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ABSTRACT
Complex interactions between workload variability, uncertain and increasing arrival rates, and resource
constraints make it difficult to improve flow through emergency departments (EDs). This complexity
causes crowded EDs, long patient lengths of stay, and burnout among care providers. One way to improve
efficiency while maintaining high quality care is to switch from a siloed unit-based department to a teambased design or pod system. This paper seeks to compare a pod system against the unit-based design at
Southeastern Health’s ED using a discrete event simulation. Robustness of the model under a selection of
staffing designs will be tested with increased arrival rates and varying mixes of severity for incoming
patients. Ultimately, it is shown the pod system maintains quality of care metrics while increasing resource
utilization, establishing proof of concept that an optimized pod system can improve flow in the ED.
1

INTRODUCTION

Emergency Department (ED) crowding due to long patient lengths of stay increases the chances of patient
harm and reduces patient satisfaction. Crowded EDs also reduce job satisfaction, reduce productivity, and
causes burnout (Wiler et al. 2011). Complex interactions between workload variability, uncertain and
increasing arrival rates, and resource constraints make it difficult to improve flow and reduce crowding.
The complexity of EDs and the introduction of big data from electronic health records suggest an evidencebased decision tool is vital in supporting ED leadership and policies.
Forecasts of increased healthcare use and decreased resources compound the life-threatening issue of
crowded EDs; the American Hospital Association estimates 33% of rural and 69% of urban hospital EDs
are functioning at overcapacity yet there continues to be a significant shortfall of registered nurses.
Teaching hospitals face additional considerations; residents need quality instruction time from preceptors
and hands-on learning experience from patient caseloads which both impact physician efficiency and
patient’s length of stay. One proposed method for overcoming these barriers while improving patient care
is to redesign siloed ED units into smaller yet more integrated team-based pods which have improved
scheduling and staffing flexibility with the ability to balance patient workload amongst teams of care
providers.
Southeastern Health’s ED, which sees over 170 patients each day, aims to improve patient outcomes
and staff experience by reducing patient length of stay by transitioning to a pod system. The purpose of this
work is to evaluate and compare performance of a pod design to the current unit design using a discrete
event simulation built. Performance and robustness across multiple configurations of staffing models (i.e.
number of nurses per shift) and department designs (unit or pod) will be evaluated for expected demand,
increased arrival rates, and varying patient severity mix. The key performance metrics are length of stay
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(LOS) measured by time from registration to discharge, resource utilization, and ED volume (i.e. the
number of patients in the ED at a given moment in time).
1.1

Relevant Literature

Discrete event simulation (DES) is useful for experimenting with new policies and in preparing for future
events such as increased arrival rates or changing staff levels. It has been applied to identify the best patient
care pathways, efficiently allocate resources, and determine staffing designs (Oh et al. 2016; Augusto et al.
2018). In particular, Oh et al. used simulation to reduce patient LOS by evaluating and comparing system
improvements; they ultimately found reducing adult patient CT scan oral contrast drink time, increased
self-dictation use in radiology, and reducing sample re-collection rate had the most influence on reducing
LOS.
Transitioning to a pod system requires the redesign of pod scheduling, staff assignments, and patient
routing rules. Mixed integer optimization (Sir et al. 2017), simulation models, and queuing theory are
techniques used to determine new shift templates for care providers and pod scheduling. Designs vary from
physician-led teams assigned to specific beds with each pod randomly assigned patients (Patel and Vinson
2005) to more dedicated pods to suit patient population needs like pediatric and low-acuity specific pods
(Oh et al. 2016; Dinh et al. 2015). Routing of patients to pods is critical to flow; Agor et al. developed a
workload score to reduce the time the ED spent at maximum utilization. The score considered pod and ED
attributes like number of behavioral health patients and queue length (Agor et al. 2016). Finally, new roles
such as a navigator overseeing patient flow (Dinh et al. 2015) or a dedicated nurse technician transporting
patients to beds may be needed for a successful transition from unit-based designs to a pod system.
Team based care has been studied observationally and in DES models and is shown to reduce time to
patient’s first visit with a physician, reduced left without being seen cases, improved patient satisfaction,
and reduced LOS while maintaining clinical quality of care (Patel and Vinson 2005; Oh et al. 2016; Dinh
et al. 2015). Beyond patient experience, team based care also has been shown to improve staff experience.
Teaming residents with a single physician, all seeing common patients, was associated with improved
perceptions of quality of teaching (Nable et al. 2014).
The practical successes of a pod-based design in the ED paired with the flexibility of discrete-event
simulation modeling suggest that this work can improve ED flow and inform staffing configurations and
unit scheduling at Southeastern Health.
2

MODEL BUILDING

Performance of the current unit design at Southeastern Health as compared to the proposed pod-based
system was evaluated using a discrete event simulation built in SimioTM University Enterprise Version 10.
2.1

Data and Simulation Inputs

Inputs and validation for this model were inferred from over 88,000 unique visits, each with over 150
variables including timestamps, visit attributes, and patient outcomes. Patient-level visit data was available
from November 2017 to April 2019 and was matched to the ED subprocesses of laboratory tests, radiology,
transporters, and psychiatric and community care consultations. Physician and nurse schedules along with
daily bed assignments for 2018 and 2019 defined the current staffing levels.
Training and testing sets of data were partitioned for inputs and validation. Data analysis was performed
in R (Version 3) and JMP Pro 14. Laboratory tests and radiology imaging were grouped into 7 and 8 primary
categories, respectively. Differences between timestamps were used as processing times for registration,
triage, transportation to and from radiology, specimen collection for labs, labs and imaging from order time
to results, disposition decision, and time from disposition decision to discharge or admission to hospital.
Some processes such as individual nurse and physician visits were determined from system expert
interviews and compared to literature. The hourly arrival rate was uniquely defined from 12:01a Monday
to 12a Sunday (Figure 1). Additional proportions extracted from data include arrival mode (ambulance
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Figure 1. Time-varying hourly arrival rate into Southeastern Health’s ED from 12:00a Monday to 11:59p
Sunday using data from November 2017 – February 2019. Each dot represents an observed number of
patient arrivals that hour of the week. The median (blue line) and average (purple line) number of arrivals
per hour of the week is summarized.
versus front door), acuity, unit assignment, final disposition, and binary variables of behavioral health
patient, combination of labs and imaging per visit, and community care consultation. The model was
calibrated until the observed outputs (LOS, bed utilization) were validated by adjusting unknown data fields
like number of nurse visits per patient and amount of time the nurse or physician visits a bed, dependent on
patient acuity level.
2.2

Patient Flow

A patient arrives to the ED either through the front door or by ambulance and will immediately be registered
at the front desk. An emergency severity index (ESI) level is assigned based on chief complaint and the
estimated number and mixture of resources the patient will require for care. This level ranges from 1 (most
severe) to 5 (least severe). Patients presenting high-severity symptoms (ESI 1) will immediately be placed
in a bed in the critical care unit and all others are sent to triage to receive a more thorough initial exam and
unit assignment. In the current unit-design, patients are assigned to one of three units during triage: Critical
Care, Minor Emergencies, and Fast Track. In the pod system, patients are assigned to one of six teams:
Orange, Purple, Yellow, Blue, Green, or Grey. After triage, patients wait for an available bed.
At the bed, patients receive care through a sequence of care tasks including nurse and physician visits,
specimen collections for labs, transportation for imaging procedures, psychiatry consultations, boarding
(admitted patients), and community care consultations. It is assumed patients either get admitted into the
hospital or discharged and exit the facility. The care process and subsequent patient LOS ends after the
patient leaves the ED bed. The amount of time a physician or nurse spends with the patient throughout their
stay depends on ESI level and unit.
Figure 2 displays a more detailed path of care for patients and the logic for steps (i.e. care at the bed)
is described in section 2.4.
2.3

Resources

Figure 3 displays two designs of Southeastern Health’s ED department; the left is the current unit-based
design and the right is the proposed team-based pod system. In both designs patients enter from the front
door or via an ambulance, register, go through triage, and wait for an open bed in the waiting room
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Figure 2. ED Process Flow Chart.
(currently labeled as ‘Triage’). A nursing technician transfers patients from the waiting room to triage where
patients see a triage nurse and, if during their 12-hour shift, a physician’s assistant (PA). After triage,
patients wait for an open bed.
In the unit-based ED design (left Figure 3), Fast Track (FT) has 6 beds and is open from 10a – 10p but
will stop accepting new patients at 9p. Minor Emergencies (ME) has 26 beds and Critical Care (CC) has 18
beds, both are open at all times. One midlevel provider covers all six fast track beds and works during the
FT open hours of 10a – 10p. One physician covers all the ME beds while another physician covers all CC
beds giving 48 hours of physician coverage per day. From 11a-11p, it is assumed there are 6 ME nurses
and 5 CC nurses and from 11p-11a there are 5 ME and 4 CC nurses. In reality, the number of nurses working
may vary due to staff availability.
In the proposed pod-based ED design (Figure 3, right), there are six groups of beds, or pods, with
varying schedules and each staffed with teams of providers, nurses, and PAs. A physician and three nurses
are assigned to the Orange pod. A physician and four nurses are assigned to the Purple pod. Both Orange
and Purple pods remain open at all times. One PA and one nurse are assigned to the Blue pod which is open
11a-11p. One PA and two nurses are assigned to the Yellow pod which is open 9a – 9p. The Green pod
functions as the new Fast Track and is staffed by one midlevel provider (PA or Nurse Practitioner) and is
open 10a-10p. The Gray pod is open at all times and is staffed by one midlevel provider.
Globally shared resources include four 12-hour-shift phlebotomists starting sequentially 4a – 7a and
one night-shift phlebotomist working 7p – 7a. There are three transporters 7a – 7p and one 7p – 7a. Finally,
to perform behavioral health consultations, a psychiatric physician rounds once a day between 8a and 10a.
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Figure 3. Facility Layout: Unit-Based Configuration (left) and Pod-Based Configuration (right).
2.4

Programming Logic

Patients arrive via a time-varying arrival rate defined for each of 168 hours in a week to account for hourly
and daily arrival fluctuations. Patient and visit attributes are assigned via row reference to a data table.
Patient routing is defined through a global network of paths with routes to triage or to beds requiring a nurse
or nursing tech escort.
Triage is a two-step task sequence. Patients first receive a unit or pod assignment from the triage nurse
then visit the triage PA. In the unit-based system, behavioral health patients are assigned to ME and all
others are assigned to CC, ME, or FT based on acuity and bed availability. After processing, the triage
nursing technician escorts patients to the waiting room to wait for an open bed in their assigned unit. Patients
are first assigned to a unit based on historical data trends then may switch between CC and ME based on
the changing bed availability during their wait after triage.
In the team-based pod designs, the three units are redefined to 6 pods and assignments are based on
balancing arrivals between available pods. Patients get assigned to the first available bed after being triaged
subject to the following constraints. Behavioral health patients go to the Gray pod if beds are available,
otherwise are sent to the behavioral health rooms in the Orange or Purple pods. Pods Yellow and Blue are
led by PAs, thus, do not receive high severity patients. High severity patients (ESI 1 or 2) can only receive
care in the Purple or Orange pods which are both led by ED physicians. The Green pod is dedicated to fast
track patients, thus, patients with ESI levels 4 and 5 get assigned to Green if beds are available. Yellow,
Blue, and Green pods accept patients up to 45 minutes before they close. If all beds are full, patients sit in
the waiting room after triage and wait in a pooled first in first out queue for the first available bed (adhering
to the acuity constraints described above).
Bed processing is defined using Task Sequence data tables. Tables are referenced by patient acuity and
by the operation currently being performed. The overall task sequence is the same for each patient (see
Table 1) but conditions necessary for performing each task and resource requirements are unique per bed
and per patient. To mimic reality, a nurse will cover the same 3-5 beds and a physician the same 10+ beds
throughout their shift, defined by row-referencing in the model. Finally, Table 1 shows sequential tasks by
changing integer numbers whereas tasks in parallel are denoted by changing decimal places. Individual
nurse and physician visits, imaging procedures, specimen collections for labs, and transportations to/from
imaging are sequential whereas lab processing can occur in parallel to these processes.
End of care is defined by a disposition decision from the physician. If the patient is admitted, they will
wait for an in-hospital bed assignment and transportation. If discharged, the patient is ‘checked out’ by the
nurse and may receive community care consultations. All behavioral health patients receive a psychiatrist
consultation prior to the final disposition being assigned; admitted patients wait for a bed, discharged to a
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community facility patients must wait for an available location, waiting on average three more days in the
ED. Both admitted and discharged patients stop at the ‘exit registration’ desk and exit the system. When a
unit or pod closes (i.e. FT, Yellow, Blue, and Green), beds ‘finish work already started’ and no longer
accept new patients.
Table 1: Task Sequence.
Task Number
1
2
3.1
3.2

Operation
Nurse Initial Visit
Physician Initial Visit
Nurse Care Visit
Lab specimen collection

4.1
4.2
4 - 10
11
12
13
13
13.2

Lab processing
Imaging
Multiple Nurse Care Visits
Disposition Decision
Final Nurse Visit
Discharged: paperwork, leave bed
Admitted: wait for inpatient bed
Admitted: wait for transfer to bed

3

Resource
Nurse
Physician
Nurse
Phlebotomist,
Nurse
Transporter
Nurse
Physician
Nurse
Nurse
Transporter

Processing Time (minutes)
Varies by ESI, 3-35
Varies by ESI, 5-35
Varies by ESI, 3-35
Triangular(0,15,57.5)
Varies by lab type
Varies by imaging type
Varies by ESI, 3-35
Varies by ESI, 5-35
Varies by ESI, 5-25
Triangular(2.5,73.7,200)
Triangular(.033,67.8,321)
Triangular(18.7,39.1,70.5)

RESULTS

The simulation model runs for 4 weeks with a 2-week ramp-up period. Each run was replicated 10 times to
ensure the validation parameters had the desired width around the true parameter.
3.1

Validation

Proportions of types of patients (acuity level, unit-assignment) and total expected patients arriving into the
system were extracted from testing data and compared to simulation outputs for validation assuming the
unit-based ED design. The model is calibrated by adjusting unknown data points which include the number
of visits from a nurse and the amount of time a nurse or physician spends with the patient each visit, adjusted
based on acuity level until the expected outputs related to LOS and ED volume are met.
3.2

Experiments

Two ED configurations are considered: 1) Unit-based [current] system and 2) pod-based design. Staffing
and pod schedules are varied within each configuration and performance is compared for the expected
demand, increased arrival rate, and increased number of behavioral health patients. Table 2 lists each ED
configuration and staffing (for units) or scheduling (for pods) model. To note, when triaging patients for
Table 2: ED Configuration and Staffing Experiments.
Label
Unit
Unit: CC2
Unit: ME2
Unit: CCME
Pod: Y24
Pod: B24
Pod:YB24

Staffing and Configurations
Historical unit configuration
Historical unit configuration, increase CC nurses by 2
Historical unit configuration, increase ME nurses by 2
Historical unit configuration, increase CC by 1 and ME by 1
Pod system, Yellow open 24 hours
Pod system, Blue open 24 hours
Pod system, Yellow and Blue open 24 hours
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the pod system, these experiments assume the patient is assigned to the first available bed in any pod the
patient is eligible to go to (the Programming Logic section describes eligibility rules based on ESI).
Performance of each configuration in Table 2 is evaluated in three scenarios: expected demand,
increased arrival rate, and increased proportion of behavioral health patients. The first scenario is the current
demand environment of Southeastern Health’s ED. A 10% increase in arrival rate is tested to evaluate each
configuration under potential future demand. Finally, a 10% increase in the proportion of behavioral health
patients (assuming standard arrival rate) is tested to simulate the environment after disasters such as
Hurricane Florence. Each demand scenario tests the robustness of the staffing and unit configurations.
3.3

Performance

The three key performance metrics evaluated here are patient LOS, bed utilization, and ED volume. The
LOS is evaluated across each patient severity level (ESI 1-5). Bed utilization is individually considered for
each unit or pod. ED volume averages the number of patients in the entire ED at a given moment in time.
Under expected demand, configurations are evaluated on the average LOS for each patient severity
group (i.e. ESI level). Figure 4 shows the percent change in average LOS between the current system
(‘Unit’) and the listed configuration. The best models have the most negative changes. Using the current
unit design, the addition of a CC nurse reduces LOS by over 10% for all patient acuity levels while
‘Pod:YB24’ performs the best in terms of LOS for patients with ESI levels 1-4.

Percent Change Average LOS from Baseline

Unit: CC2

Unit: ME2

Unit: CCME

Pod: Y24

Pod: B24

Pod: YB24
-0.3

-0.2

-0.1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Percent Change in LOS

Figure 4. Performance of pod and unit configurations under expected demand.
It can also be inferred from Figure 4 that having only Blue or only Yellow pods open 24/7 (i.e. Yellow
or Blue are open only 12 hours a day, respectively) is not enough capacity for this ED’s demand. This is
seen in the high percent increase in average LOS, more severly impacting the lower acuity patients.
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Figure 5. Top Performing Unit and Pod Configurations under the unexpected conditions of (a) increased
arrival rate and (b) increased behavioral health patients. Error bars indicating the 95% confidence interval
across replications.
Next, we consider performance under unexpected demand (Figure 5(a) and 5(b)). First consider a 10%
increase in arrival rate (Figure 5(a)). In the unit design, the top-performing configuration was an additional
nurse in CC and ME. For the pod design, the top-performing configuration was keeping Yellow and Blue
pods open 24 hours. Under the increased arrival rate, the current system (Unit) has an average LOS of 264
minutes across all patients. The top-performing configurations reduced the average LOS; Unit:CCME had
an average LOS of 235 minutes while Pod:YB24 had an average LOS of 206 minutes. Looking at each
individual ESI level, the unit-based system tends to have a shorter LOS for the less severe patients in ESI
5 with the pod system having shorter LOS for the more severe patients in ESI 1, 2, and 3. The pod
configuration with yellow and blue pods open 24/7 overall outperformed the unit based system under
increased arrivals. The other unexpected scenario explored is a 10% increase in behavioral health patients
(Figure 5(b)). Here, the top performing configurations were Pod:YB24 and CC2 with the pod configuration
with yellow and blue pods open 24/7 overall outperforming the other configurations. Of special interest
here is ESI 2 which is the severity level behavioral health patients are classified as. Again, PodYB24 slightly
outperforms CC2 in this acuity level. Under both unexpected conditions, Unit:CC2 and Pod:YB24 reduced
average LOS across acuity levels as compared to the current staffing configuration. The greatest change
between the pod and unit designs can be seen for the most severe patients; the pod system and its goal of
balancing workload results in a lower average LOS for ESI 1 patients.
To assess efficient use of resources, a weighted average utilization was calculated per pod or per unit
to account for varying number of beds in each unit. As described above, in the pod configurations, the
number of beds vary from 10 (Purple and Orange) to 4 (Blue) while in the unit configuration ME has 26
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Figure 6. Average bed utilization for each unit or pod configuration, weighted by the number of beds in
each pod or unit, with 95% error bars.
and FT has 6. For each configuration in Figure 6, the bar displays the sum of each pod or unit utilization
multiplied by the number of beds in that pod or unit.
The pod configuration with Blue open 24 hours a day has the highest weighted utilization while the
pod configuration with Yellow and Blue open 24 hours a day has the lowest weighted utilization.
Additionally, Figure 6 shows the utilization does not drastically change between unit configurations under
varying staffing levels. Of most interest here is understanding how bed utilization relates to patient ED
LOS. Comparing the Pod:YB24 configuration across Figures 4-6, a lower weighted bed utilization relates
to a lower LOS for ED patients.
The final metric considered for performance is a snapshot of the number of patients in the ED at a given
moment in time. Across 10 replications, the average patient volume in the ED and its 95% confidence
interval was calculated for each configuration and is summarized in Table 3.
Table 3: Average Volume of Patients in ED across 10 replications.
Configuration
Unit
Unit: CC2
Unit: ME2
Unit: CCME
Pod: Y24
Pod: B24
Pod:YB24

Mean ± 95% CI for Mean
86.73 ± 10.45
56.73 ± 10.2
73.85 ± 13.76
64.41 ± 11.54
163.17 ± 19.3
227.82 ± 18.1
88.52 ± 13.08

Standard Deviation
14.61
14.26
19.24
16.13
29.96
25.30
18.23

The confidence intervals give insight into the range of volumes that can occur in the ED over the four
week simulation period. For example, Unit:CC2 has a slightly smaller confidence interval and slightly
smaller standard deviation in the volume of patients as compared to the current unit configuration.
Additionally, the pod design with both Yellow and Blue open 24 hours has the smallest confidence interval
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and standard deviation of all pod designs. It can be inferred that the smaller the confidence interval widths
and standard deviations, the more that configuration encourages a consistent flow of patients through the
department and avoids unnecessary wait times for patients. Overall, the unit configurations have lower
patient volumes in the ED as compared to the pod configurations but, as displayed in previous figures, the
pod system tends to outperform the unit configuration in patient LOS.
Unit and pod configurations are evaluated from different perspectives in Figures 4-6 and Table 3, only
by evaluating each staffing design across all metrics can we understand how it will impact patients and staff
in the ED.
4

DISCUSSION AND CONCLUSIONS

Workload variability, uncertain arrivals, and resource constraints lead to overcrowded EDs, patient
dissatisfaction, and provider burnout. Here, improvements to patient flow through an ED were evaluated
using a discrete-event simulation to compare a team-based pod system to the current system. Each system’s
performance was measured using patient LOS, ED volume, and resource efficiency. The simulation
application and projected results were demonstrated for Southeastern Health’s ED.
Under the current expected demand, the pod configuration with Yellow and Blue pods open 24 hours
significantly reduced LOS for patients of severity levels ESI 1-4. This configuration also performs well in
terms of volume of ED patients (Table 3) with Pod:YB24 having volumes on-par with that of the current
unit design. Alternatively, this configuration had the lowest weighted average bed utilization suggesting
there could be a schedule which more optimally utilizes beds to match expected demand.
The team-based pod design tends to be more robust than the unit design under varying demand
environments. If arrivals to the ED increases by 10%, a pod design is estimated to have an average patient
LOS one hour less than the current staffing design at Southeastern Health (Figure 5(a)). The pod system
has the most impact on high severity patients, having a significantly lower average LOS than even the best
performing unit configuration. Also considered was an increase in the proportion of behavioral health
patients, a population which significantly impacts patient flow in the ED as they stay a minimum of 24
hours in the ED. The team-based pod design was more effective at absorbing this change in demand and
maintaining a low average patient length of stay. Specifically, the pod design has a significantly lower
average LOS for ESI 2 patients, the severity level assigned to behavioral health patients, compared to the
unit configurations which has a cascading effect on lowering LOS for other severity levels.
This work is the first step towards streamlining the care redesign of Southeastern Health’s ED to a podbased design. Tradeoffs between patient care performance metrics like LOS and ED volume and the
financial metrics of scheduling pod open hours and staffing are of special interest. Work remains in
analyzing performance of both unit and pod configurations using alternative metrics such as the number of
‘left without being seen’ patients, wait time for an ED bed, and nurse and provider utilization. Other
experiments to be considered are alternative routing rules for pods and adding residents as a resource.
Finally, the model can continue to improve through the addition of details such as identifying trauma
patients and adding community care consultations. As the pod system develops at Southeastern Health,
further experiments with pod assignment can be performed to improve workload balance and further
diminish wait times. Additionally, exploration of pod scheduling and staffing will help inform ED
operations at Southeastern Health.
As EDs across the nation are seeing increased arrival rates and potentially decreasing budgets and staff,
there is a need to improve efficiency of care without increasing resource requirements. The simulation
model developed here suggests that EDs can improve patient flow while more efficiently utilizing resources
by switching to a team-based care design. Beyond performance metrics, team-based care models in the ED
have been found to increase patient satisfaction, enhance the learning environment for medical residents,
and decrease provider burnout. Further enhancement of this model and testing new experiments in staffing
and patient routing will inform hospital policy makers and empower them to make evidence-based
decisions; ultimately providing high quality and efficient patient care using staffing models robust enough
to withstand an uncertain future.
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