVID-19
intensive care units [ICUs] and the extension of existing ICUs)
for satisfying the increasing medical needs of critically ill
patients with COVID-19 [5-7]. Various staffing strategies and
protocols for the care of critically ill patients with COVID-19
have been developed [8-10]. These strategies belong to three
ICU staffing model categories—open, closed, and hybrid. In
an open model, many different medical staff members manage
patients in ICUs. In contrast, the closed model limits the staffing
system to ICU-certified physicians (eg, intensivists). The hybrid
model draws upon the aspects of the open and closed models
by staffing ICUs with an attending physician and a team so that
they can work in tandem with primary physicians.

ICU staffing (eg, the assignment of patients to a set of health
care workers [HCWs]) can impact care quality and patient safety
[11-13]. As such, HCOs need to be mindful of how they assess
collaborations among HCWs to properly care for critically ill
patients with COVID-19. However, COVID-19 ICU staffing
strategies are designed at a very high level (eg, team scheduling).
Therefore, they neglect the cross-disciplinary connections among
HCWs. Gaining knowledge on how HCWs connect and
collaborate can improve teamwork, which in turn may improve
care quality and patient safety [14].

Few studies have investigated the collaboration structures of
COVID-19 critical care [15], but to the best of our knowledge,
none have examined the collaborations among HCWs. As such,
there is a limited amount of explicitly documented evidence
about cross-disciplinary (eg, internal medicine physicians,
respiratory therapists, and cardiovascular nurses) collaboration
in COVID-19 critical care. HCOs need this information to
manage teamwork and improve care quality and patient safety
during the pandemic. In this study, we used network analysis
methods to learn about the collaboration structures of COVID-19
critical care. We specifically investigated how HCWs are
connected in the context of providing care to critically ill
patients with COVID-19. One of the challenges in modeling

the connections among HCWs in the ICU is their complexity
(eg, cooperation among multidisciplinary HCWs). In this study,
we learned about the collaborations among multidisciplinary
HCWs by analyzing electronic health record (EHR) systems.
EHR systems provide an environment that aids with teamwork
(eg, the exchange of health information among HCWs). This
can help HCOs with offering more accurate, detailed, and timely
information, which would result in the delivery of higher quality
care [16,17]. As EHR adoption has spread, the proportion of
HCW activities (eg, the review of notes, requests for x-rays,
and the management of medication) that involve EHRs has
increased [18,19]. Thus, interactions with EHRs provide an
opportunity for studying the collaborations among HCWs
[20-24].

We conducted a secondary analysis on EHR use to learn about
the collaborations among HCWs. We created networks by
identifying connections among HCWs who conducted activities
with the EHRs of the same patients on the same day.

We used two sociometrics—eigencentrality and betweenness
centrality—to measure the core and betweenness status of an
HCW in the collaboration network. Eigencentrality characterizes
the degree to which an HCW is a core person in collaboration
structures. Betweenness centrality refers to whether an HCW
lies on the path of other HCWs who are not directly connected.
An HCW who has a broad skill set and cares for a wide spectrum
of patients could frequently be in a high-betweenness position.

We analyzed data on EHR system use in the Vanderbilt
University Medical Center, which is a large academic medical
center in Nashville, Tennessee that created its COVID-19 unit
in the middle of March 2020. The high density of clinical ICU
data and large volume of EHR activities for each ICU patient
episode allow for the investigation of HCW collaboration in
the management of critically ill patients before and during the
COVID-19 pandemic.

We learned about the collaboration structures in COVID-19
critical care by comparing structures that were associated with
the management of critically ill patients with and without
COVID-19.

Methods

Data Set
We screened for adult patients who were admitted to the
COVID-19 ICU between March 17, 2020, and May 31, 2020.
We matched each patient with COVID-19 with an adult patient
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without COVID-19 who was admitted to the medical ICU
(MICU) between December 1, 2019, and February 29, 2020,
via propensity score matching.

The propensity score was based on age, gender, and patients’
length of stay. The distribution of the COVID-19 and
non–COVID-19 groups’ propensity scores is depicted in
Multimedia Appendix 1. The Pearson correlation coefficient
between the two distributions was 0.93; the associated P value
was <.001. This proved that the variance in the confounding

factors between the two patient groups was very small. We
focused on patients who were alive at discharge because their
hospital stays were relatively complete. This process yielded a
sample of 76 critically ill, adult patients—38 with COVID-19
and 38 without COVID-19. In total, 3 patients with COVID-19
required multiple ICU stays. For this study, we randomly
selected one stay for each of these patients. Table 1 provides a
summary of the demographic characteristics, comorbidities,
and outcomes of the investigated patients with and without
COVID-19.

Table 1. Characteristics of the critically ill patients in this study.

Patients without COVID-19bPatients with COVID-19aCharacteristics

3838Patients, n

Demographic characteristics

54 (49-64; 12)54 (47-66; 14)Age (years), median (IQR; SD)

Sex, n (%)

15 (39)15 (39)Female

23 (61)23 (61)Male

Race, n (%)

32 (84)22 (58)White

5 (13)6 (16)African American

0 (0)4 (11)Asian

1 (3)6 (16)Other

Outcomes

13.5 (7.50-19.00; 9)13.5 (6.50-18.75; 10)Length of stay (days), median (IQR; SD)

Hospital discharge disposition, n (%)

24 (63)29 (76)Home

14 (37)9 (24)Other

Comorbidities, n (%)

33 (87)19 (50)Hypertension

23 (61)14 (37)Cardiovascular disease

22 (58)19 (50)Renal disease

16 (42)10 (26)Diabetes

18 (47)14 (37)Chronic metabolic disease

17 (45)9 (24)Chronic lung disease

aPatients with COVID-19 were admitted to the intensive care unit between March 17, 2020, and May 31, 2020.
bPatients without COVID-19 were admitted to the medical intensive care unit between December 1, 2019, and February 29, 2020.

The study population had several notable aspects. First, we
noticed that there was a disproportionate number of males.
Second, while there were more self-reported White patients
than patients of other races, the number of White patients in the
COVID-19 group was substantially smaller than that in the
non–COVID-19 group. Third, patients without COVID-19 had
a high incidence of comorbidities; specifically, patients without
COVID-19 exhibited the six comorbidities that are common in
patients with COVID-19 (ie, those reported by the
COVID-19–Associated Hospitalization Surveillance Network)
[1]. Fourth, the majority of patients from the two groups (with

COVID-19: 29/38, 76%; without COVID-19: 24/38, 63%) were
discharged home.

Study Design
The analysis consisted of two primary components. First, we
used network analysis methods to learn about the HCW
networks that were involved in the management of critically ill
patients. Second, we statistically compared and contrasted the
network structures in COVID-19 and non–COVID-19 settings.
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Modeling HCW Networks
We analyzed the actions that HCWs performed with patients’
EHRs to measure worker-worker connections. There are six
types of HCW actions, including condition-related (eg, assigning
a diagnosis), procedure-related (eg, intubation),
medication-related (eg, prescriptions), note-related (eg, writing
progress notes), order-related (eg, ordering laboratory tests),
and measurement-related (eg, measuring respiratory rate)
actions.

Research has shown that a 1-day window is enough to capture
the meaningful, collaborative relationships among HCWs
[20-23]. Therefore, we assumed that there was a connection
between two HCWs who interacted with the same patient’s
EHR on the same day. We built a network in which the nodes
represented HCWs and the edges indicated the number of days
that two HCWs performed actions on the EHRs of the same
patients. We built one network for critically ill patients with
COVID-19 and another for patients without COVID-19.

The nodes in the COVID-19 and non–COVID-19 networks
were defined as follows:

ZCOVID-19 = {z1, z2,…, zp} (1)

ZNon–COVID-19 = {z'1, z'2,…, z'q} (2)

To better interpret the networks, we used an HCW’s specialty
(eg, respiratory care) and type (eg, respiratory therapist) to label
each node. We combined these factors to define expertise (ie,
“specialty: type”; eg, respiratory care: respiratory therapist).
Expertise in the COVID-19 and non–COVID-19 networks were
defined as follows:

EXPCOVID-19 = {exp1, exp2,…, expa} (3)

EXPNon–COVID-19 = {exp'1, exp'2,…, exp'b} (4)

In equations 1-4, Z and EXP were used to describe the
composition of COVID-19 or non–COVID-19 networks.

In each network, we used two sociometrics—eigenvector
centrality and betweenness centrality—to quantify an HCW’s
core and betweenness status in the network, respectively. We
used Gephi (ie, an open-source network analysis and
visualization software package) [25] to calculate eigencentrality
and betweenness centrality values.

Eigencentrality characterizes the degree to which an HCW is
densely connected to other HCWs who are also densely
connected with other HCWs. A high-eigencentrality HCW is
likely to be a core person who actively works with other HCWs
when performing actions on EHRs. An example HCW network
with eigencentrality values is shown in Multimedia Appendix
2.

The betweenness centrality of an HCW refers to the number of
shortest paths between two other HCWs that pass through the
HCW in question. An HCW with a broad skill set who cares
for a wide spectrum of patients could frequently be in a
high-betweenness position. An example HCW network with
betweenness centrality values is shown in Multimedia Appendix
2.

Eigencentrality and Betweenness in COVID-19 and
Non–COVID-19 Networks
We investigated whether differences in the eigencentrality and
betweenness of COVID-19 and non–COVID-19 critical care
structures were statistically significant at the network and
expertise levels. The network-level comparison was conducted
by assessing the network as a whole (ie, COVID-19 vs
non–COVID-19 networks), while an expertise-level comparison
was conducted for each expertise (eg, internal medicine
physicians). Since eigencentrality and betweenness are not
Gaussian distributed, we conducted a Mann-Whitney U test
with a significance level of α=.05. The tests for expertise
included at least 8 HCWs and involved Bonferroni correction
to account for multiple hypotheses.

Patient Staffing Intensity in COVID-19 and
Non–COVID-19 Settings
We defined the set of inpatient stays in COVID-19 and
non–COVID-19 settings as follows:

SCOVID-19 = {s1, s2,…, sm} (5)

SNon–COVID-19 = {s'1, s'2,…, s'n} (6)

Since each inpatient stay (ie, si) can last for more than 1 day,
we defined the jth day of a stay as si,j (ie, 1≤j≤li); li represents
the last day of a patient’s hospital stay (ie, si). For si,j, we
calculated the number of HCWs (ie, Nsi,j,expk) in each expertise
category (ie, expk) who interacted with the EHRs of patient i
on day j. For each inpatient stay (ie, si), we calculated the
average number of HCWs in each expertise category (ie, expk)
who interacted with the EHRs of the same patient on each day,
as follows:

In equation 7, losi refers to the length of hospital stay (ie, the
total number of hours between the start and end times of an
inpatient stay divided by 24 hours). Since each inpatient stay
may start and end at different times of the day,losi may be
different from li. Daily patient staffing intensity was defined as

an expertise-level value (ie, ).

To learn about the differences in the daily patient staffing
intensities of COVID-19 and non–COVID-19 critical care, we
conducted a set of tests. Specifically, for each investigated
expertise (eg, internal medicine nurse practitioners), we tested
whether critically ill patients with COVID-19 required a
significantly higher daily patient staffing intensity than critically
ill patients without COVID-19. We focused on the 20 expertise
categories with the highest mean daily staffing intensity values
in COVID-19 and non–COVID-19 critical care and used the
Mann-Whitney U test, which had a Bonferroni-corrected
significance level of .05.

We also assessed the differences in the overall patient staffing
intensities of COVID-19 and non–COVID-19 critical care in
terms of the number of HCWs who were involved in the
management of a patient. Overall staffing intensity was defined
as the number of HCWs who interacted with the EHRs of a
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patient with or without COVID-19. Our hypothesis was as
follows: critically ill patients with COVID-19 require a
significantly higher overall staffing intensity than critically ill
patients without COVID-19. We tested this hypothesis by using
the Mann-Whitney U test, which had a Bonferroni-corrected
significance level of .05.

Results

HCW Characteristics
The number of HCWs, types of HCWs, specialties, and expertise
categories in COVID-19 and non–COVID-19 critical care was
759 and 1331, 24 and 24, 92 and 128, and 133 and 207,
respectively. These values indicated that patients without
COVID-19 required more expertise, specialties, and HCWs. A
possible reason for this is that critically ill patients without
COVID-19 were admitted to the MICU for a wide range of

major conditions. With regard to patient-level values, COVID-19
and non–COVID-19 critical care consisted of 79.5 and 88.2
HCWs, 9.8 and 10.6 types of HCWs, 23.0 and 27.1 departments,
and 29.2 and 34.0 expertise categories, respectively. The
patient-level values for COVID-19 and non–COVID-19 critical
care were highly similar.

Figure 1 illustrates the union of the 10 COVID-19 and
non–COVID-19 critical care expertise categories with the largest
proportion of HCWs. It can be seen that, aside from residents
and registered nurses with myelosuppression expertise, the
COVID-19 setting had higher percentages of different types of
HCWs than the non–COVID-19 setting. These results
demonstrate how the Vanderbilt University Medical Center
assigned full-time, nontrainee HCWs to the task of managing
critically ill patients with COVID-19 and reduced the number
of residents during the COVID-19 pandemic.

Figure 1. The expertise categories with the largest number of health care workers in the COVID-19 and non–COVID-19 settings. There are 11 expertise
categories shown, which correspond to the union of the top 10 expertise categories in COVID-19 (ie, excluding nurses with myelosuppression expertise)
and non–COVID-19 (ie, excluding COVID-19 unit nurses) critical care. Each expertise is reported in the following format: “specialty: health care
worker type.” MICU: medical intensive care unit.

There were no registered nurses with myelosuppression expertise
in the COVID-19 setting. Upon further analysis, we found 4
patients with COVID-19 and cancer, but none were in need of
invasive intervention at the time of their care.

Eigencentrality and Betweenness
Figure 2 presents the HCW networks in COVID-19 and
non–COVID-19 critical care from eigencentrality and
betweenness perspectives. In the figure, it can be seen that the

majority of HCWs in the COVID-19 network are larger in size
(ie, higher eigencentrality) than those in the non–COVID-19
network. This indicates that HCWs are much more highly and
densely connected in the COVID-19 network than those in the
non–COVID-19 network. We performed a test to measure the
differences in eigencentrality between the COVID-19 and
non–COVID-19 networks. The results indicated that the two
networks had significantly different median eigencentrality
values (COVID-19: 0.096; non–COVID-19: 0.057; P<.001).
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Figure 2. A depiction of the health care worker eigencentrality (A) and betweenness (B) in COVID-19 and non–COVID-19 networks. C and D show
the subnetworks of internal medicine physicians and nurse practitioners in the COVID-19 and non–COVID-19 networks, respectively. In A and C,
eigencentrality directly correlated with the size of the corresponding node. In B and D, betweenness centrality directly correlated with the size of the
corresponding node. The legend in the figure shows the 10 expertise categories with the largest number of health care workers in the combined network
(ie, both the COVID-19 and non–COVID-19 networks). MICU: medical intensive care unit.

After removing expertise categories that had less than 8 HCWs,
we performed pairwise tests on the remaining 12 expertise
categories. The results of these tests are provided in Table S1
in Multimedia Appendix 3. There were several notable findings.
First, we observed that internal medicine physicians in the
COVID-19 network had higher eigencentrality values than those

in the non–COVID-19 network (P=.001). Figure 2 also shows
the subnetworks of internal medicine physicians in the
COVID-19 and non–COVID-19 networks from an
eigencentrality perspective. From the figure, it can be seen that
internal medicine physicians in the COVID-19 network were
connected with each other, while those in the non–COVID-19
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network were separated. Second, the resident physicians in the
non–COVID-19 network had higher eigencentrality values than
those in the COVID-19 network (P=.002). Figure 3 shows that

there were many residents across the entire non–COVID-19
network. However, the number of residents was much smaller
in the COVID-19 network.

Figure 3. (A) The subnetworks of resident physicians in the COVID-19 and non–COVID-19 networks. (B) The subnetworks of internal medicine
physicians and nurse practitioners in the COVID-19 and non–COVID-19 networks. Eigencentrality directly correlated with the size of the corresponding
node in both A and B.

There were no significant differences in the betweenness of the
two networks (COVID-19 network: median 0.002;
non–COVID-19 network: median 0.003; P=.22). However,
nurse practitioners in the COVID-19 network had significantly
higher betweenness values than those in the non–COVID-19
network (P<.001). The complete set of test results for expertise
categories with nonsignificantly different betweenness values
is provided in Table S2 in Multimedia Appendix 3. Figure 2
also shows the subnetworks of nurse practitioners in the
COVID-19 and non–COVID-19 networks from a betweenness
perspective. From the figure, it can be seen that nurse
practitioners had a larger number of connections in the
COVID-19 network than those in the non–COVID-19 network.
In Figure 2, it can also be seen that nurse practitioners are in
the central part of the COVID-19 network and serve as
connective bridges between other HCWs. Given that
betweenness reflects an HCW’s access to a wide spectrum of
patients, a nurse practitioner in the COVID-19 collaboration
structure can build connections among HCWs who are not
directly connected. Internal medicine physicians and nurse
practitioners were the core of the COVID-19 network. As shown

in Figure 3, these two types of HCWs had a larger number of
connections in the COVID-19 care setting than those in the
non–COVID-19 setting.

Differences in Patient Staffing Intensity
In total, 41,903 (mean 1103) actions were performed with the
EHRs of patients with COVID-19 and 44,131 (mean
1161) actions were performed with the EHRs of patients without
COVID-19. There were no statistically significant differences
in the number of actions performed with the EHRs of patients
with and without COVID-19 (P=.32). The differences in the
number of expertise categories and HCWs who performed
actions on the EHRs of critically ill patients with and without
COVID-19 were also not significant (expertise categories:
P=.08; HCWs: P=.19). The complete set of results is provided
in Table S3 in Multimedia Appendix 4.

Table 2 shows the differences in the patient staffing intensities
of COVID-19 and non–COVID-19 critical care for each
expertise category. The union of 20 COVID-19 and 20
non–COVID-19 expertise categories yielded 24 categories.
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Table 2. Differences in the daily average patient staffing intensities of COVID-19 and non–COVID-19 critical care. A Bonferroni-corrected P value
of .002 was used as the null hypothesis rejection threshold.

P valueStaffing intensity, median (IQR)Staffing intensity, mean (SD)Expertise category

Non–COVID-19 criti-
cal care

COVID-19 critical careNon–COVID-19 criti-
cal care

COVID-19 critical
care

COVID-19 categories

<.0010 (0.18)1.76 (1.37)0.27 (0.10)1.81 (0.19)Hospital nurse practitioners:
nurse practitioner

<.0010 (0.02)0.69 (0.70)0.21 (0.07)0.78 (0.08)Medical Center Easta: registered
Nurse

<.0010 (0)0.18 (0.37)0.01 (0.01)0.26 (0.05)Cardiovascular intensive care
unit: registered Nurse

<.001 0 (0.05)0.23 (0.30)0.06 (0.02)0.33 (0.05)Internal medicine: nurse practi-
tioner

.002

 

0 (0)0.09 (0.29)0.03 (0.02)0.17 (0.04)Surgical intensive care unit: reg-
istered nurse

Non–COVID-19 categories

<.0011.62 (1.32)0 (0.07)1.56 (0.15)0.18 (0.06)Medicine house staff: resident
physician

<.0010.16 (0.30)0 (0.05)0.27 (0.05)0.06 (0.03)Emergency medicine: resident
physician

Categories that were not statistically significant

.0070 (0)0.22 (0.19)0.10 (0.04)0.23 (0.03)Medical Center Easta: technician

.010 (0.06)0 (0)0.22 (0.08)3.54 10-3 (2.87 10-3)Hematology oncology: physician

.020.30 (0.92)0.11 (0.43)0.53 (0.10)0.27 (0.06)Emergency medicine: physician

.030.15 (0.13)0.06 (0.14)0.21 (0.03)0.12 (0.03)Pharmacy inpatient (central):
pharmacist

.030.21 (0.23)0.12 (0.28)0.24 (0.03)0.16 (0.03)Pharmacy inpatient (evening):
pharmacist

.050 (0.20)0 (0)0.18 (0.05)0.05 (0.03)Infectious disease: physician

.0020.53 (0.90)0.92 (1.12)0.60 (0.11)1.14 (0.13)Internal medicine: physician

.130.85 (0.78)1.03 (0.91)0.95 (0.10)1.19 (0.13)Medical intensive care unit: reg-
istered nurse

.150.37 (0.42)0.27 (0.34)0.38 (0.04)0.30 (0.04)Radiology: physician

.210 (0.05)0 (0)0.26 (0.10)0.14 (0.05)Nephrology: physician

.210.88 (0.73)0.65 (0.82)0.94 (0.12)0.80 (0.11)Allergy/pulmonary: physician

.220.14 (0.24)0.11 (0.13)0.21 (0.04)0.14 (0.02)Pharmacy inpatient operations
manager: pharmacist

.280.11 (0.23)0.11 (0.38)0.15 (0.03)0.20 (0.04)Pharmacy inpatient satellite oper-
ating room: pharmacist

.300.80 (1.32)0.60 (0.87)0.89 (0.14)0.74 (0.11)Respiratory care: respiratory
therapist

.410.09 (0.18)0.07 (0.18)0.17 (0.05)0.15 (0.05)Emergency services: registered
nurse

.430.19 (0.40)0.16 (0.36)0.28 (0.05)0.26 (0.05)Pharmacy inpatient (evening):
pharmacy technician

.430.16 (0.15)0.15 (0.37)0.18 (0.03)0.21 (0.04)Cardiovascular medicine: physi-
cian

aMedical Center East is the building where we created the COVID-19 unit. Before the creation of the COVID-19 unit, nurses in this building cared for
critically ill patients without COVID-19.
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There was a larger number of internal medicine nurse
practitioners, cardiovascular ICU registered nurses, and surgical
ICU registered nurses who performed daily actions on the EHRs
of critically ill patients with COVID-19 compared to the number
of those who performed daily actions on the EHRs of patients
without COVID-19. In contrast, the EHRs of patients without
COVID-19 were managed by a larger number of resident
physicians (ie, those with medicine and emergency medicine
expertise). These differences were statistically significant (Table
2).

We also found that expertise categories were not statistically
different in terms of daily patient staffing intensity. Such
categories included radiology physicians, nephrology physicians,
pulmonary/allergy physicians, emergency medicine physicians,
MICU registered nurses, and respiratory therapists.

Discussion

Principal Findings
There are no universal guidelines for HCW staffing in ICUs.
To date, ICU staffing studies have focused on organization
models (eg, open, closed, and hybrid models), and few have
examined collaborations among HCWs. In this study, we used
a novel method for learning about collaborations among HCWs
and building corresponding networks. We measured
eigencentrality and betweenness centrality to quantify the core
and betweenness statuses of HCWs and identify several
significant differences between the COVID-19 and
non–COVID-19 network structures. Differences in the
collaboration structures between the two networks mirrored
those in intentional strategic planning structures across the health
care system. For instance, there was a significant difference
(P<.001) in the number of resident physicians between the
COVID-19 and non–COVID-19 structures because our medical
center assigned full-time, nontrainee HCWs to the management
of critically ill patients with COVID-19. This mirrors resident
protection strategies that were implemented during the outset
of the COVID-19 pandemic by the National Graduate Medical
Education. Figure 3 shows the subnetworks of resident
physicians in the COVID-19 and non–COVID-19 networks. It
can be seen that the non–COVID-19 network has a larger
resident network than the COVID-19 network, and the
connections between residents are more complex than those in
the COVID-19 network. This suggests that resident physicians
are highly active with respect to the management of critically
ill patients in a non–COVID-19 setting.

Beyond collecting data on basic strategic planning methods (ie,
the reduction of the number of residents) in the management of
critically ill patients with COVID-19, we also learned about the
aspects of collaboration structures that are important for the
management of teamwork but are not explicitly documented in
existing ICU staffing plans. We found that internal medicine
physicians and nurse practitioners in the COVID-19
collaboration structure were more active (ie, high eigencentrality
or betweenness) than those in the non–COVID-19 collaboration
structure. As shown in Figure 3, internal medicine physicians
and nurse practitioners connected more frequently in the
COVID-19 network than those in the non–COVID-19 network.

This phenomenon suggests that they are core members in
collaborations that relate to the management of critically ill
patients with COVID-19.

Combining knowledge on connections among HCWs with their
eigencentrality and betweenness values in the collaboration
network can assist HCOs with designing and developing more
specific staffing strategies, which can potentially improve care
quality and patient outcomes. The network analysis methods
and team structures that are depicted in our retrospective study
can be used in a prospective setting. Our COVID-19 and
non–COVID-19 networks can be used to identify the
characteristics of a newly established or modified team. For
instance, if a COVID-19 ICU has plans for creating a team to
care for the increasing number of patients, the eigencentrality
and betweenness centrality of each HCW and the HCW
relationships that we learned about in our COVID-19 network
can be used as evidence for identifying the characteristics of
the newly created team. The team creators can evaluate the
leadership (ie, eigencentrality), robustness (ie, betweenness),
and familiarity (ie, the strength of the relationships between
HCWs) of the newly established team. They can also
dynamically add or remove an HCW from the created team and
measure changes in leadership, robustness, and familiarity,
which will help team creators with finding their desired team.

The Scope of This Study and Its Limitations
In this study, we did not investigate temporal networks or team
dynamics, which are essential to HCOs that monitor and manage
team dynamics. However, researchers can use the network
analysis methodologies that were developed in our study to
identify temporal networks, such as daily, weekly, or monthly
networks. They can also use the sociometrics that we developed
to quantify changes in temporal network structures. For instance,
HCOs can use our network analysis methodologies to temporally
measure the relationships among internal medicine physicians,
nurse practitioners, and residents; and quantify the weekly,
monthly, and yearly changes in these relationships.

There are several limitations in this study that should be
recognized. These limitations serve as opportunities for further
investigation. First, this study was based on a small number of
critically ill patients with COVID-19. Although our sample had
sufficient power for analyzing the differences in the
eigencentrality, betweenness, and patient staffing intensities for
several types of HCWs in COVID-19 and non–COVID-19
critical care, a larger volume of data is needed to obtain
statistically meaningful results. Second, comorbidities could
have impacted team structures; however, matching the
comorbidities between patients with and without COVID-19
can lead to certain risks. According to our observations,
matching comorbidities between the two cohorts will
considerably enlarge the study window (ie, >3 years) for the
non–COVID-19 cohort. However, non–COVID-19 care teams
can drastically change over time, making the study of the
non–COVID-19 team structures less meaningful. Therefore, in
this study, we focused on the most important confounding
factors (ie, age, gender, and the length of stay) that characterize
team efficacy and may impact team structures. Additionally,
our study's primary focus was to learn about team structures in
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COVID-19 and medical ICUs, which allowed for some degree
of variance in comorbidities. Third, the characteristics of the
COVID-19 structures that we learned about during this
single-center study could provide HCOs with reference data for
assessing their own COVID-19 ICU structures. However, our
medical center is an institution that intentionally developed a
nurse practitioner–centered organizational structure. This should
be considered when interpreting our results and findings. To
learn about general COVID-19 ICU collaboration structures,
researchers need to conduct analyses that account for multiple
HCOs. Fourth, there was a lack of standard terminology for
characterizing HCO departments and the roles of HCWs.
Although there are taxonomies for describing clinician
specialties [26-28], these tend to neglect the nonphysicians who
play vital roles in the management of patients. It is clear that
common data models for department names and HCW types
would improve the quality of our study and assist other
institutions with using our methodology. Fifth, we assumed that
two HCWs would have a connection when they performed
actions on the EHRs of patients. Although such an assumption

can help with identifying collaboration relationships between
HCWs, it may also have resulted in the identification of many
spurious relationships.

Conclusion
HCOs have been planning and refining their staffing strategies
to provide more efficient and effective care to patients with
COVID-19. However, there are few efficient methodologies
for assessing the execution of collaboration structures in
practice, especially those for assessing the cross-disciplinary
connections among HCWs. In this study, we demonstrated how
data on the use of a large academic medical center’s EHR system
could be used to learn about the collaboration structures in
COVID-19 critical care (ie, through network analysis
methodologies). HCOs can use our network analysis approaches
and data on eigencentrality, betweenness, and patient staffing
intensities to characterize HCW roles in collaboration networks
during the COVID-19 pandemic or future events. Furthermore,
research on how HCWs are connected has created an opportunity
for studying the relationships among team structures, care
quality, and patient safety.

Acknowledgments
This study was partially supported by the National Library of Medicine of the National Institutes of Health (award number:
R01LM012854). The content of this study is solely the authors' responsibility; it does not necessarily represent the National
Institutes of Health's official views. The data sets that were used for the described analyses were obtained from Vanderbilt
University Medical Center’s Research Derivative, which is supported by institutional funds and Vanderbilt Clinical and Translational
Science Awards (grant number: ULTR000445) from the National Center for Advancing Translational Sciences and the National
Institutes of Health. The Vanderbilt Institutional Review Board reviewed and approved this study (approval number: 200792).

The data sets that were generated and analyzed during this study are not publicly available because they include patients’ private
information. However, the data sets can be obtained from the corresponding author upon reasonable request.

Authors' Contributions
YC conceived the study idea, collected the data, analyzed the data, designed the methods, designed the experiment, evaluated
and interpreted the results of the experiment, and wrote the manuscript. CY conceived the study idea, analyzed the data, designed
the methods, designed the experiment, evaluated and interpreted the results of the experiment, and revised the manuscript. XZ
analyzed the data, evaluated and interpreted the results of the experiment, and revised the manuscript. CG analyzed the data,
evaluated and interpreted the results of the experiment, and revised the manuscript. EW, JC, DF, YG, MP, and BM evaluated
and interpreted the results of the experiment and revised the manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Distributions of the COVID-19 and non–COVID-19 groups' propensity scores.
[DOCX File , 258 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Examples that illustrate eigencentrality and betweenness centrality.
[DOCX File , 71 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Differences in the eigencentrality and betweenness of COVID-19 and non–COVID-19 structures.
[DOCX File , 37 KB-Multimedia Appendix 3]

JMIR Hum Factors 2021 | vol. 8 | iss. 1 | e25724 | p. 10https://humanfactors.jmir.org/2021/1/e25724
(page number not for citation purposes)

Yan et alJMIR HUMAN FACTORS

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app1.docx&filename=f6fd2a5bc560c2156d45ef3de5368586.docx
https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app1.docx&filename=f6fd2a5bc560c2156d45ef3de5368586.docx
https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app2.docx&filename=c08d4bdba328f9f971798aadf9a56edc.docx
https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app2.docx&filename=c08d4bdba328f9f971798aadf9a56edc.docx
https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app3.docx&filename=d510adec6cab855e793c77a3648ff184.docx
https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app3.docx&filename=d510adec6cab855e793c77a3648ff184.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/


Multimedia Appendix 4
Differences in overall patient staffing intensities between the COVID-19 and non–COVID-19 structures.
[DOCX File , 31 KB-Multimedia Appendix 4]

References

1. COVID data tracker weekly report. Centers for Disease Control and Prevention. URL: https://www.cdc.gov/coronavirus/
2019-ncov/covid-data/covidview/index.html [accessed 2021-02-25]

2. Li R, Rivers C, Tan Q, Murray MB, Toner E, Lipsitch M. Estimated demand for US hospital inpatient and intensive care
unit beds for patients with COVID-19 based on comparisons with Wuhan and Guangzhou, China. JAMA Netw Open 2020
May 01;3(5):e208297 [FREE Full text] [doi: 10.1001/jamanetworkopen.2020.8297] [Medline: 32374400]

3. Ferguson NM, Laydon D, Nedjati-Gilani G, Imai N, Ainslie K, Baguelin M, et al. Report 9: Impact of non-pharmaceutical
interventions (NPIs) to reduce COVID-19 mortality and healthcare demand. Imperial College COVID-19 Response Team.
2020 Mar 16. URL: https://www.imperial.ac.uk/media/imperial-college/medicine/sph/ide/gida-fellowships/
Imperial-College-COVID19-NPI-modelling-16-03-2020.pdf [accessed 2021-02-25]

4. Guan WJ, Ni ZY, Hu Y, Liang WH, Ou CQ, He JX, et al. Clinical characteristics of coronavirus disease 2019 in China. N
Engl J Med 2020 Apr 30;382(18):1708-1720 [FREE Full text] [doi: 10.1056/NEJMoa2002032]

5. Emanuel EJ, Persad G, Upshur R, Thome B, Parker M, Glickman A, et al. Fair allocation of scarce medical resources in
the time of Covid-19. N Engl J Med 2020 May 21;382(21):2049-2055. [doi: 10.1056/NEJMsb2005114] [Medline: 32202722]

6. Weissman GE, Crane-Droesch A, Chivers C, Luong T, Hanish A, Levy MZ, et al. Locally informed simulation to predict
hospital capacity needs during the COVID-19 pandemic. Ann Intern Med 2020 Jul 07;173(1):21-28 [FREE Full text] [doi:
10.7326/M20-1260] [Medline: 32259197]

7. Chopra V, Toner E, Waldhorn R, Washer L. How should U.S. hospitals prepare for coronavirus disease 2019 (COVID-19)?
Ann Intern Med 2020 May 05;172(9):621-622 [FREE Full text] [doi: 10.7326/M20-0907] [Medline: 32160273]

8. Anstey DE, Givens R, Clerkin K, Fried J, Kalcheva N, Kumaraiah D, et al. The cardiac intensive care unit and the cardiac
intensivist during the COVID-19 surge in New York City. Am Heart J 2020 Sep;227:74-81 [FREE Full text] [doi:
10.1016/j.ahj.2020.06.018] [Medline: 32682106]

9. Harkouk H, Jacob C, Fletcher D. Urgent development of an anaesthesiology-based intensive care unit for critical COVID-19
infected patients. Anaesth Crit Care Pain Med 2020 Jun;39(3):359-360 [FREE Full text] [doi: 10.1016/j.accpm.2020.04.011]
[Medline: 32389563]

10. Kotfis K, Roberson SW, Wilson JE, Dabrowski W, Pun BT, Ely EW. COVID-19: ICU delirium management during
SARS-CoV-2 pandemic. Crit Care 2020 Apr 28;24(1):176 [FREE Full text] [doi: 10.1186/s13054-020-02882-x] [Medline:
32345343]

11. Donovan AL, Aldrich JM, Gross AK, Barchas DM, Thornton KC, Schell-Chaple HM, University of California‚ San
Francisco Critical Care Innovations Group. Interprofessional care and teamwork in the ICU. Crit Care Med 2018
Jun;46(6):980-990. [doi: 10.1097/CCM.0000000000003067] [Medline: 29521716]

12. Wilkes MS, Marcin JP, Ritter LA, Pruitt S. Organizational and teamwork factors of tele-intensive care units. Am J Crit
Care 2016 Sep;25(5):431-439. [doi: 10.4037/ajcc2016357] [Medline: 27587424]

13. Rosen MA, DiazGranados D, Dietz AS, Benishek LE, Thompson D, Pronovost PJ, et al. Teamwork in healthcare: Key
discoveries enabling safer, high-quality care. Am Psychol 2018;73(4):433-450 [FREE Full text] [doi: 10.1037/amp0000298]
[Medline: 29792459]

14. Sandoff M, Nilsson K. How staff experience teamwork challenges in a new organizational structure. Team Performance
Management 2016 Oct 10;22(7/8):415-427. [doi: 10.1108/TPM-05-2016-0021]

15. Bartsch S, Weber E, Büttgen M, Huber A. Leadership matters in crisis-induced digital transformation: how to lead service
employees effectively during the COVID-19 pandemic. Journal of Service Management 2020 Aug 12;32(1):71-85 [FREE
Full text] [doi: 10.1108/josm-05-2020-0160]

16. Jamoom EW, Yang N, Hing E. Adoption of certified electronic health record systems and electronic information sharing
in physician offices: United States, 2013 and 2014. NCHS Data Brief 2016 Jan(236):1-8 [FREE Full text] [Medline:
26828707]

17. Holmgren AJ, Adler-Milstein J. Health information exchange in US hospitals: The current landscape and a path to improved
information sharing. J Hosp Med 2017 Mar;12(3):193-198. [doi: 10.12788/jhm.2704] [Medline: 28272599]

18. Henry J, Pylypchuk Y, Searcy T, Patel V. Adoption of electronic health record systems among US non-federal acute care
hospitals?2015. The Office of the National Coordinator for Health Information Technology. 2016 May. URL: https:/
/dashboard.healthit.gov/evaluations/data-briefs/non-federal-acute-care-hospital-ehr-adoption-2008-2015.php [accessed
2021-02-25]

19. Adler-Milstein J, Holmgren AJ, Kralovec P, Worzala C, Searcy T, Patel V. Electronic health record adoption in US hospitals:
the emergence of a digital "advanced use" divide. J Am Med Inform Assoc 2017 Nov 01;24(6):1142-1148 [FREE Full text]
[doi: 10.1093/jamia/ocx080] [Medline: 29016973]

JMIR Hum Factors 2021 | vol. 8 | iss. 1 | e25724 | p. 11https://humanfactors.jmir.org/2021/1/e25724
(page number not for citation purposes)

Yan et alJMIR HUMAN FACTORS

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app4.docx&filename=d2bfbed34b87d8f170875b0feb521858.docx
https://jmir.org/api/download?alt_name=humanfactors_v8i1e25724_app4.docx&filename=d2bfbed34b87d8f170875b0feb521858.docx
https://www.cdc.gov/coronavirus/2019-ncov/covid-data/covidview/index.html
https://www.cdc.gov/coronavirus/2019-ncov/covid-data/covidview/index.html
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.8297
http://dx.doi.org/10.1001/jamanetworkopen.2020.8297
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32374400&dopt=Abstract
https://www.imperial.ac.uk/media/imperial-college/medicine/sph/ide/gida-fellowships/Imperial-College-COVID19-NPI-modelling-16-03-2020.pdf
https://www.imperial.ac.uk/media/imperial-college/medicine/sph/ide/gida-fellowships/Imperial-College-COVID19-NPI-modelling-16-03-2020.pdf
https://www.nejm.org/doi/10.1056/NEJMoa2002032
http://dx.doi.org/10.1056/NEJMoa2002032
http://dx.doi.org/10.1056/NEJMsb2005114
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32202722&dopt=Abstract
https://www.acpjournals.org/doi/10.7326/M20-1260?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.7326/M20-1260
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32259197&dopt=Abstract
https://www.acpjournals.org/doi/10.7326/M20-0907?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.7326/M20-0907
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32160273&dopt=Abstract
http://europepmc.org/abstract/MED/32682106
http://dx.doi.org/10.1016/j.ahj.2020.06.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32682106&dopt=Abstract
http://europepmc.org/abstract/MED/32389563
http://dx.doi.org/10.1016/j.accpm.2020.04.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32389563&dopt=Abstract
https://ccforum.biomedcentral.com/articles/10.1186/s13054-020-02882-x
http://dx.doi.org/10.1186/s13054-020-02882-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32345343&dopt=Abstract
http://dx.doi.org/10.1097/CCM.0000000000003067
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29521716&dopt=Abstract
http://dx.doi.org/10.4037/ajcc2016357
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27587424&dopt=Abstract
http://europepmc.org/abstract/MED/29792459
http://dx.doi.org/10.1037/amp0000298
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29792459&dopt=Abstract
http://dx.doi.org/10.1108/TPM-05-2016-0021
https://www.emerald.com/insight/content/doi/10.1108/JOSM-05-2020-0160/full/html
https://www.emerald.com/insight/content/doi/10.1108/JOSM-05-2020-0160/full/html
http://dx.doi.org/10.1108/josm-05-2020-0160
https://www.cdc.gov/nchs/data/databriefs/db236.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26828707&dopt=Abstract
http://dx.doi.org/10.12788/jhm.2704
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28272599&dopt=Abstract
https://dashboard.healthit.gov/evaluations/data-briefs/non-federal-acute-care-hospital-ehr-adoption-2008-2015.php
https://dashboard.healthit.gov/evaluations/data-briefs/non-federal-acute-care-hospital-ehr-adoption-2008-2015.php
http://europepmc.org/abstract/MED/29016973
http://dx.doi.org/10.1093/jamia/ocx080
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29016973&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


20. Chen Y, Lorenzi NM, Sandberg WS, Wolgast K, Malin BA. Identifying collaborative care teams through electronic medical
record utilization patterns. J Am Med Inform Assoc 2017 Apr 01;24(e1):e111-e120 [FREE Full text] [doi:
10.1093/jamia/ocw124] [Medline: 27570217]

21. 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]

22. Kim C, Lehmann CU, Hatch D, Schildcrout JS, France DJ, Chen Y. Provider networks in the neonatal intensive 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]

23. Chen Y, Patel MB, McNaughton CD, Malin BA. Interaction patterns of trauma providers are associated with length of stay.
J Am Med Inform Assoc 2018 Jul 01;25(7):790-799 [FREE Full text] [doi: 10.1093/jamia/ocy009] [Medline: 29481625]

24. Chen Y, Yan C, Patel MB. Network analysis subtleties in ICU structures and outcomes. Am J Respir Crit Care Med 2020
Dec 01;202(11):1606-1607 [FREE Full text] [doi: 10.1164/rccm.202008-3114LE] [Medline: 32931298]

25. Bastian M, Heymann S, Jacomy M. Gephi: an open source software for exploring and manipulating networks. In: Proceedings
of the Third international AAAI conference on weblogs and social media. 2009 Presented at: The Third international AAAI
conference on weblogs and social media; May 17-20, 2009; San Jose, California URL: https://gephi.org/publications/
gephi-bastian-feb09.pdf [doi: 10.1007/978-1-4614-6170-8_299]

26. Turer RW, Jones I, Rosenbloom ST, Slovis C, Ward MJ. Electronic personal protective equipment: A strategy to protect
emergency department providers in the age of COVID-19. J Am Med Inform Assoc 2020 Jun 01;27(6):967-971 [FREE
Full text] [doi: 10.1093/jamia/ocaa048] [Medline: 32240303]

27. Bindman AB. Using the national provider identifier for health care workforce evaluation. Medicare Medicaid Res Rev
2013 Jul 30;3(3):mmrr.003.03.b03 [FREE Full text] [doi: 10.5600/mmrr.003.03.b03] [Medline: 24753977]

28. Gutowski J. New taxonomy codes and the IBCLC. Clin Lactation 2011;2(3):34 [FREE Full text] [doi:
10.1891/215805311807010459]

Abbreviations
EHR: electronic health record
HCO: health care organization
HCW: health care worker
ICU: intensive care unit
MICU: medical intensive care unit

Edited by A Kushniruk; submitted 13.11.20; peer-reviewed by A Mohammed, J Walsh; comments to author 23.12.20; revised version
received 12.01.21; accepted 22.02.21; published 08.03.21

Please cite as:
Yan C, Zhang X, Gao C, Wilfong E, Casey J, France D, Gong Y, Patel M, Malin B, Chen Y
Collaboration Structures in COVID-19 Critical Care: Retrospective Network Analysis Study
JMIR Hum Factors 2021;8(1):e25724
URL: https://humanfactors.jmir.org/2021/1/e25724
doi: 10.2196/25724
PMID: 33621187

©Chao Yan, Xinmeng Zhang, Cheng Gao, Erin Wilfong, Jonathan Casey, Daniel France, Yang Gong, Mayur Patel, Bradley
Malin, You Chen. Originally published in JMIR Human Factors (http://humanfactors.jmir.org), 08.03.2021. 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 JMIR
Human Factors, is properly cited. The complete bibliographic information, a link to the original publication on
http://humanfactors.jmir.org, as well as this copyright and license information must be included.

JMIR Hum Factors 2021 | vol. 8 | iss. 1 | e25724 | p. 12https://humanfactors.jmir.org/2021/1/e25724
(page number not for citation purposes)

Yan et alJMIR HUMAN FACTORS

XSL•FO
RenderX

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
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://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
https://gephi.org/publications/gephi-bastian-feb09.pdf
https://gephi.org/publications/gephi-bastian-feb09.pdf
http://dx.doi.org/10.1007/978-1-4614-6170-8_299
http://europepmc.org/abstract/MED/32240303
http://europepmc.org/abstract/MED/32240303
http://dx.doi.org/10.1093/jamia/ocaa048
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32240303&dopt=Abstract
http://europepmc.org/abstract/MED/24753977
http://dx.doi.org/10.5600/mmrr.003.03.b03
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24753977&dopt=Abstract
https://connect.springerpub.com/content/sgrcl/2/3/34.full.pdf
http://dx.doi.org/10.1891/215805311807010459
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://www.w3.org/Style/XSL
http://www.renderx.com/

