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ABSTRACT

In this paper we present an aggregate simulation
model for a real-life emergency department, which is
based on the concept of effective process times and
which uses a token system to model patients claim-
ing multiple resources simultaneously. Although it
has been developed for a specific hospital, the model
is flexible, and capable to describe different set-
tings. The modeling steps, model specification and
model validation are explained in detail. By using
a process-based simulation language, the resulting
model is transparent, intuitive and easy to use in
quantitatively evaluating proposed changes in the
operational processes of the emergency department.

Keywords: Aggregate modeling, effective process
time, health care, simulation, simultaneous resource
possession.

1 INTRODUCTION

Due to rising costs, the health care sector is forced
to work more efficiently and to better utilize their
resources. Therefore, LEAN principles have been
introduced in health care. Also at the Emer-
gency Department (ED) of the Catharina Hospi-
tal in Eindhoven (CZE) the LEAN concept has
been introduced to improve operational processes
(Wolleswinkel 2012). The aim is to streamline oper-
ational processes, i.e., to eliminate unnecessary op-
erations to achieve better performance using existing
resources.

To support decision making in process improve-
ment programs, simulation has proved to be an ef-
fective tool (Brailsford 2007, Duguay and Chetouane
2007, Sinreich and Marmor 2005). A literature re-
view on the use of simulation and modeling in the
health care domain can be found in (Jun et al. 1999,
Brailsford et al. 2009, Brailsford and Vissers 2011),
showing evidence that simulation and modeling are
growing in popularity. This approach is also followed
for the CZE: we develop a simulation model for the
ED, based on actual data from the electronic hospital

information system (EZIS), and exploit the concept
of effective process time (EPT), cf. (Hopp and Spear-
man 2008). The basic idea is that the various details
of patient treatment times are not modeled in detail,
but their contribution is aggregated into an EPT dis-
tribution, the parameters of which are directly es-
timated from the available data. This concept has
been originally developed in semi-conductor manu-
facturing (Jacobs et al. 2003, Etman et al. 2011). Its
applicability in health care modeling, in particular
for an MRI department, has recently been explored
in (Jansen et al. 2012), and it is further investigated
in the current paper. Characteristic features of the
ED are that (i) patients simultaneously require mul-
tiple resources (e.g., treatment room, nurse, physi-
cian) and (ii) nurses and physicians can spread their
attention over multiple patients. We propose a novel
token system to model the above mentioned features
of simultaneous resource possession and multi servic-
ing, a concept which has also been instrumental in
analyzing multi-server queueing systems with con-
currency constraints (Berezner et al. 1995). This
token system, in combination with EPTs, describes
the ED at an aggregate level, suitable and suffi-
ciently flexible to support the improvement program
of CZE, and it distinguishes the current model from
other, typically more detailed models proposed in the
literature, cf. (Duguay and Chetouane 2007) and the
references therein.

The resulting model, specified in the process-
based simulation language Chi 3.0 (Hofkamp and
Rooda 2012), is transparent, flexible and intuitive,
and hence, in the spirit of the principles set out in
(Sinreich and Marmor 2005). It can be used to inves-
tigate the capacity level needed to deliver the health
care services within the target times set by the hos-
pital management. The capacity consists of (ED-)
physicians, (ED-)medical interns, (ED-)nurses and
treatment rooms. Using this model, it is possible to
address questions such as, for example:

• What capacity is at least required on a typi-



cal Monday to meet the target maximal waiting
times?

• How much does the waiting time decrease if the
number of nurses increases?

• How does the waiting time change if patients
arriving by ambulance are treated with the same
priority as other patients?

In the next section we will first explain the mod-
eling steps and challenges. Then, in Section 3, the
model is validated, and its decision supporting power
is demonstrated in Sections 4-5.

2 MODELING

As mentioned in the introduction, we developed a
simulation model of the ED of the CZE. Before we
introduce this model, we first describe in more detail,
and through the eyes of an arriving patient, what
happens at the ED of the CZE (and what is also
typical for EDs at other Dutch hospitals). The pa-
tient flow is described using the map in Figure 1a,
and the patient flowchart, shown in Figure 1b. Prior
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Figure 1a: Map of the
Emergency Department
of the CZE.

Figure 1b: Schematic
view of the patient flow
in an ED.

to the actual arrival, for most referred patients, it is
already known that they will arrive in the near fu-
ture. The paramedic or general partitioner contacts
the senior nurse in order to keep him/her up-to-date.
The senior nurse then adds a new entry to EZIS. New
patients arrive by own transportation or by ambu-
lance. Both patient flows register at the reception.
At that time, patients are also logged in on EZIS.
This means that the patient is physically present at
the ED.

After registration, the patient will wait in the
waiting room. Generally, patients go in order of ar-
rival to the triage room to undergo triage according
to the Dutch Triage Standard. This system uses four

emergency levels: acute (red), urgent (yellow), stan-
dard (green) and non urgent (blue). When finished,
the patient returns to the waiting room. If a nurse
is free and a treatment room is available, the nurse
picks up the longest waiting patient with the high-
est priority to accompany him/her to the treatment
room.

Paramedics, transporting patients by ambu-
lance, have to wait at the reception before the pa-
tient can be dropped off at a treatment room. The
target maximal waiting time is 15 minutes for these
patients. This patient flow is not drawn in Figure 1b.
In the current situation, patients arriving by ambu-
lance are served with priority over patients in the
waiting room.

When the patient has arrived in the treatment
room, the treatment process starts and the nurse
ensures that the patient is installed properly in the
emergency room. In some cases, the nurse already
starts up a few small examinations, such as taking
a blood sample. Next, a physician visits the patient
for a first evaluation of the complaints, in most cases
done by the medical intern. After consultation with
a medical specialist, it is decided which extra exam-
inations are needed, e.g. an X-ray. When the tests
are finished and the results are reviewed, the physi-
cian determines what treatment is needed to cure the
patient. If the physician is uncertain about the com-
plaints and how to treat, then a medical specialist
of another speciality is paged to examine and treat
the patient. During the treatment, the responsible
nurse keeps monitoring and nursing the patient when
needed.

When the treatment is finished, several options
are possible. A patient can go home and the nurse
can schedule a follow-up appointment at the general
partitioner or at the policlinic. Another option is
that the patient has to stay for hospitalization, or
is transported to another hospital. In those cases,
the patient can only leave if a nurse from the ward
or a paramedic has arrived to pick up the patient.
During the delay that occurs, the treatment room
stays occupied and is therefore not available for a
new patient.

The above way of working at the ED of the CZE
forms the basis of our model. However, we are lim-
ited by the available data in EZIS. In the remainder
of this section we outline how the available data is
incorporated in our model. In particular, limited
or no data is available on the activities taking place
while the patient is in the treatment room (e.g., num-
ber and duration of visits of the responsible nurse
and physician), though the entrance and exit time
of the patient in the treatment room are accurately
recorded. Therefore, we will lump the treatment
room process in the blue box of Figure 1b) into a
single EPT distribution. The parameters of this dis-
tribution, however, depend on several patient char-



acteristics. This calls for further lumping, which will
be done by application of data mining techniques, as
described in Section 2.2.

2.1 Patients arrivals and diversity

In Figure 2 we show the average number of patient
arrivals from Monday to Sunday, as well as the dis-
tribution of patients over the most important spe-
cialities. In 2011, over 20 different medical special-
ities were consulted. In our simulation model, only
the 11 most visited specialities are included. The
ones that are left out have, on average, less than one
patient visit per day. The included specialities are
surgery, internal medicine, cardiology, orthopedics,
pediatrics, lung diseases, neurology, urology, gyne-
cology, plastic surgery and geriatrics. From Figure 2
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Figure 2: Patients per specialism on the different week-
days.

it can be observed that the number of patient ar-
rivals on Monday and Friday are significantly higher
than on the other days. Also, a significant difference
in these numbers for both surgery and orthopedics
can be seen. This is due to agreements between the
surgeons and orthopedists: on Monday, Wednesday,
and Thursday more patients are seen by the ortho-
pedist, whereas on the other days, these patients are
seen by the surgeon.

As mentioned before, a triage system is adopted
as waiting room control system, using four emer-
gency levels: acute (red), urgent (yellow), standard
(green) and non urgent (blue). The percentages of
respectively red, yellow, green and blue patients vary
over the different medical specialities, as can be seen
in Figure 3.
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Figure 3: Triage color distribution per speciality.

Figure 4 shows that the arrival rate of patients
strongly varies over the day, say from 1 patient per
hour during the night, up to 10 patients per hour

during peak office hours. Clearly, this rate also de-
pends on the specific day of the week. We there-
fore model the patient arrivals as an inhomogeneous
Poisson process (Alexopoulos 2008), with piecewise
constant arrival rates during one hour, where we dis-
tinguish between ambulance arrivals and arrivals by
own transportation. For each day of the week, the
hourly arrival rates come from EZIS data. To each
arriving patient we assign its required speciality and
triage color, according to probabilities which can be
read from Figure 2 and Figure 3.
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Figure 4: Patient arrival rates on Monday, Wednesday
and Sunday.

2.2 Treatment times
Statistical analysis shows that the total treatment
times of patients (while being in the treatment room)
depend on several factors: medical speciality, triage
color, age, type of attending physician (ED-physician
or other medical specialist), the number of patients
currently treated by the physician, and whether the
patient requires a second consult or not. The depen-
dence on the number of consults during treatment is
illustrated in Figure 5, depicting the empirical distri-
butions of total treatment time for patients requiring
one and two consults, respectively. As expected, the
total treatment time for patients with one consult
is (stochastically) smaller than the total treatment
time for patients with two consults, cf. (Ross 1995).
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Figure 5: Empirical distribution of total treatment time
for patients requiring one and tow consults, respectively.

This combination of factors that have an effect
on the treatment time leads to almost 7000 treat-



ment groups. Since the ED has been visited by
34.000 patients in 2011, that gives, on average, 5
treatment time realizations per group. Hence, it is
unreliable to sample treatment times from empirical
data or fitted (EPT) distributions for these groups.
To cope with this problem, the data mining tech-
nique of recursive partitioning has been used. The
package ‘rpart’ (Therneau et al. 2012) of the sta-
tistical software program R (Gentleman and Ihaka
2012) has been used to generate a decision tree, that
specifies the partitioning. The first part of this tree
is shown in Figure 6. In the root, all groups are

Figure 6: Part of the treatment time decision tree.

lumped together. Then, in each decision step, the
current group is split into two groups by the factor
with the highest influence on the mean treatment
time. The ‘n’ in a leaf denotes the number of pa-
tient treatment times that fit into that group. The
‘t’ stands for the mean of the treatment times into
that group. The entire tree can be found in (Tim-
mermans 2012b,Appendix A); it consists of only 37
leaves, each containing patient treatment times from
many groups. The treatment time of each group is
now assumed to be Gamma distributed, fitted to the
mean and variance of all treatment times in the cor-
responding leaf. As a result, many of the almost
7000 groups use the same, but now reliably fitted,
treatment time distribution.

2.3 Resource capacity
Nurses, but also physicians, are capable of handling
multiple patients simultaneously. To capture this
‘multi-processing’ feature, we adopt a novel and flex-
ible token system to model the capacity of the physi-
cians, nurses and triage nurses. To start the treat-
ment, a patient claims a combination of tokens repre-
senting the resources that are simultaneously needed.
Four nurse tokens are used to represent one nurse,
because (s)he can treat a maximum of four patients
at the same time. So each patient needs one nurse
token. Moreover, the triage nurse, senior nurse and
physician are modeled as respectively one, two and
two or three tokens. So, the simulation model uses,
for example, 20 nurse tokens to represent 5 nurses.
Note that the token system describes the capac-
ity claim by patients at an aggregate level: nurse
and physician capacity are claimed during the treat-

ment, but the number and duration of visits dur-
ing the treatment are not modeled. In other words,
nurses and physicians can spread their capacity (to-
kens) over multiple patients present in the treatment
rooms, but we do not exactly model how and when.

Each patient demands one triage nurse token
during the triage process and one nurse and one
physician token during treatment. An exception is
made for acute (red) patients. They demand more
intensive care for the first 15 to 30 minutes of their
treatment. So, all red patients claim more tokens for
the first part of the treatment.

Not only the arrival rate is different for each
hour of each day of the week, the model also assumes
a different working roster for each weekday. The
roster specifies the available capacity at each point in
time during the day. For example, the staffing levels
are lower at night. Also the transfer from night to
morning shift is taken into account by decreasing the
available capacity between 7:30h and 9:00h.

2.4 Discrete-event simulation model
For specifying our discrete-event simulation model
we used the programming language Chi 3.0, see
(Hofkamp and Rooda 2012), which is an instance of a
parallel processes formalism. A system is abstracted
into a model, with cooperating processes, connected
to each other via channels. The channels are used for
exchanging material and information. The model of
the ED consists of a number of concurrent processes
connected by channels, denoting the flow of patients
or information.

The process to simulate a single day of the ED
at CZE, is depicted in Figure 7. It consists of the
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Figure 7: The process to simulate a single day. Patients
are transferred using the green channels, other informa-
tion uses the purple channels.

generators G, the arrival process delay D, the waiting
room W, the triage process T, the treatment rooms
R and the exit E.

The generators Gk represent the arrival pro-
cesses and create not only the individual patients
with a certain arrival rate, but also their attributes
(such as, e.g., speciality, triage color, age). The first
generator creates patients arriving by ambulance and
the second one generates patients arriving by own
transportation. A new patient is sent via D to the
waiting room W. The delay process D represents the
time needed to register a new arrival.



The waiting room process keeps track of all
waiting patients and of the availability of the re-
courses. It uses this information to determine when
and which patient will go to the triage process or
to the treatment room first. The triage process T
receives patients from the waiting room and sends
the patients back after a certain amount of time, re-
quired for performing the triage. A triage can start if
both the triage room and triage nurse are available.
When the triage is completed, the waiting room pro-
cess is informed that the triage nurse and triage room
are available again. Process DT is used to sample
the triage time. If the treatment can start, the pa-
tient is sent to one of the treatment rooms Rn. The
update process U is used to report staffing changes
to process W. The waiting room W also receives in-
formation from T and Rn about their availability.

The treatment rooms are modeled individually
and each room can be occupied by one patient at
a time. Treatment room R receives a patient and
requires nursing and physician capacity. The treat-
ment itself is modeled as a time delay for the pa-
tient, an occupation of nursing and physician tokens
and an occupation of the treatment room. The to-
tal number of available tokens is decreased by the
number of tokens required by the patient for the en-
tire treatment time. As mentioned in Section 2.3,
red patients need more capacity for the first part of
their treatment. If this first part is finished, the re-
quired capacity is reduced to normal level, i.e., to one
nurse token and one physician token. For patients
that need a second consult, the speciality of required
physician capacity is changed when the treatment is
halfway. Process DT is also used to sample the treat-
ment time. After (and possibly during) this delay,
capacity is released again and process R informs the
waiting room.

When the treatment is finished, the patient goes
to the exit E. This represents the departure of a pa-
tient. The patient either goes home or is hospital-
ized. The exit process sends information to the print
process P which takes care of the simulation output.
Next, the print process also signals when the system
is empty and a new simulation day can start.

Note that the available resource capacities (such
as, number of triage and treatment rooms, (triage)
nurses, physicians, and so on) are model parame-
ters, which can be easily adapted to the situation at
hand. For more details on the model and code, see
(Timmermans 2012b,Chapter 3 and Appendix B).

3 MODEL VALIDATION

The model has been validated by (i) team discus-
sion, and (ii) comparing the model output with the
historical data.

The simulation structure and the results have
been discussed in several team discussions. Hospi-
tal managers, the head of the ED, ED-physicians

and senior nurses have been involved in these dis-
cussions. During these meetings, a software package
was used for the analysis of historical and simulation
data. The software package consists of three tools,
see Figure 8. The first tool is an Excel program to
transform historical data into input files for the other
two tools. The second tool is the simulation model
implemented in the language Chi 3.0 (Hofkamp and
Rooda 2012). The third one has been developed in
R (Gentleman and Ihaka 2012) to visualize and ana-
lyze historical and simulation output data. For more
information, see the software package manual (Tim-
mermans 2012a).
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Figure 8: Software package containing Excel, Chi 3.0 and
R tools.

As a result of these discussions, most assump-
tions were confirmed, but the meetings also led to
new insights, such as, e.g., the need of a separate
stream for patients arriving by ambulance. Also,
these patients get a higher priority while waiting.
Another remark during the discussions was that not
all treatment rooms are used equally. Some rooms
are more suitable for gynaecology or otolaryngology
patients and other rooms are more often used for
small traumas. The latter, however, has not been
taken into account in the simulation model.

As part of the validation, the historical data
and simulation output are compared. As mentioned
in Section 2.1, Monday and Friday are the busiest
days. Therefore, the results of the simulated Mon-
days are used in this section to show the match be-
tween historical data and simulation results. All col-
ored bands shown in the figures are the 95% confi-
dence intervals.

In Figure 9a and Figure 9b, the historical and
simulated average occupations are given for patients
that are present in the waiting room, present in the
treatment rooms and for the total number of patients
at the ED. The results for the first hours of the day
are different because the simulated ED begins each
day empty. Starting from 9:00h, the waiting room
fills to approximately five patients in the afternoon,
on average. Both figures show that the waiting room
is empty at the end of the day and that there are on
average around 7 patients present in the treatment
rooms during the day. Next, the waiting times are
discussed. As can be seen in Figure 10a and Fig-
ure 10b, the distributions of the waiting times for
yellow patients give a relatively close match. Similar
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Figure 9a: Historical
average occupation of
patients on Monday.

Figure 9b: Simulated
average occupation of
patients on Monday.

results can be obtained by comparing other patient
categories. In Figure 11, the average cycle time fac-
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Figure 10a: Historical
waiting time for yel-
low patients arriving on
Monday.

Figure 10b: Simulated
waiting time for yel-
low patients arriving on
Monday.

tor (Hopp and Spearman 2008) is plotted during the
day. This factor is the total time a patient is present
at the ED divided by the treatment time, and thus
provides an indicator of logistic efficiency. If, for pa-
tients starting their treatment at time t, this factor is
close to one, their waiting time is short compared to
their treatment time. Figure 11 shows a good match
between historical and simulated data. During peak
hours the cycle time factor raises to 1,5-2.0, which
is, in terms of manufacturing, a good performance.
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Figure 11: Cycle time factor for historical and simulated
patients on Monday. The colored band represents the
95% confidence interval. The patient’s cycle time factors
are located according to the time their treatment starts.

4 ANALYSIS OF 2011
In addition to the simulation model, a tool for anal-
ysis of simulation output has been developed in R,
see also Figure 8. The output is processed and adap-
tive plots are created using the R package playwith.
That tool has been used to conduct the analysis in
this section. By means of this tool, improvement
opportunities can be evaluated, such as, for exam-
ple, opportunities to reduce waiting times, to reduce
the number of patients waiting or to improve the uti-
lization of treatment rooms or nursing capacity. Here
we restrict ourselves to investigating opportunities to
reduce the percentage of yellow and green patients,
present on Monday between 10:00h and 20:00h, that
exceed the target maximal waiting time of respec-
tively 60 and 120 minutes. This time window is cho-
sen, because it is one of the busiest moments at the
ED.

Before investigating possible improvements,
first the original situation is simulated. The simula-
tion results for Monday are shown in Figure 12. One
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Figure 12: Unadapted simulation results on Monday.

can see that over 8% of the yellow patients exceed
the target maximal waiting time. The vertical black
dotted lines in the plot on the right mark the time
interval of 10:00h to 20:00h. Possible opportunities
for improvement are, e.g., more treatment rooms,
no priority for ambulance patients, more nursing ca-
pacity, more physician capacity and treatment time
reduction, or a combination of these opportunities.
Below we only investigate the effect of an extra treat-
ment room and treatment time reduction.

4.1 Extra treatment room
To investigate the effect of more treatment room ca-
pacity, simulation is performed with one extra room,
19 in total. It turns out that the presence of one ex-
tra room is effective, as it reduces the number of
green patients exceeding the target maximal waiting
time decreases by 20.3%.

4.2 Treatment time reduction
As mentioned in the introduction, the LEAN con-
cept has been introduced in the CZE to improve op-
erational processes (Wolleswinkel 2012). The aim is
to eliminate unnecessary operations to achieve bet-
ter performance using existing resources. This ap-



proach can, for example, result in a reduction of the
treatment time by 10 minutes per patient.

One way to potentially achieve this reduction is
to shorten the time for hospitalization. This time
starts from the moment that the treatment actually
finishes until the patient is picked up by the nurse of
the ward. About 30% of the patients, mostly elderly,
are hospitalized.

A simulation is performed in which the treat-
ment time per patient is reduced with 10 minutes.
The results are shown in Figure 13. The number
of waiting patients as well as the number of occu-
pied treatment rooms is decreased. The percentage
of patients that exceed the target maximal waiting
time is reduced to 6.55% and 5.49% for respectively
yellow and green patients, i.e., a reduction of 21.0%
and 42.0%.

If the treatment time is increased by 10 minutes
per patient, an opposite result can be observed. This
increase results in 9.12% and 14.76% of the yellow
and green patients exceeding the target.
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Figure 13: Simulation output for 10 minutes treatment
time reduction per patient.

5 SCENARIO ANALYSIS
In the previous section, the simulation model has
been used to investigate improvements based on the
2011 situation. Alternatively, by modifying the in-
put files for the simulation, different trial scenarios
can be studied, such as:

• In general, older patients have longer treatment
times. What effect has an increase of ED visits
by elderly patients, due to the aging population?

• What extra capacity is needed if a neighboring
ED closes and the CZE ED has to partially take
care of their patients?

• What if the average urgency of patients in-
creases? For example, due to less self-referrals.

• What if more accurate triage results in less sec-
ond consults and thus in a decrease of treatment
times?

• What capacity of ED-physicians is needed
if more patients are consulted by the ED-
physician instead of the specialist of the attend-
ing medical speciality.

Here we consider the second and third scenario only:
An increase of the arrival rate and an increase in
average urgency.

5.1 Scenario: Increasing arrival rate
We consider the scenario: What happens if a neigh-
boring ED has to (temporarily) close? This closure
can be caused by a MRSA-outbreak or by financial
cutbacks. In this case we assume that the introduced
closure results in an increase of 15% in patient ar-
rivals. The growth of patient arrivals by 15% re-
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Figure 14: Simulation output for the CZE ED on Mon-
day with a 15% growth of patient arrivals.

sults in a large increase of waiting times, as shown
in Figure 14. On average, there will be more than 12
patients waiting during peak hours. 22.42% of the
green patients, present between 10:00h and 20:00h,
exceed the target waiting time. For yellow patients,
the percentage is 10.97%.

5.2 Scenario: Increasing urgency
Since the general partitioner (GP) is first care and
the ED is second care, patients are not supposed to
visit the ED by self-referral. To reduce this group,
GPs and EDs try to provide patients better informa-
tion and the national government is planning to ask
an extra charge for self-referrals. In this scenario, we
assume that these actions lead to a shift in patient
mix: more urgent (red and yellow) patients and less
standard (green and blue) patients, as the latter are
more likely to understand that their GP is also able
to provide proper treatment. Figure 15 shows that
the percentage of green patients exceeding the target
time has become larger, which is as expected, since
there are relatively more higher priority patients.

6 CONCLUSIONS
In this paper we developed a simulation model, and
we explained modeling challenges and solutions, im-
plementation issues and usage. The resulting process
description in the simulation language Chi is trans-
parent, flexible and intuitive, and therefore more eas-
ily accepted by its potential users. Also, the use
of the visualization and data analysis capabilities of
software package R appeared to be crucial to the ac-
ceptance of the model. We can conclude that the
developed simulation model, equipped with the user
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Figure 15: Simulation output for a shifted triage distri-
bution to relatively more urgent patients.

interface developed in R, bears the promise to play
an important role as decision support tool in the pro-
cess improvement program at CZE, and possibly also
at other hospitals.

Currently there is a discussion in the Nether-
lands on reducing the number of EDs. Simulation
models, like the one in this paper, can support this
discussion by quantitatively evaluating the (logistic)
effects of proposed closing or merging of EDs, or by
comparing the efficiency of EDs.
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