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Abstract

An Acute Medical Unit (AMU) is a specialized hospital ward that admits patients with
acute medical conditions from Emergency Departments. The main goal of the AMU is to
diagnose and stabilize patients. Hospitals face the challenge of increasing patient numbers
without being able to expand physically, leading to a need for improved efficiency. This
involves reducing the Length of Stay (LoS) and treatment time for patients. Implementing
an AMU has the potential to enhance efficiency in both the Emergency Department and
Medical Wards.

We propose a four-step approach for designing an effective AMU in hospitals. This ap-
proach involves determining patient eligibility, identifying necessary facilities, optimizing
the layout, and allocating appropriate bed capacities and designated periods. The admis-
sion criteria for the AMU are derived from a thorough review of existing literature and the
hospital’s expertise. Similarly, the identification of required facilities is based on relevant
literature and the hospital’s knowledge. To determine the dimensions of the AMU, we uti-
lize Discrete Event Simulation (DES), integrating the admission criteria into the simulation
model. Although the literature discusses the fourth step, the case study conducted in this
research provides limited information on it.

We validate and test the four-step approach using historical data from a medium-sized
Dutch hospital. The case study results confirm the practical value of the step-wise approach.
However, further attention is needed to address specific aspects within each step, such as the
anticipated reduction in Length of Stay for patients in different wards and the development
of an efficient layout.
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1. Introduction

Emergency Departments (EDs) are continuously overcrowded which negatively affects quality of care
[19]. According to Schneider et al. [21] an increase of hospitalisations leads to a decrease in the

number of available ED beds in hospitals. Because of space limitations, a hospital is not always able to
expand their wards to overcome the overcrowding. This leads to an increase of emergency patients wait-
ing for admission, referred to as boarders. According to Doudareva et al. [7] and Schneider et al. [21]
boarders have a significantly longer Length of Stay (LoS) at the ED, experience lower quality of care,
and are less satisfied about their treatment experience. Optimizing the patient flow of the ED is therefore
important. Gualandi et al. [8] reviewed the literature on possible improvements of patient flow. A dis-
tinction is made between structure and process optimisations. Structure optimisation entails for example
changing the facility’s physical layout. An example of process optimisation is changing the admission
process, or improving the forecast regarding the arrival rate of patients. Measuring the performance for
process and structural optimisation is divided by four indicators: efficiency (e.g., waiting times, access
time, etc.), quality of care (e.g., ED mortality rate), financial aspects (e.g., number of nurses before and
after optimisation intervention), and perceived quality of care (e.g., patient satisfaction).

To improve patient flow at the ED, an Acute Medical Unit (AMU) could be considered [17]. Lit-
erature also refers to an AMU as Acute Medical Assessment Unit, Acute Assessment Unit or Acute
Planning Unit [17]. An AMU is a designated hospital ward specifically staffed and equipped for in-
patients with acute medical illness from EDs. At the AMU the patient receives multidisciplinary and
medical assessment, care, and treatment for a designated period (typically between 24 and 48 hours).
Hereafter, the patient will be discharged or transferred to a Medical Ward (MW) [15, 16, 17]. An AMU
improves patient satisfaction, decreases the LoS, reduces unnecessary admission, and reduces patients’
mortality [5, 17]. Because the flow of patients changes (e.g., instead of going to an MW from the ED,
the patient will go to the AMU), as well as the physical layout (in this case adding a new ward), in-
troducing an AMU is both structure and process optimization. Figure 1 illustrates the movement of a
patient within a hospital setting, the arrival at the Emergency Department (ED) is denoted by the yellow
arrow. Following the initial treatment provided in the ED, the patient is subsequently directed towards
one of three destinations: home, the Acute Medical Unit (AMU), or the Medical Ward (MW). The black
arrows symbolize the diverse pathways available to patients based on their initial location within the
hospital.
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Figure 1: Pathways for a patient when an AMU is introduced to a hospital.

Scott et al. [17] describes different types of AMUs which are distinguished based on the admission
criteria, staffing, and designated period. For example, AMUs in the Netherlands handle a broader range
of patients, compared t other countries [23]. It is common that, besides ED patients, also surgery, trauma,
orthopaedics and urology are admitted to an AMU [23]. The review of Reid et al. [15] compared 33
AMUs, based on entry source, admission criteria, staffing, the operational policies, and the designated
period of the AMU. This review showed that every AMU created an improvement regarding the LoS
and the percentage of readmitted patients.

The introduction of an AMU in a hospital requires many decisions. According to [23] introducing
an AMU can only be done with pre-implementation decisions: the location of the AMU, the number
of beds required, the facilities it should have, the amount and type of staffing, a training plan for the
staff, the types of protocols required, the type of patients allowed on the AMU, and which logistical
responsibilities the AMU has. Thus far, existing literature does not provide a method on how to approach
these decisions, in what order, which models to use, and how to validate certain decisions for an AMU.

In this study we propose a 4-step approach for designing an AMU. Besides, we perform a case study
for a medium-sized Dutch hospital to validate this method. By using a systematic approach for the
design of an AMU we can provide prospective information of how beneficial an AMU is for this specific
hospital, before actual implementation in practice, and how to efficiently organize such an AMU.

In Veneklaas et al. [24] the design of an Admission Lounge (AL) was studied, to improve the patient
flow within the hospital. The authors designed the AL based on a step-wise Decision Support System
(DSS). Comparing the steps from Veneklaas et al. [24] to the the decisions from Reid et al.[15] and van
Galen et al.[23] we observe a lot of similarities. For example, the admission criteria, number of beds
needed, type of staffing, and operational policies. Because of these similarities we can easily adapt the
DSS of Veneklaas et al.[24] to our situation. Even though the steps are sequential, iteration between
steps is required.

1. Specify the admission criteria for the AMU. This step addresses which patient types are eligible
for admission to the AMU.

2. Determine the facilities, staff and supporting processes for the AMU. This step indicates which
facilities, staff-to-patient ratio, and other special equipment is needed for the AMU based on the
decisions of Step 1.
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3. Analyze the total beds required for the AMU, and the possible reduction of the MW. This step
addresses the number of beds required for the AMU, including the reduction at the MW using a
model. The input values for this model, among other things, is Step 1.

4. Analyze how the determined AMU fits within the facility layout. This step indicates where the
location of the AMU is placed within the current facility, including a possible layout.

Using this step-wise approach, we create an overview for designing an AMU. Furthermore, we create
insight for the hospital management on how performance can be affected by interventions in the process.
In Figure 2 the steps are visualized.

Figure 2: Approach of designing an AMU based on [24].

Our contribution is to provide insight in what decisions and how they should be taken when designing
an AMU. We demonstrate the application and efficacy of our proposed approach through a case study
conducted within the context of a Dutch hospital. Current literature is mostly focused on the performance
and contribution of an AMU. The Key Performance Indicators (KPIs) are compared before and after
the introduction of an AMU, where most research conclude that an AMU is beneficial for a hospital.
However, existing literature does not describe how to design an AMU.

The subsequent sections of this paper are structured as follows. Section 2 offers a comprehensive
literature review pertaining to the implementation of an Acute Medical Unit (AMU), employing the
previously discussed methodology as its basis. In Section 3, we introduce a model that establishes the
optimal number of beds with the designated period, employing the admission criteria outlined in step
1. In Section 4, a detailed case study conducted at a Dutch hospital is presented, extensively examining
steps 1 to 3, while step 4 is due to limitations briefly discussed. Finally, in Section 5, our discussion and
conclusions are presented.

2. Literature

The literature review follows the four step approach presented in Figure 2 and Section 1. First, the
admission criteria are discussed, Second, the facilities (e.g., type of staff) are analyzed. After that, the
effect of an AMU regarding MW beds, but also determining the number of beds for an AMU itself is
discussed. At last, information about the facility layout is presented.

2.1. Admission criteria

Admission criteria are rules regarding which patients are eligible for admission on a ward. An AMU
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can accept almost every inpatient that comes from the ED [3, 13, 17]. However, patients who need
intensive care and/or continuous monitoring are not suitable for AMU admission [13, 15, 17, 20].

Clear and effective communication between the ED and the AMU is important to prevent the AMU
from becoming a Dumping Area [5]. In order to avoid the AMU becoming a ”Dumping Area,” Early
Warning Scores (EWS) are employed as a preventive measure [17]. EWS scores are specifically de-
signed to categorize patients according to their level of illness [22]. By establishing in advance the
acceptable level of illness for admission to the AMU, we can effectively determine which patients are
suitable for the AMU. This approach ensures that not all patients are admitted to the AMU, thus pre-
venting it from becoming an Dumping Area. Examples of EWS systems are, the Australasian Triage
Scale [17] and the Manchester Triage System (MTS) [9].
Besides scoring a patient on their level of illness, they can also be admitted based on their expected LoS.
This method is typically used for Short Stay Units (SSU) [25]. However, unlike an AMU, an SSU does
not provide diagnostics and is just a buffer before the discharge of a patient [12, 25]. Important factors for
predicting the LoS are age, cognition, number of medications during admission, and previous hospital
admissions [25]. An SSU uses the LoS because it has a dedicated period, typically around 72 hours. The
SSU uses the LoS because allocating the patient to an MW after the patient went to a SSU takes more
time than placing the patient directly to an MW [25]. Given that the AMU also has a dedicated period,
using the LoS as an criteria for an AMU could be beneficial, it is however not mentioned in literature.
In the remainder of this work, we combine fixed exclusion (specific patients groups that are not allowed
at the AMU), EWS threshold, and the LoS threshold. This way, we define tailored criteria for AMU
admission.

2.2. Facilities and staff

The focus of an AMU is diagnosing and stabilizing patients. This does not include invasive monitoring
and/or using critical care facilities [13, 17]. Reid et al. [16] interviewed nurses regarding necessary
equipment around an AMU bed. They concluded that bedside monitoring and the use of telemetry is
important for doctors/nurses. According to [1], lab research, MRI, CT, and ultrasound are the most
frequent diagnostics facilities that should be nearby an AMU. We suggest that the facilities of an AMU
should be similair to the facilities of a standard MW, given that, as soon as more complex equipment is
needed, this is available at the nearby ED.

Another decision for the AMU is the amount and type of staffing. Alferink et al. [1] defined a staffing
policy, a so called senior nurse formation, two AMU nurses with specific focus next to the AMU nurses
without specific area of interest. However, no information is provided regarding the size of AMU. Reid
et al. [15] conducted a literature review where different AMUs are compared. In Reid et al. [15] the
staffing policy varied in number of staff members and corresponding staff speciality. These differences
are also mentioned in Keshtkar et al. [9]. However, no relation is given regarding the number of staff
compared to the number of AMU beds.

The amount of staff needed can be determined with the use of the San Joaquin patient classification
system [18]. This system classifies patients (EWS classification for example) and assign the amount of
nursing staff needed [18]. The result of this system is a nurse-to-bed ratio determined by their respective
classifications.

2.3. Bed allocation

The bed allocation of the AMU significantly impacts the bed allocation in the MW. The introduction
of the AMU reduces the number of patients who are sent to the MW, thus affecting the required number
of beds in the MW. Depending on the designated period of the AMU, we must carefully balance the
number of beds needed. For instance, if the AMU has a short designated period (e.g., 24 hours), it
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will result in fewer beds being occupied in the AMU. However, due to the shorter designated period, the
likelihood of patients being sent home from the AMU will also decrease. As a consequence, there will be
a higher demand for beds in the MW [3] compared to a situation where the AMU has a longer designated
period. Therefore, it becomes evident that the AMU settings significantly influence downstream bed
requirements in the MW.

Ravaghi et al. [14] reviewed recent literature on methods that approximate the number of beds neces-
sary at a hospital ward. A total of sixteen different methods are mentioned with all their own advantages
and challenges. Examples of methods are, the ratio method (calculating the number of beds based on
the ratio of the total LoS), formula method (based on the target occupancy rates), and simulation (based
on distributions). Furthermore, De bruin et al. [6] approximates the number of beds using the Erlang
Loss Models (M/G/c/c queuing model).

The first two methods, the ratio, and formula method, are traditional approaches used to determine
the number of beds. The ratio method calculates the beds based on average Length of Stay (LoS) and
admission rates, without considering age groups and clinical specialties. As a result, it is frequently
combined with more recent models, like simulations, to enhance accuracy. The formula method, on the
other hand, estimates the number of beds by multiplying the average LoS, admission rate, and projected
population size, then dividing by the period duration and target bed occupancy rate. These methods offer
simplicity and efficiency, making them popular for hospital-level planning. However, they have limi-
tations, assuming steady state supply and demand, and not accounting for factors such as demographic
changes and patient migration.

The simulation method relies on distributions and is frequently used independently or in conjunction
with other approaches, such as the ratio method. It aims to closely mimic the hospital’s functioning by
employing accurate data distributions. While this method offers high accuracy and the ability to handle
discrete and random arrival rates [3, 14, 21], it requires precise and extensive data, which can make it
expensive and time-consuming.

Queuing models typically assume a random arrival process for all patients. De Bruin et al. [6] does
not account for the complexity of patients’ treatment in their queuing model. In contrast, Chang et al.
[4] also employs the Erlang Loss Model but incorporates the Case Mix Index (CMI), considering both
the arrival rate and the complexity of care needed by patients. A higher CMI indicates a greater arrival
rate and, consequently, a greater need for beds. While queuing provides an accurate method to calculate
the number of beds, it relies on the assumption that all patient arrivals are random, which is not the
case for all patients. In hospitals with an AMU, the MW experiences two arrival processes. The first
process is deterministic, given the AMU’s fixed discharge time, making the arrival process to the MW
also deterministic. The second arrival process is from the ED to the MW, which is not deterministic due
to the unpredictable nature of the ED discharge process. Having both deterministic and random arrival
processes makes it challenging to use queuing theory to determine the bed reduction effectively.

From this, we will determine the number of beds for the AMU and MW using a simulation model.
2.4. Location and Layout

The layout decisions have two key aspects: determining the optimal location of the AMU within the
hospital and defining the internal layout of the AMU itself. According to [1, 5, 23], the AMU must
be close to the ED department, and the diagnostic facilities. If the AMU is not close by the ED or
diagnostics, the positive effect of having an AMU is negligible.

Anjos et al. [2] explains the Facility Layout Problem (FLP) as: ”FLPs are a general class of operations
research problems concerned with finding the optimal arrangement of a given number of nonoverlapping
indivisible departments within a given facility.” There are three FLP classes: row FLPs, unequal-areas
FLPs, and multi floor FLPs. In general these FLPs are NP-hard [2]. The key factor for the layout are the
distances. A generic algorithm, as proposed by [2], finds solutions to most of the FLP problems. Limited
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research is done regarding a layout in a hospital, however in the design it is important to minimize the
distance between patient care rooms and nursing units and to facilitate patient movements in the vertical
directions to different floors in order to increase the productivity and efficiency [1].

In our study we do not propose a layout for the designed AMU. This because the hospital does not
know where to locate the AMU yet.

3. Model

In the previous section we explored the current literature regarding all the steps in the step-wise ap-
proach. From this, we conclude that step 3 must be provided with a DES model, this to compute the
optimal number of beds and designated period for the AMU.

This chapter introduces a DES model. This DES model takes the admission criteria from step 1 and
uses this criteria to make decisions within the model. The model helps us understand how well the
hospital is doing based on the number of AMU beds and the designated period of the AMU. We explain
how the ED process is connected to the MW process, and we describe how we’re going to simulate this
process with an AMU.

3.1. ED process

The ED process in our hospital is as follows. An acute patient arrives at the hospital either on his own
or by ambulance. The patient will then be triaged in the triage room. After triage, the patient is placed
in an ED room for treatment. Depending on the age, triage score, and treatment type, the patient can
be placed in a children, standard, crash, plaster, or lock room. If no ED room is available, the patient
will be placed in the ED waiting room. After treatment at the ED, the patient will either go home or
transferred to an MW. When a patient is allocated to the MW, they are required to wait in the ED room
until two nurses from the respective MW come to collect them. The patient will then finish the treatment
at the MW.

If a very urgent patient arrives at the ED (triagescore ≤ 1) the patient will be placed at a crash room
(if available). If such a room is unavailable, and all other rooms are occupied, the least urgent patient
from a standard room will be placed back into the waiting room, so the urgent patient can be treated in
this standard room.

3.2. DES model

The DES model simulates the ED process given in Section 3.1 including an AMU. We describe how
patients move through the model, what the resources are, and how the queuing systems are working.
The including departments for this process are the ED, AMU, and MW. The treatment of a patient is
simulated as a black box, meaning, a patient enters a room, occupies this room with a given treatment
time, and then leaves the room.

The data that is used for the model comes from the Integral Capacity Management (ICM) department.
The data consist of patient information through the years 2018-2021. A total of 101973 patients arrived
at the ED during this period. The data-set includes patient information such as ID, Age, and Triage
score. Additionally, each patient is associated with an ED arrival time and the duration they spend
in an ED room. To account for the uncertainty in actual service times within the ED, supplementary
measurements were conducted. Over a span of approximately two weeks, observations were gathered
from around 700 patients, providing data on both their actual service times and waiting duration within
the ED. This extra data contains a more accurate service time regarding the ED treatment and ED waiting
time, more information regarding this can be found in Section 3.2.3.
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3.2.1. Model description

We do not simulate the triage room. According to nurses, triaging a patient is not a time consuming
process in the ED. Furthermore, there is almost no data about triage duration. A detailed overview of the
model is presented in Figure 3. The flowchart presents how a patient moves though the model including
the decisions that are made.

The flowchart initiates from the left-hand side with a green box, symbolizing the arrival of a patient
at the hospital. The initial assessment involves determining whether the patient’s condition is urgent; if
affirmative, immediate assistance is provided. In the absence of urgency, the availability of a treatment
room is assessed. Should no rooms be available, the patient is accommodated in the waiting room until
an ED room becomes free, ensuring they receive care at the earliest opportunity.

After receiving treatment in the ED, patients have the option of being discharged or transferred to
either the AMU or MW (second green box from the left-hand side). The decision regarding discharge
or transfer is determined by a uniform distribution probability model. The likelihood of discharge is
influenced by the patient’s medical specialty, and these probabilities are outlined in Appendix A, Table
15.

If a patient meets the admission criteria for the AMU and there are available spaces, they are directly
assigned to the AMU. Otherwise, they are transferred to the MW. Notably, when a patient is directed to
the AMU, they are spared the wait time in the ED to be picked up by an MW nurse. Once the patient
completes their stay in the AMU, they can either be discharged or moved to the MW. Subsequently, after
receiving treatment in the MW, the patient is discharged.

When a patient arrives at the hospital it has the following attributes, specialty, age, triage score, and
arrival time. A total of 28 specialties were observed from 101973 patients retrieved from historical data.
We distinguish the outliers based on a minimum number of data points. A patient specialty must occur
at least 100 times at the ED over the last 4 years. This reduces the total number of specialties to 14 and
number of patients to 100960. The specialties that are included in the model can be seen in Table 1. The
age and triage score are based on the percentage of occurrence per specialty. This data can be found in
Appendix A, Table 16 and 17.

General Surgery (CHI)
Internal medicine (INT)
Pediatrics (KIN)
Plastic surgery (PLA)
Neurology (NEU)
Lung diseases (LON)
Gastrointestinal and liver diseases (MDL)
Urology (URO)
ENT (KNO)
Cardiology (CAR)
Allergology (ALL)
Geriatrics (GER)
Eye diseases (EYE)

Table 1: Specialties used in the simulation model, on the right hand side (in brackets) is the Dutch
abbreviation.

The resources included in the model are the ED, AMU, and MW rooms. The ED consists of a fixed
number of rooms/beds with different disciplines (e.g., child room or emergency room). In an official
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capacity, the Emergency Department (ED) includes designated areas for both plaster treatments and
quarantine purposes (for patients with contagious viruses). Regrettably, the data does not encompass
any details pertinent to these specific rooms. Furthermore, according to interviews, the rooms are also
rarely used. Because of that, we did not include these rooms in the DES model. The AMU has a fixed
number of beds where the MW is simulated with an infinite capacity, meaning, we have an infinite
number of beds, see Table 2. An infinite number of beds is based on the policy of the hospital. If a
patient comes from the ED he or she will always be placed on a bed and never be transported to another
hospital, thus an infinite capacity.

Department RoomName Capacity DischargeTime
ED RoomChild 2 na
ED RoomCrash 2 na
ED RoomStand 10 na

AMU amu t.b.d. 13:00
MW na ∞ na

Table 2: Capacity stands for the number of rooms or beds available at that department. The discharge
time is the time patients may leave the resource.

Only one waiting room (or queue) is contained in the model, the ED waiting room. When a patient
arrives at the ED all rooms could be fully occupied. A patients will then wait in the waiting room. Once
an ED room becomes available a patient will be picked from the waiting room and placed in the ED
room. The queuing order in the waiting room is based on the triage score of patients. The lower the
score the earlier a patient gets treated. If a patient arrives with a triage score of 0 or 1 direct help is
needed. Normally these type of patients will be placed on the crash room. But, if all the rooms are
occupied in the ED, the least urgent patient that is currently treated will be placed back into the waiting
room and the urgent patient will be placed in this ED room. The patient that is placed back in the waiting
room has already some part of the treatment finished, so, when this patient enters the ED again his ED
treatment time is shorter.

In Figure 4 we show the discharge moments at the AMU compared to the current time. The current
time represents the time a patient arrives at the AMU. In general, the time a patient spends in the AMU is
equal to the time a patient would have spend at the MW. However, when the designated period is lower
than the MW time, the patients treatment time is equal to the designated period.

Algorithm 1 outlines the methodology employed to determine the treatment duration for a patient at
the AMU. The initial period a patient occupies within the AMU (Ptime) is set to the smallest time unit,
which is contingent on both the MW treatment time and the designated duration of the AMU.

Subsequently, the algorithm iterates through all possible discharge instances (D ∈ DM ), which,
in our scenario, occur daily at 13:00. The algorithm then computes the time difference between the
discharge moment (d) and the projected discharge time (Ct + Ptime). If this computed value is lesser
than the optimal value identified thus far, and if the expected discharge moment surpasses d + Dt, the
current discharge moment is selected as the most favorable choice. Here, the formula d +Dt signifies
a temporal window (in our context, spanning 5 hours). When a patient’s departure is anticipated within
this window, preference is given to discharge them at Dm−1 instead of Dm. Subsequently, the effective
duration a patient spends within the AMU is expressed as AMUt = Dmopt−Ct. A visual representation
of the algorithm’s parameters is provided in Figure 4.
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Figure 4: A patient has, depending on the Designated Period, a maximum number of discharge moments,
DM ∈ Dm1, Dm2, Dm3, .... In our model the discharge moment is every day at 13:00.

Algorithm 1: AMU Length of Stay

initialization;
CurSol = ∞ ;
BestSol = CurSol;
Ptime = min(MWt, Dp);
for d ∈ DM do

CurSol = |Ct + Ptime − d| ;
if (CurSol < BestSol) AND (d+Dt ≥ Ptime + Ct) then

CurSol = BestSol ;
Dmopt = d

end

end
AMUt = Dmopt − Ct

3.2.2. Modelling patients arrival

As stated in the literature review (Section 2) the arrival of acute patients at the ED can assumed to be
Poisson distributed. This is validated for our case study, as can be seen in Figure 5. This gives that the
interarrival times are exponential distributed at a certain hour.
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Figure 5: Frequency of arrival rate in number of arrivals between 16:00h and 17:00h, with fitted Poisson
distribution with lambda = 4.91. The data comes from the case study hospital where a total of
7081 patients arrived between 16:00 and 17:00 during the period 2018-2021.

The poisson process is not time homogeneous which means that the rate varies over time. To this end,
we use a thinning procedure [11]. By this we can simulate the patients arrivals over time, as can be seen
in Figure 6. The arrival of a patient depends on an interarrival time at the busiest hour of the day. The
interarrival time of the busiest hour is exponential distributed with a lambda equal to 739.19. Depending
on the hour we accept or discard this patient, the change of accepting a patient is stated in Appendix B,
Table 18. The model does not include any daily or monthly trends.

Figure 6: The arrival rate per hour from the case study hospital, also called a whale curve.

3.2.3. Modelling Service Times

The treatment times are divided in three categories, ED treatment time, ED waiting time, and MW
treatment time. We assume that the treatment time of the MW is equal to the treatment time of the
AMU. Because, a patient that would go the MW is now going to the AMU therefore the treatment
time is assumed to be equal. The treatment times are depending on the patient specialty. We check
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for correlations between the Length of Stay (LoS), triage score, and age of a patient. From the matrix
in Figure 7 we can conclude that there is no correlation, therefore we only distinguished on patient
specialty.

Figure 7: Correlation matrix LoS (treatment duration) with age and triage score.

A patient has an ED treatment time and an ED waiting time. The ED treatment time is the actual time
doctors and nurses are helping the patient. The ED waiting time is the time a patient needs to wait before
a MW nurse transports the patient to the MW. Determining the ED treatment and ED waiting time is
difficult, given that only the total ED LoS is known. Hence, we conducted observations pertaining to the
completion of ED treatment and the actual departure of patients from the ED. These observations were
carried out over a span of approximately two weeks.

We determined the distribution for the ED waiting time fraction, ED waiting time fraction is the ED
waiting time divided by the total ED LoS. We use an ED waiting time fraction instead of actual ED
waiting time because the total ED LoS is still used in the model. Therefore, we cannot subtract the ED
waiting time because this could result into a negative ED LoS due to randomness. The ED waiting time
fraction is not correlated to specialty, age, or triage. In Figure 3 we see that a Lognormal distribution
is the most suitable fit over the histogram of the fraction of the ED waiting time. The maximum value
of the fraction is the maximum found value within the data set, which is 95 percent. The data for
this distribution can be seen in Table 4. When a patient is discharged or is assigned to the AMU, the
patient has zero ED waiting time because the patient is assumed to be directly transported to the AMU.
Therefore, the ED LoS will be shorter.
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Table 3: The frequency represent the fraction. The
yellow and black line present the Gamma
and Lognormal distribution plotted over the
histogram.

Specialty Mean Sigma Variance Distribution
ALL -1.923 0.714 0.0177 LogNormal

Table 4: ED WT information

Regarding the total LoS for the ED and the MW we created a histogram and plotted a Lognormal and
Gamma distribution. In both departments we visually observe that the gamma distribution is the most
suitable distribution, see Figure 8. The service times presented in numerical terms are stated in Table 5.

Figure 8: The frequency represents the histogram regarding the LoS at the Emergency Department. The
yellow and black line are the Gamma and Lognormal distribution plotted over the histogram.
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Specialty ED Total LoS MW Total LoS
Mean (sec) Sigma (sec) Mean (sec) Sigma (sec)

CHI 8449.86 4929.89 206152.05 383440.39
INT 13058.06 5482.83 411460.08 552804.89
KIN 8220.79 3736.91 411404.14 594310.94
PLA 7225.88 4410.79 383279.45 499845.00
NEU 11530.63 5530.73 250207.20 475045.50
LON 13018.91 5017.50 525926.56 608172.23
MDL 12045.12 5074.97 551645.27 563577.43
URO 9145.95 5194.35 451690.80 610997.42
KNO 6718.94 4443.65 770310.78 660657.73
ORT 10789.78 5362.44 144319.44 343518.48
CAR 13102.21 5713.48 268156.32 299600.10
ALL 6611.32 2651.03 175005.45 177151.94
GER 15113.04 5334.03 14477.14 5241.81
OOG 5222.67 3985.79 41022.86 65515.12

Table 5: The mean, sigma (standard deviation), and variance for the distribution regarding the total LoS
per department.

3.3. Key Performance Indicators

The KPIs need to encompass all the different wards; ED, AMU) and MW. Beginning with the ED,
we have incorporated the blocking probability and occupancy rate as crucial metrics. Additionally,
we’ve integrated the percentage of patients exceeding a 3-hour LoS threshold, alongside the average
waiting time post-treatment in the ED area. It’s essential for these time-related metrics and percentages
to decrease upon the implementation of an AMU. It’s important to note that the choice of ED KPIs is
based on the priorities identified by the case study hospital.

Moving on to the AMU, we have opted to employ the same set of KPIs as utilized in the ED. This
decision stems from the absence of the AMU as of now, rendering it impossible to gather additional
information from a ward that is yet to be established.

Lastly, in the context of the MW, our hospital has assumed an unlimited capacity for the MW. Con-
sequently, there isn’t a blocking probability metric applicable here. Instead, we are able to measure the
average bed occupancy by acute patients transferred from either the ED or the AMU.

3.4. Model verification and validation

This section comprises two integral components. The initial segment encompasses verification, eluci-
dating the warm-up period and the requisite number of runs for the DES model. The subsequent segment
entails validation, assessing the model’s performance relative to real-world observations.

3.4.1. Warm-up period and number of runs

The simulation is a non-terminating steady state simulation, given that the model needs a warm-up
period and can run indefinitely. The warm-up period is determined using the Welch’s approach [10].
The KPI that is used for the warm-up period is the average number of occupied beds at the MW, this
because it is the most downstream KPI in the hospital process. We used the average occupied MW beds
as KPI for the warm-up period because it is the most downstream ward and will therefore stabilises as
last. Figure 9 presents the average number of occupied beds per observation. One observation is equal
to half hour in the simulation, so observation one is 1800 seconds, observation two 3600 seconds etc.
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From the figure we see that we not only have a warm-up period but also ’cool-down’ period at the end
of the simulation. The data of a patients is only saved in the model after the treatment is 100 percent
finished. Thus, when the simulation stops some patients are still in the system. This results in a drop at
the end of the data, as can be seen in Figure 9. The rule of thumb is that the simulation time is 10 times
the warm-up period, this would be 300 days. But, because we have a ’cool-down’ period, we also delete
the last 30 days, this period can be observed by Figure 9. Therefore, we have a total simulation time of
330 days per run.

Figure 9: Warm-up period. Observation 1400 represents the start of the steady state. One observation is
equal to 1800 seconds, which means a warm-up period of approximately 30 days is necessary
to reach steady state. The cool-down period is the approximately the last 30 days of the graph
starting at point 16000 until finish.

Subsequently, we determined the necessary number of simulation runs based on the average bed occu-
pancy within the MW. This choice of KPI is rooted in its position as the most downstream metric. Each
entry in Table 6 is built upon previous values; for instance, the mean value of the third run corresponds
to the average MW beds from runs 1 to 3.

To calculate the error for each run, we divide the Confidence Interval Half-Width (CIHW, tvalue ∗√
Run/variance) by the mean. If this error is below the designated threshold (in our situation 95

percent CI), it is deemed acceptable and signifies the required number of runs. Our analysis of Table 6
indicates that the number of runs becomes sufficient after 2 runs.

However, it is worth noting that according to Law et al. [10], a simulation model typically requires
a minimum of 5 runs to achieve validation. Consequently, we opt to employ 5 runs per simulation to
ensure the model’s reliability.
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Run Average MW beds Mean Var t-val CIHW Delta Gamma’ Valid?
1 103.777 na na na na na na na
2 104.144 103.960 0.067 12.706 2.329 0.022 0.048 OK
3 104.539 104.153 0.145 4.303 0.947 0.009 0.048 OK
4 98.890 102.838 7.021 3.182 4.216 0.043 0.048 OK
5 103.688 103.008 5.411 2.776 2.888 0.028 0.048 OK
6 100.548 102.598 5.337 2.571 2.424 0.024 0.048 OK
7 102.485 102.582 4.449 2.447 1.951 0.019 0.048 OK
8 100.626 102.337 4.292 2.365 1.732 0.017 0.048 OK
9 106.377 102.786 5.569 2.306 1.814 0.017 0.048 OK
10 102.881 102.795 4.951 2.262 1.592 0.015 0.048 OK

Table 6: Number of runs necessary, using the mean and variance we compute Delta. When the Delta
value is below Gamma prime (95 percent confidence) we accept the number of runs.

3.4.2. Validation

Validating DES can be done by comparing the outcomes to the real world to the outcomes from our
model [7]. We used the average number of occupied beds at the MW as KPI to compare the real world
with the simulation model. The model gives an average of 103.26 occupied MW beds, where the values
for our case study is equal to 100.12 MW beds over 1 year. This is a difference of 2.01%. From this we
accept that the model is a good representation of the real world.

4. Case study

In the preceding section, we introduced a DES model. We provided relevant data from our case study
hospital to elucidate the setup of this DES model. In the present section, we embark on executing
each step of the step-wise approach. This comprehensive analysis aims to offer valuable insights and
recommendations to the case study hospital. Specifically, the hospital seeks to evaluate the potential
impact of implementing an AMU. Throughout this section, we will systematically assess each step of
the approach, including an in-depth analysis of the model results presented in Chapter 3.

4.1. Step 1

As indicated in Section 2.1, the establishment of admission criteria can be informed by factors such as
patient specialty, age, and expected LoS. However, it is important to note that the EWS score cannot
be utilized in this context due to the unavailability of this information within the hospital’s data-set.
The hospital has the following admission criteria exclusions for the AMU, no patients under 18 and we
disallow the following specialties: Allergolocy, Cardiology, Pediatrics, Ear Nose Throat (ENT), and Eye
disease.

Using the fixed exclusion from the hospital and adding a maximum expected LoS of 48 hours, we have
an initial fixed admission criteria, see Table 7. This criterion allows, using the historical data, 83.5% of
the inpatient to the AMU. As an additional setup the hospital wants to know the results without having
a 48 hour maximum expected LoS.
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Criteria Allowed on the AMU

Specialty
CHI, GER, INT,
LON, MDL, NEU,
ORT, URO

Min Age 18
MaxExpectLoS 48h & ∞

Table 7: Initial admission criteria

4.2. Step 2

This step focuses on the necessary equipment, staff en supporting processes that are necessary for the
AMU. Obtained by interviewing subject matter experts, the nurse-to-bed-ratio should be 1 to 3. For
this ratio, it is assumed that the abilities of the nurses are equivalent to those of the ED nurses. The
hospital indicates that the equipment should be similar to the equipment of their current MW. Because
the AMU is not dedicated to one patient specialty, the nurses must have the qualities of an ED nurse,
and the nurse-to-bed ratio must be 1 over 3. Supporting processes should be the similar to those of an
ED. Therefore, the AMU should be placed close to the ED.

4.2.1. Step 3

This stage evaluates the optimal bed requirement and designated duration for the AMU utilizing the
DES model outlined in Section 3. In pursuit of identifying the most effective AMU setup (number of
AMU beds and AMU designated period), we undertake a series of experiments. Each experiment en-
compasses a distinct setup. Through a comprehensive analysis of outcomes across various setups, we
aim to provide informed guidance on the optimal configuration for the AMU.

First, an experiment is done without the AMU, this to create a baseline. Next, 15 experiments are
done without the admission criteria, MaxExpectLoS. For each designated period (24, 48, and 72 hours)
we do 5 experiments each with a different number of beds going from 8 to 40 with stepsize 8. The same
approach is done including the admission criteria maximum LoS. Finally, we do an experiment where
the AMU has an opening and closing time with a maximum of 4 beds, the admission criteria is without
the MaxExpectLoS.

In Table 8 the first experiment setup is presented. Here the ED occupation and blocking rate are given,
the percentage of patients that has a longer treatment time than 3 hours (LoS>3h), the waiting time to be
retrieved from the ED room after treatment (ED in room waiting time), and the average bed occupation
in the MW from acute patients coming from the ED (MW bed occupation). The number of beds in the
AMU depends on the admission criteria of the AMU. Using the fixed admission criteria (Table 7) we
defined the appropriate number of beds and designated period, including the performance of the AMU
(occupation percentage and blocking probability).
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Experiment
ED occupation

percentage
ED blocking
percentage

AMU occupation
percentage

AMU blocking
percentage

LoS>3h ED
percentage

ED in room
waiting time

MW bed
occupation

mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI
No AMU 0.5316 [0.5266, 0.5366] 0.1742 [0.1653, 0.1832] 0 0 0 0 0.2921 [0.2890, 0.2953] 675.04 [669.70, 680.37] 103.00 [100.97, 105,05]

24x8 0.518* [0.514,0.523] 0.150 [0.146,0.155] 0.936 [0.936,0.938] 0.9130 [0.912,0.915] 0.276 [0.274,0.278] 533.59 [525.2,541.99] 94.83 [92.92,96.76]
24x16 0.515 [0.512,0.519] 0.150 [0.147,0.154] 0.897 [0.894,0.901] 0.8339 [0.833,0.836] 0.268 [0.266,0.271] 415.83 [412.8,418.88] 90.84 [89.79,91.91]
24x24 0.507 [0.505,0.51] 0.142 [0.139,0.145] 0.851 [0.847,0.857] 0.7656 [0.764,0.769] 0.261 [0.257,0.265] 303.60 [297.15,310.06] 85.94 [84.66,87.23]
24x32 0.503 [0.502,0.504] 0.138 [0.131,0.147] 0.798 [0.794,0.802] 0.7104 [0.71,0.712] 0.256 [0.255,0.259] 215.24 [209.87,220.63] 84.02 [82.1,85.95]
24x40 0.497 [0.495,0.499] 0.140 [0.135,0.146] 0.723 [0.72,0.728] 0.6731 [0.671,0.676] 0.251 [0.25,0.253] 158.58 [153.84,163.33] 79.98 [78.39,81.58]
48x8 0.525* [0.52,0.531] 0.162 [0.155,0.17] 0.960 [0.959,0.963] 0.9362 [0.936,0.937] 0.282 [0.279,0.285] 571.71 [561.74,581.7] 95.33 [93.75,96.92]
48x16 0.520 [0.517,0.524] 0.156 [0.153,0.16] 0.937 [0.937,0.938] 0.8746 [0.874,0.876] 0.275 [0.272,0.279] 478.44 [470.47,486.43] 92.40 [90.66,94.16]
48x24 0.510 [0.507,0.514] 0.142 [0.14,0.146] 0.910 [0.907,0.914] 0.8161 [0.815,0.818] 0.266 [0.263,0.27] 382.25 [371.29,393.23] 83.98 [81.98,85.99]
48x32 0.505 [0.505,0.506] 0.140 [0.134,0.146] 0.880 [0.878,0.884] 0.7659 [0.765,0.768] 0.262 [0.26,0.264] 306.83 [302.3,311.36] 80.57 [78.45,82.71]
48x40 0.502 [0.499,0.507] 0.141 [0.137,0.145] 0.846 [0.843,0.849] 0.7192 [0.717,0.722] 0.257 [0.256,0.26] 230.67 [226.99,234.36] 75.04 [74.06,76.04]
72x8 0.527* [0.524,0.531] 0.162 [0.156,0.169] 0.972 [0.971,0.973] 0.9476 [0.947,0.949] 0.283 [0.281,0.286] 590.04 [580.28,599.81] 96.38 [94.88,97.89]
72x16 0.523 [0.521,0.526] 0.157 [0.155,0.16] 0.955 [0.953,0.957] 0.8958 [0.896,0.897] 0.278 [0.277,0.281] 507.46 [500.82,514.11] 90.97 [88.71,93.23]
72x24 0.518 [0.514,0.522] 0.146 [0.137,0.155] 0.936 [0.935,0.939] 0.8462 [0.845,0.849] 0.274 [0.273,0.276] 437.44 [430.34,444.55] 86.27 [84.51,88.04]
72x32 0.509 [0.507,0.513] 0.143 [0.138,0.149] 0.919 [0.919,0.921] 0.7993 [0.799,0.801] 0.265 [0.264,0.267] 356.45 [352.04,360.87] 77.65 [76.86,78.46]
72x40 0.507 [0.503,0.513] 0.140 [0.137,0.144] 0.897 [0.894,0.9] 0.7572 [0.756,0.76] 0.262 [0.26,0.266] 291.65 [278.76,304.56] 74.21 [72.21,76.21]

Table 8: Results without the admission criteria, MaxExpectLoS. The experiment column provides the
experiment setup (Designated Period x Number of AMU beds). KPIs including an asterisk are
not significantly better compared to the current situation (no AMU).

From the results we see that almost every KPI has a significant improvement compared to the current
situation. Furthermore, we see (from Table 8) that increasing the number of beds or designated period
has an significant improvement (using a 95% confidence interval) on the KPIs. Noticeable is, the total
number of beds necessary in the hospital increases. Using the confidence interval we see whether or
not an experiment is significant better based on one KPI. The results from Table 8 are plotted in a
graph (see Figures 10 and 11, and Appendix C.1). Most KPIs are significantly different however, from
Figure 10 we see that for 8, 16 and 24 beds the designated period has no significant influences on the
MW bed occupancy. Having 32 or 40 beds does make a small difference for a designated period of
24 hours, however no significant difference can be found between 48 and 72 hours. Increasing the
number of beds does however have a significant difference per designated period. In Figure 11 we see
no significant difference between 48 and 72 hours. Furthermore, having 24 beds or more does not differ
in any situation.

Figure 10: Medical Ward bed occupancy per
scenario

Figure 11: Emergency Department blocking proba-
bility per scenario

The second experiment setup includes the admission criteria, maximum expected LoS. Considering
that we only allow patients with a LoS below 48 hours it is insufficient to simulate an AMU with a
designated period of 72 hours. Therefore, we excluded the designated period of 72 hours. The results
are shown in Table 9.
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Experiment
ED occupation

percentage
ED blocking
percentage

AMU occupation
percentage

AMU blocking
percentage

LoS>3h ED
percentage

ED in room
waiting time

MW bed
occupation

mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI
No AMU 0.5316 [0.5266, 0.5366] 0.1742 [0.1653, 0.1832] 0 0 0 0 0.2921 [0.2890, 0.2953] 675.04 [669.70, 680.37] 103.00 [100.97, 105,05]

24x8 0.521 [0.518,0.526] 0.163* [0.159,0.169] 0.830 [0.826,0.835] 0.8103 [0.809,0.812] 0.279 [0.277,0.282] 545.11 [538.34,551.89] 100.28* [99.01,101.55]
24x16 0.518 [0.516,0.522] 0.163 [0.158,0.17] 0.675 [0.671,0.68] 0.6977 [0.696,0.701] 0.276 [0.274,0.278] 467.84 [457.5,478.2] 97.00 [95.72,98.3]
24x24 0.515 [0.512,0.518] 0.160 [0.154,0.166] 0.492 [0.478,0.507] 0.6672 [0.665,0.671] 0.274 [0.273,0.276] 442.98 [435.26,450.72] 98.15 [96.35,99.96]
24x32 0.514 [0.512,0.518] 0.161 [0.156,0.167] 0.370 [0.359,0.381] 0.6661 [0.663,0.671] 0.274 [0.273,0.276] 444.19 [435.3,453.09] 98.59 [97.1,100.08]
24x40 0.514 [0.512,0.518] 0.161 [0.155,0.168] 0.296 [0.288,0.305] 0.6650 [0.662,0.669] 0.274 [0.272,0.276] 442.56 [434.74,450.38] 98.59 [97.1,100.08]
48x8 0.523 [0.52,0.526] 0.164* [0.16,0.17] 0.855 [0.854,0.857] 0.8265 [0.825,0.829] 0.281 [0.28,0.283] 560.47 [548.61,572.34] 100.10* [98.23,101.98]
48x16 0.515 [0.514,0.517] 0.155 [0.151,0.159] 0.716 [0.711,0.722] 0.7101 [0.709,0.712] 0.274 [0.272,0.278] 472.19 [468.01,476.38] 96.83 [96.03,97.65]
48x24 0.516 [0.512,0.521] 0.163 [0.159,0.168] 0.539 [0.53,0.548] 0.6736 [0.668,0.68] 0.273 [0.272,0.275] 451.61 [441.64,461.6] 98.99 [97.4,100.59]
48x32 0.514 [0.512,0.518] 0.160 [0.155,0.166] 0.410 [0.398,0.423] 0.6692 [0.666,0.673] 0.274 [0.272,0.276] 446.23 [437.85,454.61] 98.56 [97.07,100.05]
48x40 0.514 [0.512,0.518] 0.160 [0.155,0.167] 0.328 [0.318,0.339] 0.6683 [0.665,0.672] 0.274 [0.273,0.276] 443.70 [434.74,452.67] 98.56 [97.07,100.05]

Table 9: Experiment (Designated Period x Number of AMU beds) is presented including the admission
criteria, maximum LoS. KPIs including an asterisk are not significantly better compared to the
current situation (no AMU)

Figure 12: Medical Ward bed occupancy per
scenario including a the admission
criteria maximum LoS.

Figure 13: ED occupancy rate per scenario includ-
ing the admission criteria maximum
LoS.

From the results in Table 9 we can see that the KPIs do significantly improve compared to having no
AMU. However, the improvement is very minimal and also stabilizing when we increase the number of
beds. This can also be seen in Figures 12 and 13, and in Appendix C.2.

At last, instead of creating a new ward we use an existing ward that is not used from 20:00 till 8:00.
The AMU only operates between these hours where the rest of the hours patients can only go to the MW.
This ward has a capacity of 4 beds and a designated period of 12 hours. Furthermore, patients are only
allowed if they can stay in the AMU for at least 5 hours (so assigning a patient to the AMU can only be
done before 3:00). The results for this situation are stated in Table 10.

Experiment
ED occupation

percentage
ED blocking
percentage

AMU occupation
percentage

AMU blocking
percentage

LoS>3h ED
percentage

ED in room
waiting time

MW bed
occupation

mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI
No AMU 0.5316 [0.5266, 0.5366] 0.1742 [0.1653, 0.1832] 0 0 0 0 0.2921 [0.2890, 0.2953] 675.04 [669.70, 680.37] 103.00 [100.97, 105,05]

Special AMU 0.524 [0.522,0.526] 0.164 [0.158,0.172] 0.779 [0.777,0.782] 0.9096 [0.909,0.911] 0.282 [0.28,0.285] 594.22 [589.16,599.29] 99.10 [97.6,100.61]

Table 10: Score with 4 beds and a open and closing time of the AMU (20:00-8:00), without the maxi-
mum expected LoS as criteria.

Comparing the results to the data without an AMU we see a significant difference between KPIs
LoS>3h ED percentage and ED in room waiting time. The rest of the KPIs are not significantly different.

4.2.2. Step 4

The first option is creating a new ward. The location of this ward in the hospital is still unclear. Because
of that, we cannot say what the total layout of the AMU should look like. According to a subject
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matter expert the layout of an AMU room is more similar to an MW room than to an ED room, because
patients that enter the AMU are stable. The differences between an AMU and MW are that patients at
the AMU still need diagnostics, and the AMU handles a broader range of patient specialties. The layout
is therefore similar to a standard MW layout, where you should consider turning points for the beds,
the width of the door for the beds, and the size of the room so the equipment fits within the space (e.g.,
cabinets, monitor equipment, a nightstand, etc.).

The second option is upgrading an existing ward that is close to the ED and only used from 8:00 till
20:00. We use this facility as AMU with a fixed dedicated period of 12 hours, and a fixed number of
beds (4 beds).

4.3. Advise

From the results we conclude that an AMU with an opening time from 20:00 till 8:00 does not work
properly. It only improves two KPIs, LoS>3h ED percentage improves by 0.1 percent, and the ED in
room waiting time improves by 80.82 seconds. These difference are almost negligible and therefore this
AMU setup is not sufficient.

An AMU that is 24/7 open, including a maximum LoS as admission criteria does show more improve-
ments compared to AMU with an open and closing time. However, every KPI reaches his optimum with
16 beds, except for the AMU occupation percentage which keeps decreasing. This can be seen from
Figures 10 and 11 and the figures located in Appendix C.2. This gives that 16 beds is optimal for this
situation. With 16 beds all KPIs are significantly improving, however there is no significant difference
in the designated period of 24 or 48 hours. We therefore compared the situation of 16 beds with a 24
hour designated period, as can be seen in Table 11.

ED occupation
percentage

ED blocking
percentage

LoS>3h ED
percentage

ED in room
waiting time

MW bed
occupation

Difference -1.01% -1.11% -1.62% -207.2 sec -6

Table 11: Mean difference between simulation without an AMU and the simulation model including an
AMU with 16 beds, a designated period of 24 hours, and the admission criteria does include a
maximum expected LoS of 48 hours.

For a 24/7 open AMU without a maximum expected LoS in the admission criteria, we see that almost
every KPI is continuously improving or deteriorating when increasing the number of AMU beds. Only
one KPI, the ED blocking probability, is stabilizing after 24 or more beds in the AMU. Comparing the
designated periods with each other, we see that a 72 hour designated period is the worst scoring setup
on every KPI compared to a 24 or a 48 hour designated period. We would expect an improvement at
the KPI MW bed occupancy however, the KPI scores are not significantly different compared to the KPI
scores from 24 or 48 hour designated period. Because of that, we would not advise to use a designated
period of 72 hours. Because the KPI ED blocking probability is stabilizing after 24 beds (for a 24 and
48 designated period), we advise to use at least 24 beds. The most promising designated period is 24
hours. Because, the KPIs ED blocking probability and Occupancy rate ED are not significantly different
compared to the 48 hour designated period however, having a 24 hour designated period is improving
the ED room avg waiting time, AMU blocking probability and LoS>3h MW. Because of that, our advise
is to have a 24 hour designated period with either 24, 32, or 40 beds. The improvements per scenario
are given in Table 12.
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Nr beds ED occupation
percentage

ED blocking
percentage

AMU occupation
percentage

AMU blocking
probability

LoS>3h ED
percentage

ED in room
waiting time

MW bed
occupation

24 -2.47% -3.23% 0.85 0.77 -3.13% -371.44 -17.06
32 -2.87% -3.57% -5.35% -5.52% -3.57% -459.79 -18.99
40 -3.48% -3.42% -12.77% -9.26% -4.10% -516.46 -23.03

Table 12: Mean difference between simulation without an AMU and the simulation model including an
AMU with 24, 32, and 40 beds, and a designated period of 24 hours. Because the current
situation has no AMU we compare the KPIs AMU occupation percentage and AMU blocking
probability with 24 beds as base.

An AMU will decrease the total LoS of patient in the hospital [3, 15]. However, no rule of thumb is
given on how much the LoS will improve. Bokhorst et al. [3] does mention improvements between 10
to 30 percent. Therefore, we give an indication on how much an AMU could improve when there is a
shorter LoS. We reduce the LoS after treatment at the ED by ten percent if a patient is assigned to the
AMU. The results are presented for a 24 hours designated period with 24, 32 and 40 beds, see Tables 13
and 14. The KPIs ED blocking percentage and ED occupancy rate show no significant difference. For
the KPI LoS>3h there is only a significant difference between 24 and 40 beds. All the other KPIs are
in every situation significantly different. The AMU shows however no improvement regarding the total
number of hospital beds. With 40 AMU beds the total number of hospital beds increases by 11. This
could be less, if the reduced LoS is more than 10 percent. Despite this downfall we would either go with
24 or 40 beds given that 32 beds does not always shows a significant difference compared to 24 beds.

Experiment
ED occupation

percentage
ED blocking
percentage

AMU occupation
percentage

AMU blocking
percentage

LoS>3h ED
percentage

ED in room
waiting time

MW bed
occupation

mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI mean 95% CI
24x24 0.509 [0.507,0.512] 0.140 [0.133,0.148] 0.852 [0.849,0.856] 0.7645 [0.764,0.766] 0.261 [0.258,0.265] 302.11 [296.88,307.36] 82.44 [81.79,83.09]
24x32 0.505 [0.502,0.51] 0.147 [0.146,0.15] 0.796 [0.793,0.801] 0.7129 [0.71,0.716] 0.255 [0.253,0.258] 219.58 [217.79,221.39] 75.82 [74.53,77.11]
24x40 0.499 [0.497,0.502] 0.138 [0.133,0.144] 0.726 [0.722,0.731] 0.6723 [0.67,0.675] 0.252 [0.251,0.254] 157.27 [154.28,160.28] 73.09 [71.61,74.58]

Table 13: KPIs with an improved LoS

Nr Beds EDoccPerc EDblockPerc AMUoccPerc AMUBlockPerc LoSPerc ED WTLoS MW Bed Occ
24 -2.30% -3.42% 0.85 0.76 -3.12% -372.92 -20.57
32 -2.63% -2.70% -5.53% -5.15% -3.69% -455.45 -27.19
40 -3.25% -3.62% -12.56% -9.22% -4.02% -517.77 -29.91

Table 14: Mean difference between simulation without an AMU and the simulation model including an
AMU with 24, 32, and 40 beds, and a designated period of 24 hours. Where we assume a 10
percent improvement regarding the patients LoS.

5. Discussion and conclusion

The AMU has a lot of benefits regarding patient satisfaction, reducing the LoS, and reduce unnecessary
admission. We introduced a four-step approach for the design of an AMU. This four-step approach
creates a clear overview on which decisions should be taken. Step 1 indicates which patients are allowed
on the AMU, which creates three patients streams, going from ED to the AMU to home, going from the
ED to the MW to home, and going from the ED to the AMU to the MW and finally home. In the case
study the admission criteria are based on specialty, age, and expected LoS. With step 2 we indicate the
necessary equipment, staff, and supporting processes for the AMU. For the case study having a nurse-
to-bed ratio of 1 over 3, where the AMU nurses have capabilities of an ED nurse. In step 3, the bed
reduction for the MW and necessary number of beds for the AMU are calculating using DES. In the
case study we advise to have 24, 32 or 40 AMU beds with a designated period of 24 hours. During step
4, we indicate where the hospital can implement the AMU to their hospital, this is for our case study
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however not yet determined. This proposed method determines the dimensions of an AMU. Note that,
all dimensions and boundaries can be personalized for each hospital. We validated and tested the four
step approach in a case study in a medium sized hospital in the Netherlands. The case study was used to
analyze the feasibility of an AMU in the hospital and test the effect of the 4 step approach in the design
of an AMU. The hospital self has not (yet) implemented the AMU in the hospital.

The first two steps are determined by the hospital itself. The admission criteria is an input for the
DES model. We could argue if a different admission criteria will change the performance of the model.
This, because we only considered two different admission criteria setups. However, Reid et al. [15]
reviewed multiple papers with different admission criteria where all papers showed improvement to the
hospitals performance. No optimal setup can therefore be given because the criteria differ in every situ-
ation. Therefore, it could be beneficial to try different admission criteria setups and look at performance
differences. The second step considers the facilities an AMU should have. The hospital decides which
facilities are necessary in an AMU where some indications are presented by literature. Such as, no
intensive monitoring, the AMU must be nearby the diagnostic department, and the use of telemetry is
important. It is also dependant on the admission criteria, allowing more critical patients to the AMU
obligates more advanced equipment at the AMU. An extension to this step can be a summery, or table,
of equipment/facilities that are necessary respective to the patients allowed on the AMU.

In step 3 the KPI results where not as promising as we hoped. Having 40 beds and a designated period
of 24 hours is only improving the ED blocking and occupation percentage by ≈ 3.5%, this including the
assumption that the patients LoS will improve by ten percent. However, according to Bonkhorst et al.
[3] this improvement is in line with the (limited) evidence that suggest an AMU will improve the KPIs
of the ED. Another factor is the increase of the total number of beds necessary in the hospital despite the
assumed ten percent improvement of the patients LoS. For 40 AMU beds the total number of beds in the
hospital will increase by 11, however, an AMU should improve efficiency [5, 15, 17]. Bokhorst et al. [3]
does mention a possible LoS improvement more than 10 percent (between 10-30 percent). However, we
do not know if this goes for all patients or just the patients that enter the AMU. Our assumption is that
the improvement is only for patients entering the AMU. But we could also made the assumption that,
due to less disturbance from the ED at the MW, the treatment time at the MW could also decrease, which
can reduce the LoS of a patient at the MW. This hypothesis was made by an expert to the corresponding
field, however not yet investigated. Also, the designated period of the AMU could be correlated to the
expected LoS reduction [3]. For example, will a longer designated period reduce the LoS even more of
patients, because they have a longer treatment time within the AMU?

The last step indicates how the layout of an AMU should look like. In the case study we did not
constructed a model to determine the optimal layout. The main reason is that the hospital does not know
where to locate the AMU and therefore this step is difficult to execute. From Anjos et al. [2] a Facility
Layout Problem (FLP) is well known, however, not much research is done regarding a hospital layout.
Therefore, a new research could be beneficial to show how an optimal layout can be created including
the ED, AMU, and MW.

The DES model is used to determine the number of beds. The model is only an approximation of the
reality. Where we assume there is no weekly or monthly seasonality. Not every hospital is the same,
where a hospital could have seasonality. Because of that we recommend to include seasonality into the
model.

The model determines the LoS in the ED based on historical data of the hospital. However, having
an AMU decreases this time given that patients do not have to wait for a transfer to the MW. The model
therefore first runs the actual treatment time of the patient, then decides whether or not the patient can go
to the AMU, if the patient goes to the AMU the patient will be discarded from the ED room and placed
at the AMU, if not the patient executes the waiting time within the ED room and is then placed at the
MW. This treatment time is determined by subtracting the waiting time from the total time. This waiting
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time is a random value based on two weeks of historical data, which is inaccurate. A proposed action is
to determine the treatment time distribution and the waiting time distribution as narrow as possible and
use these two values instead of a subtracting mechanism.

This approach can be used for every hospital, however an interesting extension can be the financial
aspects. Building a new AMU, or upgrading an existing ward to an AMU has financial consequences.
This is not considered in the model. At last to make the model more accessible, an interface could be
created. In here we can change parameters, admission criteria, arrival rate parameters etc. In this way
non-technical users can also understand the program.

The step wise approach can be used to design an AMU. In here it partly depends on the decisions a
hospital makes, regarding the admission criteria and facilities. Modelling the dimensions of the AMU is
still missing some essential information to see the full potential of an AMU. For example, the LoS re-
duction cannot be determined beforehand and is essential to the performance of the system. Concluding
from the results is that the AMU shows improvement to the ED and MW regarding blocking probability
and bed occupancy. However, there is still a total increase in the number of beds at the hospital. A
next research can show what the LoS improvement will be in the hospital and if a bed reduction, and
therefore treatment efficiency, will improve.
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A. Appendix A

Discharged ALL CAR CHI GER INT KIN KNO LON MDL NEU OOG ORT PLA URO
Discharged 0.981 0.492 0.817 0.184 0.479 0.586 0.796 0.383 0.370 0.486 0.978 0.607 0.787 0.554
Admission 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Table 15: Change of discharge per specialty. Based on a uniform distribution a patient will either be
discharged or moved further downstream the hospital.

Age ALL CAR CHI GER INT KIN KNO LON MDL NEU OOG ORT PLA URO
0 0.000 0.000 0.002 0.000 0.000 0.394 0.004 0.000 0.000 0.000 0.006 0.001 0.003 0.000
5 0.000 0.000 0.052 0.000 0.000 0.802 0.087 0.000 0.000 0.000 0.000 0.002 0.115 0.004
10 0.000 0.000 0.118 0.000 0.000 0.895 0.116 0.000 0.000 0.000 0.000 0.008 0.154 0.019
15 0.000 0.000 0.196 0.000 0.001 1.000 0.141 0.001 0.001 0.001 0.000 0.022 0.000 0.047
20 0.094 0.015 0.274 0.000 0.033 0.000 0.214 0.024 0.026 0.031 0.111 0.050 0.238 0.081
25 0.296 0.041 0.357 0.000 0.090 0.000 0.286 0.062 0.082 0.076 0.172 0.073 0.311 0.122
30 0.478 0.067 0.428 0.000 0.144 0.000 0.374 0.108 0.139 0.118 0.256 0.091 0.350 0.170
35 0.579 0.096 0.484 0.000 0.192 0.000 0.446 0.153 0.198 0.161 0.322 0.116 0.426 0.221
40 0.648 0.126 0.530 0.000 0.236 0.000 0.496 0.191 0.245 0.200 0.372 0.135 0.465 0.256
45 0.711 0.165 0.572 0.000 0.282 0.000 0.541 0.233 0.295 0.245 0.428 0.158 0.535 0.299
50 0.780 0.215 0.619 0.026 0.339 0.000 0.578 0.290 0.365 0.299 0.500 0.199 0.613 0.348
55 0.843 0.276 0.672 0.000 0.398 0.000 0.614 0.360 0.442 0.361 0.556 0.250 0.709 0.402
60 0.899 0.361 0.724 0.000 0.465 0.000 0.654 0.450 0.510 0.427 0.672 0.317 0.779 0.470
65 0.943 0.444 0.770 0.044 0.539 0.000 0.704 0.556 0.591 0.506 0.811 0.415 0.866 0.535
70 0.000 0.537 0.815 0.000 0.619 0.000 0.760 0.667 0.677 0.590 0.883 0.519 0.913 0.630
75 0.000 0.645 0.862 0.114 0.713 0.000 0.824 0.775 0.774 0.692 0.933 0.654 0.933 0.725
80 0.000 0.765 0.903 0.281 0.810 0.000 0.879 0.874 0.853 0.795 0.000 0.764 0.969 0.826
85 1.000 0.887 0.942 0.579 0.904 0.000 0.924 0.950 0.930 0.892 0.989 0.883 0.992 0.924
90 0.000 0.962 0.977 0.860 0.967 0.000 0.980 0.984 0.975 0.969 1.000 0.970 0.997 0.979
95 0.000 1.000 0.995 0.982 0.996 0.000 0.994 0.997 0.998 0.995 0.000 0.996 1.000 0.994

100 0.000 0.000 1.000 1.000 1.000 0.000 1.000 1.000 1.000 1.000 0.000 1.000 0.000 1.000
105 0.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000 0.000 0.000

Table 16: Percentage of occurrence age per specialty. Based on a uniform distribution the patient will
receive the age at the start of the model.

Triage ALL CAR CHI GER INT KIN KNO LON MDL NEU OOG ORT PLA URO
0 0.000 0.008 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
1 0.113 0.116 0.092 0.096 0.060 0.034 0.056 0.044 0.016 0.075 0.433 0.030 0.053 0.032
2 0.635 0.513 0.165 0.289 0.283 0.250 0.146 0.352 0.199 0.400 0.544 0.145 0.176 0.184
3 0.881 0.918 0.584 0.754 0.770 0.751 0.511 0.846 0.720 0.840 0.817 0.622 0.583 0.643
4 0.994 0.995 0.962 1.000 0.983 0.985 0.933 0.989 0.990 0.989 0.983 0.958 0.927 0.980
5 1.000 1.000 1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Table 17: Percentage of occurrence triage per specialty. Based on a uniform distribution the patient will
receive the triage score at the start of the model.

27



B. Appendix B

ArrHour Factor
0 0.304
1 0.276
2 0.242
3 0.233
4 0.224
5 0.213
6 0.212
7 0.223
8 0.301
9 0.565
10 0.771
11 0.849
12 0.842
13 0.844
14 0.872
15 0.936
16 1.000
17 0.914
18 0.679
19 0.590
20 0.575
21 0.548
22 0.485
23 0.409

Table 18: Thinning procedure, change of accepting a patient per hour
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C. Appendix C

C.1. No maximum LoS Admission criteria

Figure 14: Percentage of patient with a LoS
longer than 3 hours per scenario.

Figure 15: Occupancy rate in the ED per
scenario.

Figure 16: The AMU blocking probability per
scenario.

Figure 17: AMU occupancy percentage per
scenario.

Figure 18: Average in ED waiting time per
scenario.
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C.2. Including Maximum LoS

Figure 19: Percentage of patient with a LoS
longer than 3 hours per scenario.

Figure 20: The ED blocking probability per
scenario.

Figure 21: The AMU blocking probability per
scenario.

Figure 22: The AMU occupancy percentage per
scenario.

Figure 23: Average in ED waiting time per
scenario.
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