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ABSTRACT

Hospital length of stay (LOS) in the USA has been
increasing since the start of the COVID-19 pandemic,
with numerous negative outcomes, including decreased
quality of care, worsened patient satisfaction and negative
financial impacts on hospitals. While many proposed
factors contributing to prolonged LOS are challenging

to modify, poor coordination of care and communication
among clinical teams can be improved.

Geographical cohorting of provider teams, patients and
other clinical staff is proposed as a solution to prolonged
LOS and readmissions. However, many studies on
geographical cohorting alone have shown no significant
impact on LOS or readmissions. Other potential benefits
of geographical cohorting include improved quality of
care, learning experience, communication, teamwork and
efficiency.

This paper presents a retrospective study at Duke
University Hospital (DUH) on the General Medicine
service, deploying a bundled intervention of geographical
cohorting of patients and their care teams, twice

daily multidisciplinary rounds and incremental case
management support. The quality improvement study
found that patients in the intervention arm had 16%—17%
shorter LOS than those in the control arms, and there was
a reduction in 30-day hospital readmissions compared
with the concurrent control arm. Moreover, there was
some evidence of improved accuracy of estimated
discharge dates in the intervention arm.

Based on these findings, the health system at DUH
recognised the value of geographical cohorting

and implemented additional geographically based
medicine units with multidisciplinary rounds. Future
studies will confirm the sustained impact of these care
transformations on hospital throughput and patient
outcomes, aiming to reduce LOS and enhance the quality
of care provided to patients.

INTRODUCTION
Hospital length of stay (LOS) has been
increasing in the USA since the COVID-19

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Length of stay in US hospitals has been increasing,
with negative outcomes on quality of care, patient
satisfaction and hospital financial performance.

= Geographical cohorting of provider teams, patients
and clinical staff has been proposed as a quality
improvement intervention to help reduce hospital
length of stay, with most studies showing no impact.

WHAT THIS STUDY ADDS

= This study used a bundled intervention of geograph-
ical cohorting of medicine inpatients and their care
teams, increased multidisciplinary rounds and in-
cremental case management support. This bundled
intervention was associated with reduced lengths of
stay in the intervention versus concurrent and his-
torical controls.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= A bundled approach rather than single interven-
tions may result in reduced lengths of stay and im-
proved quality of patient care in hospital inpatient

populations.

pandemic began in 2020," with many asso-
ciated negative outcomes. Quality of care
decreases inversely as LOS increases.
Prolonged LOS is associated with negative
clinical quality outcomes such as nosoco-
mial infections.” Patients with longer LOS
have decreased patient satisfaction with their
hospital experience.” Hospitals are real-
ising significant negative financial impacts
related to prolonged LOS and the resultant
reduction in hospital throughput. Kaufman-
Hall reports that 69% of US Hospitals have
reported an increase in LOS in 2022 with
much of thatincrease attributed to challenges
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with discharging patients to postacute care facilities.'
When coupled with labour shortages and their associ-
ated increased costs in 2022, prolonged LOS has had a
profound impact on finances, with most hospitals now
experiencing negative operating margins.*

To address prolonged LOS, hospital medicine leaders,
researchers and practising clinicians need to under-
stand potential contributing factors such as advanced
age and frailty; poor home support; cognitive and func-
tional impairment; clinical complexity; limited English
proficiency; postacute care delays; the need for inpa-
tient procedures, tests, consultations; different services
on weekends; hospitalist experience and workload.”™!
Many of these factors are either non-modifiable or diffi-
cult to address. However, discoordination of care and
poor communication between clinical team members
can contribute to prolonged LOS and readmissions, and
these factors could be improved.

Due to the pressures of emergency department
throughput and bed placement priorities, general
medicine patients are often placed in a variety of
units throughout a hospital. This results in hospital-
ists rounding on many diverse units resulting in poor
communication and collaboration with nursing and
other clinical staff on those units. Therefore, geograph-
ical cohorting of provider teams, patients and other clin-
ical team members is a proposed solution for some of the
inefficiencies of care which contribute to worsened LOS,
readmissions and other quality metrics. Most geograph-
ical cohorting studies have shown no beneficial effect on
LOS or readmissions'?"” except for Maniaci et al,"® who
combined geographical cohorting with multidisciplinary
rounds (MDRs) and showed a reduction in LOS and a
reduction in quality ‘atrisk events’ with no change in
readmissions. Most of the remaining studies that showed
no effect on LOS or readmissions used geographical
cohorting of providers and patients alone without paired
MDR. In the studies by Dunn et al'® and Maniaci et al,'®
both sets of authors recommended that future studies
consider ‘comprehensive transformation’ (Dunn) which
includes geographical cohorting, MDR and other inter-
ventions combined to have a greater impact on these
measures. Additional benefits of geographical cohorting
may include improvements in the quality of care, the
learning experience of students and residents, commu-
nication between providers and nurses, teamwork, and
efficiency."* Non-geographical placement of general
medicine patients on non-general medicine units may be
associated with higher mortality."

At Duke University, there has been a consistent rise in
the LOS for patients in the General Medicine service, a
trend that predates the COVID-19 pandemic. Drawing
from existing literature, we hypothesised that a bundled
approach to care transformation including geographical
cohorting in addition to MDR would primarily reduce
LOS and readmissions, and secondarily improve the
accuracy of estimated discharge dates (EDDs) and result
in earlier discharge time each day. This study evaluates

the impact of a pilot quality improvement intervention of
both geographical cohorting, multidisciplinary rounding
and incremental case management support to determine
whether it reduced hospital LOS or 30-day readmission
rates.

METHODS

Prestudy pilot programme

During the initial years of the COVID-19 pandemic, we
geographically cohorted all COVID-19 positive patients
on specific general medicine COVID-19 isolation units.
We observed benefits of geographical cohorting in effi-
ciency and provider satisfaction. We then began MDR on
this geographical COVID-19 unit and observed significant
improvements in LOS and readmissions.”” This quality
improvement project on our COVID-19 unit involved a
bundled approach including geographical cohorting
of patients and providers, twice daily MDR on week-
days informed by software from General Electric (GE)
Healthcare Command Center that we have called ‘Care
Hub’, and the addition of incremental case manage-
ment support. The ‘Care Hub’ software is viewed on a
large wall-mounted video monitor at the nursing unit and
helped to standardise patient presentation and discussion
of discharge barriers. The success of this initial pilot work
on a COVID-19 unit allowed us to gain acceptance for a
similar pilot on a traditional inpatient general medicine
unit. This required significant support from hospital lead-
ership given the hospital flow pressures to place patients
in any unit that has open beds rather than wait for a
geographical bed to become available.

Study design and setting

This is a retrospective study based on a quality improve-
ment intervention at DUH, beginning in April 2021 and is
currently ongoing. For evaluation and analysis, the study
intervention period spans April 2021 through September
2021 and uses data extracted from our electronic medical
records (EMR). Patients were included in the analysis if
they were at least 18 years of age and were admitted to
DUH with General Medicine as the discharging service.
We excluded patients who were discharged from obser-
vation or outpatient status, were discharged by a team
with resident physicians, were discharged from inpatient
psychiatric service, were discharged from non-General
Medicine teams or were discharged from the General
Medicine Admitting team.

Intervention

In partnership with hospital patient flow, general medi-
cine patients were assigned to the intervention unit,
unit 4300, and were then cared for by one of the two
geographically located hospitalist teams. There were not
any residents on these two provider teams. One team
consisted of an attending physician and an advanced
practice provider (APP) corounding, and the second
team consisted of a single attending physician provider.
The target census for the combined attending MD-APP
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team was 18 patients, and of the attending MD-only team
was 12 patients. The unit simultaneously began twice
daily MDR. The morning rounds consisted of a discus-
sion of every patient on the unit. Attendees typically
included the charge nurse, nurse manager or appointed
nurse leader designee, the three providers rounding on
the unit, the case managers (CM) assigned to the unit,
and the physical and occupational therapists working
on the unit. Generally, there was a CM for each of the
two rounding teams and a supplemental third CM who
provided ‘incremental’ support by fulfilling additional
CM duties not typical of the assigned CM. The additional
CM focused on referring patients to outpatient resources
and programmes after discharge as well as helping the
primary CM with various tasks relating to discharge. The
nursing leader served as the huddle facilitator, joined the
virtual meeting link for offssite access of attendees and
managed the Care Hub monitor. The afternoon MDRs
were more concise and focused on patients who would
be discharged the same day, or the next day, and the
barriers or action items required to ensure their timely
discharge. The CM updated the EDD at least once each
day based on the discussion that occurred during rounds.
The workroom where the MDR occurred was equipped
with a monitor to display Care Hub, a software applica-
tion providing a visual cue for standardised team discus-
sion, with icons highlighting potential discharge barriers
or patient care orders that needed to be completed prior
to discharge, such as a radiology study, physical therapy
assessment or dialysis session.

Iterative improvements were made to the MDRs to
improve efficiency, under the direction of the unit ‘Quad’
leadership team, which consisted of the unit medical
director, unit nurse manager, CM leader and hospital
service unit leader. This team worked together to suggest
process improvements, improve discharge processes,
escalate common discharge barriers and monitor unit-
level data.

Control units

We included two comparison arms, a historical control
and a concurrent control. The historical control included
patients discharged from the same unit 4300 between
October 2020 and March 2021 (before the intervention).
The concurrent control included patients discharged
from other general medicine units (unit 8100 or 8300)
during the intervention period (between April 2021 and
September 2021). Units 8100 and 8300 were selected as
concurrent controls because they were the only other
general medicine units (aside from 4300) that were not
dedicated to acute COVID-19 care during the study time
period, and these are traditional medicine units without
geographical cohorting of provider teams. In order
to reduce variation due to provider type, we excluded
patients in the control arms if they were discharged from
resident teaching teams. These patients on control units
were, therefore, cared for by hospitalist teams. Non-
geographical hospitalist teams who also rounded on

control units had similar daily patient census values as
intervention teams. All of the units analysed (4300, 8100,
8300) had no patients with active COVID-19 infection.

Primary outcomes

This study focuses on two primary outcomes, LOS and
30-day hospital readmission rate. 30-day hospital readmis-
sion was defined as an unplanned hospital readmission to
any of the three Duke University Health System Hospitals
within 30 days of previous discharge alive and excluded
patients that were discharged to other acute care facili-
ties, left against medical advice or were discharged from
medical oncology or psychiatry services. The criteria were
used to most closely approximate the Center for Medi-
care and Medicaid Services definition of hospital-wide
unplanned readmissions. LOS was quantified as days
from inpatient admission to discharge alive from DUH.

Secondary outcomes
Secondary outcomes included accuracy of EDD meas-
ured as a binary indicator that a patient was discharged
on their EDD. EDD is the best estimate for the day of
eventual discharge estimated by the multidisciplinary
team and entered into the electronic record by the CM.
For a given patient encounter, the last entered EDD was
used to determine EDD accuracy. Discharge time of day
was measured in minutes from midnight of the day of
discharge, with earlier discharge times preferred over
later discharge times.

This study is guided by the Strengthening the Reporting
of Observational Studies in Epidemiology”' guidelines.

Statistical analysis

Patient demographics and clinical characteristics were
summarised by arm (intervention, historical control,
concurrent control) using means, medians, SD and IQR
(25th and 75th percentiles), counts, and percentages.

To account for the non-randomised nature of the study,
propensity score weighting was used to balance socio-
demographic and clinical characteristics between arms
using the overlap weighting method.”® Logistic regres-
sions modelled the probability of being discharged from
the 4300 intervention unit with separate models used for
each type of control. Propensity score models included
age, gender, race, ethnicity, insurance status, Medicare
Severity Diagnosis Related Group weight, hours spent in
intensive care unit (ICU) and an indicator for whether or
not the patient was a Duke Primary Care patient. Missing
race and ethnicity information was included as an addi-
tional category in the models while missing insurance
information was assumed to be self-pay. Distributions
of propensity scores were compared to assess overlap
in the probability of being discharged by 4300 during
the intervention period. Standardised differences were
computed® to compare the balance between character-
istics of patients in the intervention arm versus the two
control arms (each evaluated separately) before and after
weighting, with standardised differences smaller than
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0.10 in absolute value considered acceptable balance
between arms.

Due to known skew in the distribution of LOS and the
possibility of censoring due to inpatient death, LOS was
analysed using accelerated failure time models (with log-
logistic error distribution)** with outcomes of days to
discharge alive and intervention arm as the sole covariate.
Estimates were exponentiated to give the interpretation
of an event time ratio (ETR). ETRs can be interpreted
as a relative expected time to discharge with ETRs>1
indicating that LOS was longer for the intervention arm
and ETR<I indicating that LOS was shorter for the inter-
vention arm, and an ETR of 1 indicating that LOS was
the same for intervention and control arms. Estimates
generated from overlap weighted models were consid-
ered primary, with unweighted models computed to
assess the magnitude of potential bias caused by the non-
randomised nature of the study.

Rates of 30-day hospital readmission were analysed
using Cox proportional hazard models® with days to
readmission as the outcome and death as a censoring
event. Regression estimates were exponentiated to give
the interpretation of HRs. Regressions were performed
with and without overlap weighting, with weighted models
considered primary.

In the case of LOS and 30-day hospital readmission,
death was considered as a potential semicompeting risk if
the prevalence of death (inpatient death for LOS or death
during the 30-day window postdischarge for 30-day read-
mission) was substantial overall or differential between
intervention and control arms. Death was treated as a
censoring event in the main models. Where death was
considered a plausible semicompeting risk, companion
regression models were included with time to death as
the outcome and discharge alive or 30-day readmission
events as censoring events in the LOS and 30-day readmis-
sion analyses, respectively.

Weighted and unweighted Kaplan-Meier curves were
plotted for time to discharge (in days) and time to 30-day
readmission (in days) with separate curves for time to
death, where death was considered a semicompeting risk.

Accuracy of EDD was analysed as a binary outcome using
generalised linear models with binomial distribution and
log link function. Coefficients were exponentiated to give
the interpretation of a risk ratio. Time of day was anal-
ysed as a continuous variable in minutes from midnight
of discharge date, using linear regression models.

To account for repeated measures by patient and
uncertainty in the estimation of the propensity scores,
bootstrapping methods were employed to calculate valid
percentile-based 95% CIs using 1000 resamples at the
level of the individual patient.

Evaluation of primary outcomes of LOS and 30-day
hospital readmission were both considered as individual
hypotheses, thus no adjustment for multiple comparisons
was applied.*

RESULTS

A total of 2608 discharges (2462 unique patients) were
extracted from the EMR of which 1591 discharges (1515
unique patients) met the criteria for inclusion in the
analytic sample, composed of 723 discharges from 4300
during the intervention period, 502 for the concur-
rent control and 366 for the historical control. Details
of sample reduction and reasons for exclusion can be
found in figure 1. Across all arms, discharged patients
were a median of 61 years old (IQR=45.0-74.0), rela-
tively balanced by gender (50.8% female vs 49.2% male),
predominantly white (49.2%) or black (43.1%), with
3.8% of patients identifying as Hispanic (table 1). A
majority of patients (67.9%) were on public insurance
and 22.0% of patients spent at least some portion of their
hospital stay in the intensive care unit (ICU). Inpatient

Records extracted from EHR
(n=2608 encounters, 2462

patients)

¥

‘ +

Figure 1

Historical Control
Discharged from 4300 during
October 2020-March 2021
(n=588 encounters, 571 patients)

Concurrent Control
Discharged from 8100/8300 during
April-September 2021
(@=1278 encounters, 1193 patients)

Excluded encounters (n=222)

- Discharged by teaching team (n=192)

- Discharged by psych (n=23)

- Discharged by non-General Medicine (n=4)

- Discharged by General Medicine Admitting
team (=1

+ Split hospitalizations (n=2)

fe—|

Intervention
Discharged from 4300 during
Aptil-September 2021
(a=T42 cacounters, 698 patients)

Excluded encounters (u=775)
- Discharged by teaching team (n—692)
- Discharged by psych (a=76) |
- Discharged by non-General Medicinc (n=6)
- Split izations (n=1)

Available for analysis (a=366
encounters, 357 patients)

Discharged alive (=361
encounters, 333 patients)

Excluded encounters (1=23)
- Disposition (n=14)

+ Medical Oncology (n=6)
- Psych(a=3)

Excluded encounters (n=19)

- Discharged by teaching team (n=3)

+ Discharged by psych (n=2)

+ Discharged by non-General Medicine (n=5) l¢—

- Discharged by General Medicine Admitting
team (n=5)

- Split hospitalizations (n=2)

Available for analysis (s=502
encounters, 478 patients)

Discharged alive (n=494
encounters, 438 patients)

« Dsych(n=4)

Excluded encounters (n=23)
- Disposition (n=13)
- Medical Oncology (n=6)

Available for analysis (n=723
encounters, 680 patients)

Discharged alive (=715
encounters, 681 patients)

Excluded encounters (n=39)
- Disposition (n=23)

- Medical Oncology (n=12)
« Psych (n=4)

Met criteria for analysis of
readmission (n=338 encounters
1=328 patients)

Met criteria for analysis of
readmission
(8=471 enconnters, n=423 patients)

Met criteria for analysis of
readmission
(n=676 encounters, n=633 pafients)

Study cohort composition. EHR, electronic health record.
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Table 1 Baseline characteristics of analytical sample by cohort

Historical control Concurrent Intervention
(N=366) control (N=502) (N=723) Total (N=1591)

Age at discharge (years)

Mean (SD) 59.5 (18.8) 58.7 (19.9) 59.4 (18.2) 59.2 (18.9)

Median (Q1, Q3) 61.0 (45.0, 74.0) 61.0 (43.0, 74.0) 61.0 (46.0,73.0) 61.0 (45.0, 74.0)
Gender*

Female 185 (50.5%) 260 (51.8%) 363 (50.3%) 808 (50.8%)

Male 181 (49.5%) 242 (48.2%) 359 (49.7%) 782 (49.2%)
Racet

Black 159 (43.4%) 239 (47.6%) 288 (39.8%) 686 (43.1%)

White 177 (48.4%) 225 (44.8%) 381 (52.7%) 783 (49.2%)

American Indian/Alaska Native, Asian/Pacific 19 (5.2%) 30 (6.0%) 45 (6.2%) 94 (5.9%)

Islander, two or more races or other

Refused/not reported 11 (3.0%) 8 (1.6%) 9 (1.2%) 28 (1.8%)
Ethnicityf

Hispanic 17 (4.6%) 18 (3.6%) 25 (3.5%) 60 (3.8%)

Non-Hispanic 337 (92.1%) 472 (94.0%) 679 (93.9%) 1488 (93.5%)

Refused/not reported 12 (3.3%) 12 (2.4%) 19 (2.6%) 43 (2.7%)
Insurance

Private/other 81 (22.1%) 124 (24.7%) 180 (24.9%) 385 (24.2%)

Public 258 (70.5%) 330 (65.7%) 492 (68.0%) 1080 (67.9%)

Self-pay 27 (7.4%) 48 (9.6%) 51 (7.1%) 126 (7.9%)
MSDRG weight

Mean (SD) 1.9(1.9) 1.9 (2.3 1.7 (1.4) 1.8 (1.8)

Median (Q1, Q3) 1.4 (0.9,1.9) 1.3(0.9,1.9) 1.4 (0.9,1.9) 1.4 (0.9, 1.9)
Time spent in ICU (hours)

No ICU 295 (80.6%) 434 (86.5%) 512 (70.8%) 1241 (78.0%)

<24 hours 9 (2.5%) 7 (1.4%) 30 (4.1%) 46 (2.9%)

24-72hours 28 (7.7%) 21 (4.2%) 95 (13.1%) 144 (9.1%)

>72hours 34 (9.3%) 40 (8.0%) 86 (11.9%) 160 (10.1%)
Died (inpatient) 5(1.4%) 8 (1.6%) 8 (1.1%) 21 (1.3%)
Died within 30 days of discharge 4 (1.1%) 6 (1.2%) 7 (1.0%) 17 (1.1%)

Duke primary care active patient
Discharge disposition

Home

Skilled nursing facility

Other

102 (27.9%)

268 (73.2%)
62 (16.9%)
36 (9.8%)

137 (27.3%)

363 (72.3%)
88 (17.5%)
51 (10.2%)

186 (25.7%)

545 (75.4%)
117 (16.2%)
61 (8.4%)

425 (26.7%)

1176 (73.9%)
267 (16.8%)
148 (9.3%)

*One patient’s gender was missing in intervention group.

TRace is a mix of self-report and healthcare worker perceived race recorded in electronic medical records.

FEthnicity is predominantly self-reported in electronic medical records.

ICU, Intensive Care Unit; MS DRG, Medicare Severity Diagnosis-Related Group.

death occurred in 1.83% of hospital encounters across all
arms and 73.9% of patients were discharged home.

Propensity scores and balance between arms

A comparison of the distribution of propensity scores
between intervention and control arms revealed good
overlap in the probability of being in the intervention

arm, with the historical control having more overlap in
the probability of being in the intervention arm (based
on included characteristics) than the concurrent control
suggesting slightly better balance in characteristics
between the intervention and historical control prior
to weighting (online supplemental figure 1). Parameter
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estimates for final propensity score models can be found
in online supplemental table 1. Standardised differences
computed with and without weighting (online supple-
mental figure 2) indicate that characteristics were well
balanced between the intervention and both control arms
prior to weighting except in the case of race, with white
patients more likely to be assigned to the intervention
(OR 1.51, 95% CI 1.16 to 1.95) compared with concur-
rent control and patients spending more time in ICU
being more likely to be discharged from the intervention
unit, with more than quadruple the odds of spending up
to 72 hours in the ICU than concurrent control and more
than twice the odds of spending up to 72 hours in the ICU
than the historical control (online supplemental table 1).

Primary outcomes

Length of stay

Median LOS was 4.8 days (IQR 2.9-8.6) for patients in
the intervention condition, 5.6 days (IQR 3.5-10.4) for
patients in the concurrent control, and 5.7 days (IQR
3.5-11.9) for patients in the historical control (table 2
shows results for weighted outcomes and online supple-
mental table 2 for unweighted outcomes). Kaplan-
Meier plots suggest little difference between weighted
and unweighted estimates for time to discharge alive
(figure 2). Accelerated failure time models estimated that
patients in the intervention arm had 16%-17% shorter
LOS than patients in the control arms, with CIs excluding
one indicating a statistically significant effect (ETR 0.83,
95% CI 0.76 to 0.92 for historical control; ETR 0.84, 95%
CI 0.76 to 0.93 for concurrent control) (table 2). Esti-
mates were virtually identical when censoring all patients
after 30 days (or >95th percentile) indicating that results
were not driven by outliers for LOS.

30-day readmission

Across all conditions, 676 patients (93.5%) in the
intervention arm, 471 patients (93.8%) in the concur-
rent control and 338 patients (92.3%) in the historical
control condition met the criteria for being included in
the analysis of time to 30-day hospital readmission. Of
those, 15.6% in the intervention condition, 20.3% in the
concurrent control condition and 15.7% in the histor-
ical control condition were readmitted within 30 days of
discharge with median days to readmission of 14.4 (IQR
7.9-21.5) for the intervention condition, 12.4 days (IQR
8.2-21.8) for the concurrent control and 13.2 days (IQR
8.8-22.9) for the historical control (table 2). Evaluation
of Schoenfeld residuals confirmed that assumptions of
proportional hazards were met across all weighted and
unweighted analyses. Comparisons of weighted esti-
mated hazard rates provide some evidence that the rate
of readmission was reduced by approximately 27% when
compared with a concurrent control condition (HR 0.73,
95% CI 0.55 to 0.98) but little evidence of a difference
when compared with a historical control (HR 0.99, 95%
CI0.70 to 1.39).

Secondary outcomes

Accuracy of EDD

Of patients discharged alive (n=715 for intervention, 494
for concurrent control, 361 for historical control), EDD
was available for 680 patients (95.1%) in the intervention
arm, 460 patients (93.1%) in the concurrent control and
339 patients (93.9%) in the historical control. For patients
discharged alive, EDD was accurate for 62.1% of patients
in the intervention condition, 61.7% of patients in the
concurrent control condition and 56.3% of patients in
the historical control condition (table 2). There was some
evidence of increased accuracy of EDD for patients in the
intervention condition compared with those in the histor-
ical control (risk ratio (RR) 1.10, 95% CI 0.99 to 1.23)
but little evidence of differential accuracy when using
a concurrent control (RR 1.01, 95% CI 0.92 to 1.11 for
concurrent control). Hours from last update of EDD were
comparable between all arms.

Time of day of discharge

There was weak evidence that patients in the intervention
condition were discharged earlier in the day than those in
the concurrent and historical control conditions (mean
estimate —3.6 min, 95% CI -22.2 to 14.5 for concurrent
control; mean estimate —11.8 min, 95% CI -32.5 to 10.3
for the historical control) (table 2).

Impact of death

Greater than 98% of the study sample were discharged
alive with five inpatient deaths (1.4%) for the historical
control, and eight inpatient deaths each for the two other
conditions (1.6% and 1.1% for concurrent control and
intervention arm, respectively). Because inpatient death
was rare and non-differential by the study arm, inpatient
death was not deemed a substantial semi-competing risk
with discharge for the purposes of evaluation of the inter-
vention.

Lower proportions and hazard rates of death postdis-
charge but pre-30-day endpoint in the intervention arm
indicate that it is unlikely that death presented a substan-
tial competing risk with readmission for patients in the
intervention (Kaplan-Meier plots for time to death post-
discharge can be found in online supplemental figure 3).

DISCUSSION

In our retrospective study at one academic hospital of a
bundled intervention of geographical cohorting of patient
and provider teams, in addition to twice daily MDRs and
incremental CM support, we observed shorter LOS in the
patients on our intervention unit, as compared with both
the historical control and the concurrent control. We
used propensity score weighting to balance patient and
clinical characteristics between treatment arms in order
to provide a more accurate estimate of the effect of the
bundled intervention. We found that many characteristics
were well balanced between arms (with the exception of
race and time spent in ICU) and found that the historical
control is slightly more comparable to the intervention
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Table 2 Weighted* mean outcomes and regression estimatest with 95% Cls, by control type

Weighted sample summaries by arm

Weighted regression estimates

Concurrent
Outcome Historical control control Intervention Historical control Concurrent control
Primary outcomes
Length of stay (days)f Event time ratio Event time ratio
(95% Cl) (95% ClI)
Mean (SD) 12.2 (22.5) 10.9 (19.7) 7.8 (10.3) 0.83 (0.76 to 0.92) 0.84 (0.76 to 0.93)
Median (IQR) 5.7 (3.5-11.9) 5.6 (3.5-10.4) 4.8 (2.9-8.6)
Inpatient death (%) 1.4 1.5 0.9
Length of stay (censored at 95th percentile) Event time ratio Event time ratio
(95% Cl) (95% Cl)
Mean (SD) 9.3(8.7) 8.7 (8.1) 7.2 (6.6) 0.84 (0.76 to 0.93) 0.84 (0.76 to 0.93)
Median (IQR) 5.7 (3.5-12.0) 5.6 (3.5-10.4) 4.8 (2.9-8.6)
Days to readmission (30-day endpoint)t HR HR
(95% Cl) (95% Cl)
Mean (SD) 15.3 (8.7) 14.5 (8.4) 14.7 (8.0) 0.99 (0.70t0 1.39)§  0.73 (0.55 to 0.98)§
Median (IQR) 13.2 (8.8-22.9) 12.4 (8.2-21.8) 14.4 (7.9-21.5)
Readmitted within 30 days 15.7 20.3 15.6
(%)
Days to death postdischarge (within 30-days) HR HR
(95% Cl) (95% Cl)
Mean (SD) 13.9 (10.6) 10.4 (7.9) 12.6 (9.1) 0.48 (0.26 t0 0.90)Y  0.58 (0.31 to 1.09)9]
Median (IQR) 14.8 (4.0-22.0) 8.7 (2.9-13.7) 13.0 (3.0-19.8)
Death postdischarge (within 6.3 5.1 3.0
30 days) (%)
Secondary outcomes
Risk ratio Risk ratio
(95% Cl) (95% Cl)
Estimated discharge date  56.3 61.7 62.1 1.10 (0.99 to 1.23) 1.01 (0.92 to 1.11)
accurate (%)%
Hours from last EDD update to discharge
Mean (SD) 35.8 (19.6) 33.5 (15.3) 33.9(17.2)
Median (IQR) 28.7 (25.7-32.7)  28.4(25.8-31.6)  27.9 (24.6-32.5)
Time of day of discharget Mean estimate Mean estimate

Mean (SD*) 14:41 hours (2.7)

Median (IQR) 14:5 14:29
(12:43-16:34 (14:39-16:20
hours) hours)

14:32 hours (2.5)

14:29 hours (2.9) -11.8 (-32.5 to 10.3)

14:22
(12:11-16:30
hours)

*Overlap weights used to weight sample means, proportions and regression estimates.
TEvent time ratios are estimated with accelerated failure time models (log-logistic distribution), HRs with Cox proportional hazards
models, risk ratios with binomial models (log link) and mean estimates with linear regression. All 95% Cls calculated using percentile

intervals generated using cluster bootstrapping.

(95% Cl)

(95% Cl)
~3.6 (-22.2 to 14.5)

FOutcomes prespecified as main outcomes of interest, all others meant to provide additional information and/or context.
§Test of Schoenfeld residuals p=0.548 for analysis with concurrent control, p=0.392 for analysis with historical control.
{[Test of Schoenfeld residuals p =0.284 for analysis with concurrent control, p=0.438 for analysis with historical control.

**SD of sample mean in minutes.
EDD, estimated discharge dates.

arm (based on their overall probability of receiving the
intervention). We attribute the 16%—-17% shorter LOS in
the intervention condition to a combination of efficien-
cies gained in geographical localisation of both providers
and patients and improved communication and care

coordination among the multidisciplinary team. Read-
missions were not increased in the intervention group,
despite the observed shorter LOS and higher proportion
of patients who were in the ICU for a portion of their
hospital stay. We suggest the incremental CM support may
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Figure 2 Weighted and unweighted Kaplan-Meier plots
illustrating time to discharge alive by treatment arm and
control type (plots display time to discharge only up to 60
days due to small numbers).

have helped to ‘protect’ against further readmissions.
There was weak evidence that patients in the intervention
group were discharged earlier in the day than patients in
either control group.

Our analysis of the accuracy of the last documented
EDD showed some evidence for improved accuracy in
the intervention group as compared with the historical
control, but less difference when compared with the
concurrent control. This is likely attributed to other
concurrent initiatives focused on improving EDD docu-
mentation and accuracy by CM and provider teams
across our health system during the intervention time
frame.

The initiation of geographical cohorting of both
patients and providers on our 4300 unit resulted in some
unanticipated consequences regarding patient flow.
First, due to the exclusion of resident teaching team
patients, and patient assignment practices for overnight
admissions, the morning bolus of ICU patients who were
ready to transfer out of the ICU to the general medi-
cine floors were often assigned to the intervention unit,
more so than the other general medicine units. Similarly,
afternoon admissions who were not being admitted by
resident teams were assigned to the intervention unit,
with a higher portion of these coming from the ICU as
opposed to new admissions from the ED or clinic loca-
tions. The high number of ICU patients resulted in
increased care complexity for our provider and nursing
teams. The intervention unit observed favourable patient
flow outcomes despite the increased proportion of ICU
patients, although balancing the proportion of ICU
transfers across our general medicine units would be
more favourable for the resiliency of our team members.
Our project leaders did experience encouragement to
place patients ‘non-geographically’ during times of high
bed demand. We had significant support from hospital
leadership to address this. Overcoming throughput
pressures in geographical placement projects like this
is a significant challenge for all hospitals and leadership
buy-in is vital.

Limitations

Limitations of our study are a short time duration (6
months), on a single general medicine unit, at a single
academic medical centre. Despite our pilot occurring in
an academic medical centre, we chose to exclude resident
teaching teams from our geographical unit and compar-
ison groups. We recognised the need to focus this project
on non-learner teams only to remove some of the chal-
lenges facing learner teams. These challenges include
patient volume ‘caps’ and conflicts with educational
conferences during the clinical day. Eliminating resident-
learner teams from geographical units is not a feasible
long-term strategy for an academic hospital. Following
this initial project, we have subsequently expanded our
geographical unit model to include both residentlearner
teams and hospitalist teams in each designated unit.
We will examine the impact of these changes in future
studies. Our study was a QI study, and thus, patients were
not randomised between units or comparison groups.
We did not anticipate the effect on patient selection that
occurred in our intervention unit, namely the increased
proportion of patients who were in the ICU. Finally, our
intervention was a bundled approach that appears to
have been effective in improving the efficiency of care,
however, itis not possible to discern which elements of the
intervention were the most impactful, and any elements
that may have been unnecessary.

CONCLUSION

Based on the results of this quality improvement pilot
our health system has recognised the value of geograph-
ical cohorting of patients, provider teams, nurses, CMs
and other supporting clinical team members. We have
negotiated support to open three additional geographi-
cally based medicine units at our main academic hospital
and to integrate our resident teaching teams into this
geographical care model and have implemented multi-
disciplinary rounding on these units. Future studies will
confirm the sustained impact of these care transforma-
tions on hospital throughput. We hope this will allow us
to further reduce LOS for our hospitals and to improve
the quality of care we deliver for our patients.
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