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Abstract

In this study, a modular discrete event simulation (computer modeling) has been presented to support process
improvements in a hospital’s emergency department (ED) to streamline admitted patient flow to inpatient units. Because
the ED in this study has less than 10 beds, unnecessary occupation of beds affects the patient wait time dramatically.
Additionally, ED overcrowding diminishes the quality of care, increases costs, and decreases employee and patient
satisfaction. The modular simulation model evaluated the effectiveness of several recommended workflow improvements,
resulting from comprehensive statistical analysis, based on their impact on cycle time and time traps in the process. The
results suggested that, to ensure better efficiency and optimal cycle time, all of the suggested workflow improvements
should be implemented simultaneously. The model also suggested that achieving customer satisfaction is possible 96.26%
of the time with the current resource allocations in the ED.
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1 Introduction

Emergency department (ED) crowding is a nationwide problem that resultsin delayed treatments, long patient wait times,
overburdened staff, unnecessarily high costs, and low patient throughput ™ 2. Crowding can lead to other problems, such
as medical errors and complications . Overcrowding also diminishes the ability of the ED to provide immediate access
and stabilization to those patients who have an urgent medical condition * °. Excessive patient overload also leads to
decreased physician productivity [*®. Long ED holds across hospitals in the United States are proven to be decidedly
correlated to higher patient length of stay (LOS) on inpatient care units %%, |nahility to transfer admitted patients to
inpatient beds has been reported to be the most serious cause of ED overcrowding % *. Improving ED efficiency to
transfer patients to proper inpatient care units and reducing crowding is of significant importance. Due to criticality of the
ED in a health system, it is not always feasible to test and pilot proposed improvements in such an environment. To
achieve the desired outcomes, comprehensive and accurate analysis as well as modeling of ED workflow to evaluate the
effectiveness of the improvements are critical requirements.
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1.1 Problem background

Computer simulations have become an increasing trend to use as effective decision support systems to make more
reliable decisions in healthcare and improve operations [*2. A simulation model can represent the patient flow and care
delivery processes, emulate the process and its dynamics under certain random distributions, and provide predictions for
performance measurement. Such atool can help healthcare management to evaluate the efficiency of the current practices,
carry out “what if” analysesto predict the impact of staffing, resources, and operational changes, to determine the optimal
system configurations, and investigate the relationships or trade-offs among system variables.

1.2 Goals, objectives, and contributions of this study

Although several strategies have been attempted with varying degrees of success, the problem still exists in hospitals
across the United States. More than two thirds of US EDs are affected by overcrowding [*¥. Generic simulation models
would not only be able to accurately capture the ED patient flow dynamics and identify improvement strategies, but also
provide quantitative assessment of gains from improvement measures before their actual implementation. Due to the
high complexity of an ED system, a valid generic mathematical model for such a system would be extremely difficult.
However, Discrete Event Simulation (DES), a branch of computer simulation science, is an effective tool for studying
such a complex system 124 2%,

In this study, a generic parametric DES simulation has been developed to investigate the causes of the overcrowding and
strategies to resolve them. The objective is to utilize smulated results to explore the effectiveness and quantify the
potential gains from variousimprovement alternatives. The proposed method enables the hospital to quantify the effect of
system redesign prior to implementation and to examine how the strategies can be best applied, which ultimately decreases
implementation costs and disruptions. The contribution of this study to show how a structured analysis of patient flow can
replace piloting changesin the ED where interruptions and changes can be very critical and costly for the patients and the
department. A second major contribution is to demonstrate how simulation modeling and the quantitative analysis that it
provides can assist in convincing key stakeholders to implement improvements.

The remainder of this paper is structured as follows. The background of ED simulation modelsis presented in Section 2.
The proposed methodology is discussed in Section 3. Analysis and comparison of experimental results of the model is
conversed in Section 4. Finally, conclusions and future work are presented in Section 5.

2 Healthcare simulation in literature

Healthcare simulation is an active area of research and practice, with the ED being one of the most popular areas for
modeling . Popularity of ED simulations is due to the fact that EDs are relatively self-contained with easily observable
processes over relatively short periods of time. Improvementsin performance are easier to demonstrate and link to specific
actions, which may not be true elsewhere in healthcare ™). Application of DES to identify and analyze the problems and
recommending the best optimal solutions in the literature can be categorized as depicted in Figure 1.

Discrete Event Simulation in Emergency Department

\
] |

Resource Utilization/ Queue/ Time Scheduling/ Staffing Process Redesigned/
increasing efficiency Management Improvement validation

Figure 1. Categories of discrete event simulation application in the ED
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There are examples in the literature for each category; however, the focus of this study is on the last category, process
redesign [*¢2Y, Oftentimes, DES has been applied to validate the improvements in a process redesign, since changes with
high level of uncertainty in the ED can result in serious situations. A computer simulation study was presented to improve
the quality of care at acommunity hospital ED ™. The quality of care has been evaluated in terms of length of stay and the
percentage of patients leaving without being seen. Sensitivity analyses have been carried out to improve the flow of
nursing team policies by trying two different scenarios. Scenario one was two nurses for six rooms versus one nurse per
three rooms. The second scenario was adding more nurses and scanners. In addition, a DES simulation model has been
applied to support the implementation of a split-flow process (2. The split-flow concept is an emerging approach to
manage ED processes by splitting patient flow according to patient acuity of care. This simulation model was created to
establish the validity of improvementsin the ED department. Findings supported that the implementation of the split-flow
significantly reduced patient LOS. While numerous ED simulation studies appear in literature, few recommendations
resulting from the DES modeling have actually been implemented %24,

One of the major issues with the implementation is that often operational changes are made that require the system to be
redesigned, which is challenging in healthcare setting. Studies have been designed to explore the reasons why health-
care fails to adopt simulation and modeling techniques that can help to highlight ways towards greater adoption . To
further explore these reasons, a system of classification of healthcare topics were proposed, and usefulness of simulation
modeling techniques were examined %, The correlation between the simulation approach and the healthcare application
was then investigated. Finaly, to get a better understanding of the usage of DES in healthcare systems, a survey was
conducted to assess how many healthcare institutions have used DES as a decision making tool [?”). The results indicated
that costs, lack of awareness, lack of frontline staff and management engagements, and lack of skills within the internal
staff are the main reasons against awide utilization of DES. To improve the compliance in implementation, an agendafor
further inquiry was proposed in terms of importance of stakeholders, healthcare system culture, availability of data, and
management expectations in simulation studies success likelihood 1%, The study was designed in a systematic way to
answer guestions leading towards greater adoption of the modeling. Recent studies focused on barriers to implement and
uptake the simulation in healthcare by describing the nature of the healthcare problems and team approaches, which can
explain why implementation cannot be used to measure the success.

Since crowding is avery common problemin EDs, strategies proposed to overcome ED overcrowding are varied. Several
examples of ED DES models are available in the extant literature. In this study, the generic interdisciplinary process was
modeled, including steps that are shared between ED, inpatient unit, primary care physician, and patient transportation.
The proposed model then has been used to test scenarios resulting from extensive qualitative and quantitative analysis. A
group of content experts provided the qualitative analysis and statistical analysis of data provided the quantitative
information so that both optimum solutions and the engagement of the key stakeholders can be ensured.

3 Proposed methodology

ED overcrowding, the primary focus of this study, can result either from shortage or inappropriate scheduling of resources,
such as medica professionals directly involved in care delivery, or it can be due to inefficiencies in the process of
providing care. The purpose of this DES is to develop an ED model for admitted patients and evaluate improvement
scenarios to decrease inefficiencies in the providing care process.

3.1 Assumptions

The hospital in this study isa72-bed community hospital located on Long Island, NY, with an ED with less than 10 beds.
TheED at thishospital faces 17,500 patient visits per year, about 17% of whom are admitted to an inpatient unit. The focus
of this simulation study is to improve the patient flow from decision to admit time in the ED to physical presence of the
patient in an inpatient unit. The throughput is defined as cycling of patients or their information through physical resources
and process steps after the admission decision is made in the ED to occupy abed in an inpatient unit over a period of time.
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As the basdline, the average throughput time was about 194 minutes with standard deviation equal to 78 minutes.
However, pre-studies within the health system indicated that throughput time greater that 180 minutes can reduce patient
satisfaction. The simulation model was carried out to evaluate optimal configuration of workflows for a list of
improvement strategies. Since the admitted patient status is critical, it was assumed that none of the patients leave the
system in the middle of the process and that they stay in the system.

3.2 Simulation scope, setting, and constraints

In this study, the process starts when the ED physician assessment of the patient, based on patient’s laboratory and
radiology results, indicates necessity of admission and the process ends when the patient is in the bed on the decided
inpatient care unit. The interactions between the physicians, nurses (RNS), nurse managers, nurse assistants, clerks, and
nurse supervisors are the focus of this study. However, since thefirst assessment of the ED physician was based on the test
results from laboratory and radiology, their turnaround time was out of the scopein this process. The ED staff work in two
shiftsevery day. The day shift isfrom 7:00 am to 7:00 pm and the night shift isfrom 7:00 pm to 7:00 am during weekdays
and weekends. On the other hand, the inpatient units are running on three shifts per day. The day shift isfrom 7:00 am to
3:00 pm, the afternoon shift isfrom 3:00 pm to 11:00 pm, and the night shift isfrom 11:00 pm to 7:00 am during weekdays
and weekends. Sincethe patient in the ED has already occupied abed, ED bedswere not aconstraint in the simulation. The
data implied that unavailability of inpatient unit beds results in huge delays in patient transfer time, which only occurred
for about 19% of the cases. However, there was still a huge opportunity to improve the delays in the process for the other
80% of caseswhere bed availability in the inpatient unit was not a constraint. The DES was addressing the turnaround time
for cases where a bed was available on the inpatient unit for baseline and alternative scenarios. Finally, adding resources
and staffing were not a feasible alternative for the ED under study and was not provided in this study. Therefore, the
simulation focus was on streamlining the process to send a patient to an inpatient unit when bed availability was not an
issue.

3.3 Process flow diagram

The patient flow was mapped based on ED and inpatient unit staff, including the physicians, RNs, nurse managers, nurse
supervisors, nurse assistants, and clerks input through a process mapping session and validated by a walkthrough in the
hospital, asillustrated in Figure 2. This step focused on obtaining a thorough understanding of detailed operational logic
and procedure performed in the ED using a process flow diagram. Specifically, the following process steps are typical for
an admitted patient in the ED:

1) ED physician uses the laboratory and radiology results if needed to assess the patient in the ED and makes
admission decision;
2) If the patient needs to be admitted, the ED physician will call the primary care physician (PCP) to consult the
case and determine the admitting care unit;
3) Two parallel sub-processwill start from this point:
i. Bed Assignment
. ED Physician asks the ED RN to complete the admitting form
. ED RN calls the inpatient unit to get an assigned bed
. Unit RN calls ED with bed assignment
ii. Admitting Order Completion
. The PCP has the option to write the online order or visiting patient in the ED before writing the order

4)  When the orders are completed and the bed is assigned, the ED RN calls the RN on the inpatient unit for the
RN-RN report;
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5) The patient istransferred to the inpatient unit after the report is done.

Based on the defined steps in the process, a discrete event simulation model using ExtenSim 8.01 was developed to

emulate the patient flow in the ED to the inpatient care units.
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3.4 Reducing system complexity through classification of activities

All the activities identified in the previous section were classified into one of the two categories. waiting (for example
waiting for bed or admission orders) or care delivery time. This organization of the steps helped to prioritize the activities
that need to be improved or eliminated. Each of the waiting times and care steps occurred in the following five sub-

systems:

*  Admission decision

e Bed assignment

e Admission order completion
e Hand-off report completion

e Patient transportation to inpatient unit
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3.5 Admission decision to patient in bed probability distributions

A manual data collection tool was designed to collect the datain the ED and on the inpatient care unitsfor each step of the
process. Fitted distribution, based on the data analysis, was used to represent various care delivery processes. Creating
variables, such as number of patients waiting to be transferred, change at discrete points of time.

The developed DES model had the ability to capture the process steps of a system as a network of interdependent and
discrete events. The DES model enacted the events using the priority based rules from the routing policies that drive the
actual ED operations. The primary statistical analysis showed no significant statistical difference in patient transfer time
for admission decisionsin day and night shifts or during the weekdays and weekends. The humber of admissions by hour
of the day for 316 data points followed Weibull distribution with Shape parameter equal to 3.30 and Scale parameter
equal to 16.42 as depicted in Figure 3. Therefore, with the use of such data, a unique admission decision distribution was
generated and used as the input in the simulation model.

3 § 9 2 15 B 21 M
Admis sion De cision Time Skt

Figure 3. Admission decision distribution

3.6 Routing policies

To address the resource constraintsin the model, the collected datawas used to cal culate and assign the route probabilities,
i.e. percentage of the patients who receive electronic orders versus onsite orders or percentage of times the RN-RN report
is completed by one call versus multiple calls asillustrated in Table 1.

Table 1. Default simulation settings in simulation control panel

Items

Primary Care Physician Make Admission Decision 86% on Phone — 14% on Site
Primary Care Physician Complete Admission Orders 32% Remote — 68% On Site

Bed Assignment Number of Calls 11% One Call —89% Multiple Calls
Report Completion Number of Calls 3% One Call — 97% Multiple Calls

3.7 Design of simulation

ExtendSim v8.1 was used to devel op the model. The simulation model followed the flow as depicted in the processmap in
Figure 4. The design of the simulation had five phases. In the first phase, the historical data and current process map was
used to build the model. In phase two through four, the aternative scenarios for order completion, bed assignment, and
report completion then were added as an option to the model. Finally, the model had the capahility to run all the process
changes simultaneously and evaluate the results.
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Figure 4. Simulation model in ExtendSim v8.1

3.8 Model verification and validation
Throughout the design and development of the simulation model, severa techniques were employed to ensure the
reliability of DES recommendations and verify and validate the model including:

1) Themode was verified by ensuring that entities are flowing through the model correctly.
2) The model was validated by:

e Validating the model logic and assumptions by field experts.

e Applying quantitative and statistical tests to ensure that the outputs of the simulation match the outputsin
reality as shown in Table 2. All the P-values are greater than 0.05; therefore, with 95% confidence level,
there was no significant difference between the actual results and the simulation results. Also, graphical
methods for the overall throughput are shown in Figure 5. As shown in Table 2, variability and central
tendency of patient turnaround time for each subsystem obtained from the model is compared to actual data.

e Also, the model was run under extreme conditions and results were analyzed, concluding that the model
performed as expected under all conditions.
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[ sim Output
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g‘ 154
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Figure5. Graphical output of the simulation &0 120 180 240 W 30
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Once the DES model is built, it can be applied to analytically study and evaluate the impact of changes to inputs on the
output measures of performance ™. It is possible to measure the impact of improvement alternatives with the help of
parametric models developed from simulation results that quantify the potential gains from each improvement alterna-
tive. Based on the results, the most appropriate recommendations can be determined. Finally, implementation of the
recommendationsis an effective final validation of the model contributions. To evaluate the simulation model, afollow-up
study to compare the outcomes before and after the model recommendations was implemented in the ED.
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Table 2. Comparison between actual dataand simulation data

Activity Sim Average Actual Average Sim SD Actual SD P-value
PMD Call Back for Admission 17.98 15.23 3.56 7.23 .70
Admit From Completion 14.96 11.40 245 3.40 .38
PMD Evaluate on Site Before Admission 14.08 21.36 2321 15.36 .07
Remote Order Compl etion 35.21 46.88 311 12.65 .28
Onsite Order Completion 86.45 86.96 20.33 17.96 .98
ED RN Call for Bed After Admission Decision  20.86 22.88 3.65 3.40 .70
Bed Assignment if Bed Available 42.24 54.75 20.15 19.65 .67
ED RN Call for Report 10.78 11.81 5.23 4.08 .88
Report Completion 74.87 75.50 16.41 18.88 37
PT Transportation 16.72 15.86 1.25 2.23 71
Overall Patient Throughput 192.84 193.99 78.78 78.28 .89

4 Discussion and limitations

4.1 Results and metrics

The data driven simulation tool developed and tested several scenarios arising from operational concerns and results of
detailed and extensive statistical inferring. As a benchmark, a baseline simulation was developed to emulate the current
situation. The baseline was then compared to the scenarios where one of the improvement strategies was implemented. In
particular, the improvement strategies are discussed in the following sections:

4.1.1 Providing a central depository for bed assignment
In the recommended scenario, the nursing supervisor was receiving the bed request from ED and assigned bed by
considering patient conditions and bed availability in each inpatient unit.

4.1.2 Push/pull RN report at bedside process

In the proposed scenario, if the inpatient unit RN doesn’t reply or arrive at the bedside for the report within 30 minutes
after the first call, which happens 20% of the time based on the data, the ED nurse calls the inpatient unit and pushed to
transfer the patient to floor for the bedside report. However, around 80% of the time the inpatient unit RN pulled the
patient from the ED by arriving at the bed side or calling the ED to schedule an appropriate report time.

4.1.3 Encouraging remote orders or hospitalist brief admission orders

Due to the unavailability of the primary care physicians and the underutilization of the hospitalist in the hospital, if the
orders were not written by the primary care physician either electronically or onsite within 90 minutes, 34% of time, then
the hospitalist would write a brief order for the admission.

The results of implementing each improvement separately and all simultaneously are provided in Table 3 and show the
effectiveness of strategies.

Asillustrated in Table 3, brief admission order may not improve the average time because there is still a 90-minute time
window for the PCP to write the orders, but it reduced the variation in the process. However, central bed depository and
push/pull bedside report process could significantly improve the average time by removing the non-value added steps from
the process.
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Table 3. Results of implementing alternative improvements

. Mean Per cent SD Per cent
Improvement Mean Throughput Time SD
I mprovement I mprovement

Providi tral depository for bed

oVIcIng & central depostory Tor 168.75 7840  13.01% 0.01%
assignment
Push/Pull RN Report at Bedside Process 165.49 7177 14.69% 8.31%
Encouraging Remote Orders or

187.4 15. .35% .45%

Hospitalist Brief Admission Orders 87.49 53 3.35% 80.45%
All 114.14 29.01 41.16% 62.94%

4.2 Limitations of the simulation model

Although the results of the model proved the effectiveness of the improvement strategies, changing the culturein a system
and getting the buy-in from the stakeholders is certainly a challenging task. To address the role and criticality of the
stakeholders in practical value of simulation, the following eight factors were taken into consideration in this study %

e Form asteering group

*  Involve the group in proposing alternative scenarios for simulation

*  Having achampion in the organization

e Conduct afeasihility study considering rules and policies within the organization
*  Develop datacollection plans considering data quality

e  Trytosimplify the model, but still answering the stakeholders questions

e  Try to make the model as generic and parametric as possible

* Involve end-users at all stagesfor validating the model

. Promote the results

One of the most critical success factors was having a “champion” within the healthcare organization, someone who
appreciates the value of simulation modeling and was able to persuade their colleagues that the modeling is worthwhile.
Building such relationships can take time, but pays high rewards in the long run %. Several of these stakeholders
engagement factors helped in fostering the trustful relationship and maintaining a non-biased stance. A parametric
model empowers the stakeholders in a small community hospital to test various improvement scenarios in a safe, but
reliable setting at minimum cost. At current state the proposed model has limited generalizability to the organizational
complexities in a tertiary ED. However, challenges such as increasing patient volume or type, routing optimization
problem due to longer distance between departments, and necessity of a more robust communication process can be
captured and analyzed by additional modules in the proposed DES model to represent atertiary facility.

5 Conclusions

In this study, a DES model has been presented to support process improvements in a hospital ED to streamline admitted
patient flow to inpatient unitsin acommunity hospital. Sincethe ED under study had avery limited number of beds (< 10),
unnecessary occupation of each of the beds affects the patient waiting time and quality of patient care dramatically. Asa
result, ED overcrowding diminishes care delivery qualities, increases costs, while decreases staff and patient satisfaction.
The modular simulation model evaluated the efficiency of alist of recommended workflow improvements, resulting from
comprehensive dtatistical analysis, regarding their cycle time and the time traps in the process and compares it to the
current workflow. The resultsindicated that providing acentral depository for bed assignment and Push/Pull RN Report at
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Bedside Process could improve the average throughput time by almost 13%; however, Encouraging Remote Orders
or Hospitalist Brief Orders affected the variation but not the average time by almost 80%. Overall, implementation of all
improvement strategies resulted in 41% improvement in the average throughput time and 63% reduction in variation.
As a conclusion, the model suggested that meeting customer satisfaction is possible 96.26% of the time by having the
throughput less than 180 minutes with the proposes setting and current resource allocation in the ED.
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