A Simulation Model for Optimizing
Staffing in the Emergency Department
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Abstract In this study we used a nonparametric statistical approach estimate time
varying arrival rates to an Emergency Department (ED). These rates differ hourly
within each month in a year. The time varying arrival rates serve as a key input into
a new discrete-event simulation model for patient flow at an ED of the case study
hospital. Our simulation model estimated Length of Stay (LOS) and Door to Doctor
Time (DTDT) for patients in three different acuity groups. The simulation model
also used for optimizing the staffing allocations in three different shifts. The
methodological contributions are exemplified using real ED data from a major
teaching hospital.
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1 Introduction

Hospital emergency departments (EDs) are one of the most critical elements of the
national health system in the United States. According to the US Government
Accountability Office (GAO) report, hospital ED crowding continues to increase
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wherein some patients wait longer than the recommended times [1] thereby
receiving poor quality of service [2].

A commonly used performance measure for evaluating ED operations is Length
of Stay (LOS) defined as the time between the arrival to discharge of a patient from
an ED. Another measure is Door to Doctor Time (DTDT), i.e., the time difference
between arrival at an ED and the time a physician first sees the patient. LOS
generally consists of the sum of two components (a) processing times which are
related to patient acuity involving triage, physician examination, laboratory tests,
medical treatment; and (b) patient waiting times for reaching these processes, often
called process queue times. In some cases, LOS could be high for admitted patients
due to boarding, or some patients could be held in ED until their conditions are
stabilized. DTDT could be a more critical performance indicator for immediate and
critical patients due to the severity of their medical conditions. In the estimation of
DTDT and identification of operational strategies that could improve this measure,
acuity levels of patients should be taken into account, rather than taking the average
DTDT to increase service quality. Ang et al. [3] used a Q-lasso method that
combines statistical learning and fluid model estimators to predict ED wait times for
different patient acuity groups. Kuang and Chan [4] evaluated proactive patient
diversion policies by using predicted waiting time information to improve service
quality at an ED. Similar methodological approaches of integrating predictive
modeling with simulation were used by Saghafian et al. [5] in order to develop
patient streaming policies and sequencing to improve ED service responsiveness.

In this research we first present the analyses of patient arrivals data to an ED to
better parametrize a discrete event simulation model then using simulation opti-
mization in Arena software [6] we allocate the staff optimally in three shifts for staff
balancing. Althoguh there are extensive studies in the literature using queuing
theory principles and simulation-optimization approaches for EDs, most of them do
not consider seasonal or monthly variations in patient arrival rates. Saunders et al.
[7], Duguay and Chetouane [8], Kuo et al. [9] presented discrete event simulation
models for process flow of EDs and used simulation experiments for assessing ED
performance are some examples.

2 Patient Flow

Patient flow in the ED of the case study hospital involves triage, physician
examination, extra testing, nurse evaluation, minor treatment and major treatment
operations, and patient stabilization times. Patients arriving at the ED are evaluated
at the triage then categorized and prioritized according to their medical condition
wherein the acuity levels range between 1 (most critical) and 5 (least critical). If a
patient arrives to the ED as a walk-in, acuity level ranges between 2 and 5 most of
the time. However, if patients arrive in an ambulance, they could skip triage and are
considered acuity 1. All patients are examined by a physician based on the priority
rule that accounts for acuity level in the examination room. Physicians direct some
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patients to a test room to have their tests completed, following which they revisit
the physician for assessment. Patients could follow different routes after the
physician’s assessment; these routes along with routing probabilities are presented
in Fig. 1 based on 2014 ED visits data that was exported from the hospital’s
database. Total ED visits during that calendar year was 49,180—1% acuity 1
patients, 11% acuity 2, 52% acuity 3, 30% acuity 4, and 6% acuity 5.

3 Simulation Model

We developed a discrete event simulation model to analyze the patient flow in the
ED based on Fig. 1. The following discussion details each of the key inputs to be
used in the overall discrete-event simulation model.

Service (Processing) Times: The required service times for processes in the ED
include, examination time, extra test time, nurse evaluation time, major and minor
treatment times. We estimate these times from the hospital data and used feedback
from experts for verification purposes. As discussed in Kuo et al. [9], service times
do not have a consistent structure due to the urgency in any ED; hence it is difficult
to use statistical methods to estimate each of the service steps in the ED flow. The
staffing included physicians who are scheduled daily, lab technicians, (scheduled
only for week days), and nurses who are scheduled for a week. We estimated the
triage processing time from ED data as the average time patients spent from initial
arrival to the ED until completion of triaging at the nurses’ station. The other
processing times are estimated based on interviews with ED staff, and are presented
in Table 1. Given the inherent uncertainty in these data, we model them using
probability distributions that allow for considerable and realistic variability in these
input parameters.

Routing Probability: The routing probabilities are directly related to patient
acuity level in the ED. Using the hospital’s data these probabilities were calculated
as detailed in Fig. 1.

3.1 Time-Varying Poisson Arrival Rates

A Poisson distribution was fit to hourly arrivals data from which time varying hourly

arrival rates in a day were obtained: we have 24 parameters, At ), (t=1,...,24), and
these are shown in Table 2. The distinction between these Poisson time-varying
rates and the ones detailed under time-varying rates is that no distribution
assumption is made in the latter. This, we believe, may be useful in this context
since, there’s considerable variability in the observed data that is quite difficult to fit
using a parametric model.
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Table 1 Processing time estimates used in the discrete-event simulation

Process Distribution Resource(s) Reference
parameters (min)
Triage TRI A(4.68:8.54; 15) | Nurse Hospital
data
Examination UNIF(5,8) & UNIF Physician, bed Expert
4,7)* view
Extra test TRIA (10,60,110) Technician Expert
view
Stabilization time for acuity 4-5 UNIF (5,80) Bed Expert
patients view
Nurse last evaluation for acuity 4-5 | TRIA (10,15,25) Nuxse, bed Expert
patients view
Major treatment UNIF (45,90) Physician, bed Expert
view
Minor treatment UNIF (5,10) Physician. Expert
nurse, bed view
Stabilization time for acuity 2-3 UNIF (20,440) Bed Expert
patients view
Nurse last evaluation for acuity 2-3 | UNIF (20,40) Nurse, bed Expert
patients view

*For returning patients, UNIF Uniform Distribution, TRIA Triangular Distribution

3.2 Model Validation

To ensure that the model is a valid representation of real ED, we compare the real
patient arrivals with the simulated patient arrivals. While real data contain 48,140
patient records, simulated data generated 45,688 patients.

In addition we analyzed the observed LOS and simulated as presented in Fig. 2
to compare the distributions of both real and the simulated LOS. The simulated
LOS’s mean is 245.46 min and its standard deviation (SD) is 144.88 min and
observed mean of LOS is 243.81 min (SD = 148.49 min). We performed the
following hypothesis for testing whether they come from the same statistical dis-
tribution or not.

Hypothesis

Hy: Observed length of stay (LOS) and the simulated LOS follow same statistical
distribution.
H;: Observed LOS and the simulated LOS do not follow same statistical
distribution.

Since both real LOS and simulated LOS distributions do not fit a theoretical
statistical distribution, we applied Mann Whitney U test, a non-parametric statistical
test, for the stated hypothesis. As a result of the Mann Whitney U test, null
hypothesis cannot be rejected with the p value of 0.19.
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Fig. 1 Conceptual patient flow in the ED with routing probabilities
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Table 2 Time varying Poisson rates
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Time (h) Poisson rate Stand. Time (h) Poisson rate Stand.
deviation deviation
1 3.08 0.501 13 7.83 0.807
2 2.50 0.456 14 7.83 0.808
3 2.00 0.408 15 7.50 0.790
4 2.08 0.416 16 7.41 0.786
5 1.75 0.381 17 7.75 0.803
6 1.75 0.381 18 7.50 0.790
7 2.08 0.416 19 7.50 0.791
8 291 0.493 20 6.83 0.754
9 4.25 0.595 21 6.75 0.750
10 6.50 0.735 22 5.83 0.697
11 7.16 0.772 23 5.25 0.661
12 7.50 0.790 24 4.16 0.589
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Fig. 2 Actual versus simulated LOS box plots

4 Results and Discussion

This study presented a discrete-event simulation that modeled patient arrival

patterns to an ED during different times of the year.

Each day is divided into three time intervals: 00:00—08:00, 08°°-16:° and
16:°°-23:>%; labeled Shift I, Shift IT and Shift III, respectively. Given predetermined
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(acceptable) patient waiting times in the range of 5-30 min in 5-min increments,
and patient acuity levels, we aim to determine the minimum number of service
providers in each of the three shifts. As the number of providers increases, the
expected waiting times will obviously decrease; however the total staffing costs
would likely increase, and in many cases staffing may not be feasible due to
available providers.

Simulation with Time Varying (Non-Homogenous) Poisson process: Consider
the hourly arrivals data with 4 (¢), > 0 shown in Table 2. We simulated the ED for
one year using these arrival rates and we calculated the LOS and DTDTs for
different waiting time in the queue levels.

Table 3 summarizes the obtained DTDTs and LOS for each patient group in all
three shifts using these arrival rates in the simulation. Other than acuity 1 patients in
Shift I, reductions on both DTDT and LOS can be achieved while optimizing
staffing decisions. Using the validated simulation model varying wait-time goals in
different stations, we used Arena OptQuest to optimize staffing in the ED. Table 4

Table 3 DTDTs and LOS in each shift for different maximum allowable waiting times in minutes
in the queue (W;) using Time Varying Poisson arrival process (1 (1), t >0)

W (min) |5 10 15 20 25 30 | Current
Shift 1-Door to Doctor Time (DTDT)

Acuity 1 0.05 0.14 0.14 0.14 0.14 0.14 0.90
Acuity 2-3 6.96 7.07 7.07 7.07 7.07 7.07 8.09
Acuity 4-5 9.46 9.43 9.43 9.43 9.43 9.43 10.62
Shift 1-Length of Stay (LOS)

Acuity 1 106.16 113.88 113.88 113.88 111.88 113.88 101.75

Acuity 2-3 298.25 298.1 298.1 298.1 298.1 298.1 303.53
Acuity 4-5 95.52 96.08 56.08 96.08 96.08 96.08 97.71
Shift 2-Door to Doctor Time (DTDT)

Acuity 1 0.03 0.04 0.04 0.04 0.21 0.19 1.10
Acuity 2-3 7.05 7.03 7.08 7.08 7.13 7.44 8.34
Acuity 4-5 9.41 9.54 9.54 9.54 9.59 10.01 9.85
Shift 2-Length of Stay (LOS)

Acuity 1 107.76 107.75 107.26 107.26 108.1 107.04 116.77
Acuity 2-3 298.91 298.61 298.57 298.57 299.32 299.99 303.4
Acuity 4-5 95.4 92.26 95.57 95.57 95.78 96.65 100.84
Shift 3-Door to Doctor Time (DTDT)

Acuity 1 0.01 0.01 0.01 0.1 0.1 0.1 0.56
Acuity 2-3 7.02 6.97 6.97 7.23 7.23 7.23 7.97
Acuity 4-5 9.38 9.51 9.51 9.85 9.85 9.85 10.72
Shift 3-Length of Stay (LOS)

Acuity 1 107.3 107.43 107.43 103.51 103.51 103.51 117.22

Acuity 2-3 298.76 299.45 299.45 299.82 299.82 299.82 307.45
Acuity 4-5 95.04 95.77 95.77 96.50 96.50 96.5 102.60
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(f-a?!f, ‘t_ Staffing . Wq Shift T Shift 11 Shift III
imevarying aval rates. ) [N [P [T N [P [T [N [P [T
3 12 (3 /6 (3 16 (7 |3 |6
10 3 (2 (3 6 [3 16 |6 [3 |6
15 3 (2 (3 6 [3 |5 |6 [3 s
20 3 2 (3 7 |2 |5 |7 |2 s
25 3 (2 (3 6 |2 |5 |7 [2 s
30 3 (1 (3 e |2 |5 |6 [2 s

N Nurses, P Physicians, T Technicians

summarizes the staff distribution of ED to achive these predetermined goals for
waiting time in the queues.

This study presented a discrete-event simulation that modeled patient arrival
patterns to an ED during different times of the year. A simulation-optimization
framework using the DES optimized staffing in three different shifts after
accounting for patient acuity levels in each shift which is the main contribution of
this study to the current body of literature.
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