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Chapter 1

Introduction

1.1 The context of the research

Since democracy in 1994, the South African government has promised im-
proved healthcare access to the general public at a minimum of cost. How-
ever, this has proven to be rather difficult, due to a number of factors in-
cluding scant resources (human and otherwise), oversubscription of services,
and an ineffecient, poorly understood referral system.

In its current context, the health system consists of three levels: Level
1 or primary care hospitals and clinics, Level 2 hospitals, and Level 3 hos-
pitals. Level 1 hospitals and clinics are day hospitals which are unequipped
to handle any sort of surgery or serious illnesses. Level 2 hospitals are bet-
ter equipped and are able to handle some surgery, and can accommodate
patients overnight. Level 3 hospitals are fully equipped to handle any sort
of illness or surgery. In the current system, patients are supposed to first
go to a Level 1 hospital, which is then instructed to send them to a Level
2 hospital if they cannot be accommodated. The Level 2 hospitals are then
instructed to send the patients to a Level 3 hospital only if they cannot deal
with them. In theory, the patient allocation should be as in Figure 1.1 (data
provided by Chief Logistics Officer, Groote Schuur Hospital).

This research takes place in Groote Schuur Hospital; a state-funded Level
3 teaching hospital located in Cape Town, South Africa. The reality for a
hospital such as Groote Schuur is that they are currently seeing 20-25% of all
patients seeking public medical care in Cape Town instead of the less than
5% that they should be seeing. This is due to a number of reasons which
will not be mentioned here. As can be imagined, this places a considerable
strain on the existing resources of the hospital. As such, these hospitals are
constantly seeking ways in which they can increase their efficiency whilst
maintaining their current resource use.



Level 2

10-15%

Level 1 or Primary Care

80 - B5%

Figure 1.1: Theoretical patient allocation in the South African health system

1.2 The research projects

One of the big problems at an institution such as Groote Schuur is the lack
of resources. Due to this fact, most of the existing resources are directed at
‘keeping the ship afloat’. In other words, there is not a lot of effort given to
updating existing methods which have worked to some degree in the past.
However, precisely because of this fact, there are a number of areas which
could be drastically improved if there were someone who had the time and
tools to analyse them. With this in mind, the Chief Logistics Officer(CLO)
at Groote Schuur approached the Operational Research group in the De-
pratment of Statistical Sciences at the University of Cape Town to see if
there were some projects on which they could work together. After some
consideration, three possible projects emerged:

e Qutpatient department mapping

e Staff scheduling



e Quantifying kangaroo mother care

1.2.1 Outpatient department mapping

Over a year, some 500 000 patients attend more than 100 clinics in the out-
patient unit. The problem which exists here is that some weeks are very
busy, while others are very quiet, in a manner which is difficult to predict.
Obviously this variation has profound effects on staffing and downstream
services such as the pharmacy. It is felt that a probable cause of this prob-
lem is the current appointment system. In order to analyse this problem, we
would look at building a simulation of the outpatient department, and then
use this to evaluate different appointment scheduling systems, and possibly
different areas of the clinics which could be improved.

1.2.2 Staff scheduling

Groote Schuur has a staffing complement of close on 2000 nurses and about
800 doctors. Due to the 24 hour service which the hospital provides, shift
allocation for staff becomes a major task for all senior staff to coordinate.
These shift rosters are drawn up manually, incorporating various constraints
on the shifts along with requests from the staff. This obviously takes up a
lot of time each month. The approach to this problem would be to formulate
a linear programming model which incorporates all of the constraints and
requests, and solves the problem electronically.

1.2.3 Kangaroo mother care

Kangaroo mother care is a specific method used within hospitals to care
for newborn babies involving contact and support between the mother and
her baby. It is understood that there is a complex relationship between the
mother’s willingness/ability to deliver good kangaroo mother care to her
newborn infant and a host of other factors such as socio-economic standing,
gravidity, age of mother, and so on. The difficulty is that the relationship
between these factors and the outcome (good kangaroo mother care) is ill-
defined. The problem here would be to develop a model which combines
quantitative and qualitative factors, and enables the hospital to predict if
the mother will be able to deliver good kangaroo mother care to her new-
born infant.



1.3 Deciding on a project

After due consideration of the various projects in terms of available data,
and requisite skills required, it was decided to tackle the problem of out-
patient department (OPD) mapping. In order to build a simulation model
of the OPD at Groote Schuur, it was necessary to spend some time there
observing the various processes, and speaking to some of the staff members.
In the course of this, it also became apparent that it would be beneficial to
begin by using Soft Systems Methodologies (SSM) in order to structure the
problem. This was mainly because the problem was not very clear from the
beginning.

It soon became clear that this project was a major undertaking, and
would require a lot more work than was initially thought. As mentioned
before, there are over 100 clinics in the OPD, and analysing each of them
would be impossible. Therefore, it was decided to downscale the project to
only 1 or 2 clinics which would be analysed more closely. We then began
to build a simulation model of the OPD floor itself, bearing in mind that
models of the relevant clinics would be added to this initial model at a later
stage. An SSM analysis was also underway at this time.

At this point, the CLO examined our progress, and thought that this
simulation method would be relevant to another problem which was hap-
pening in the hospital. The Emergency Department(ED) was experiencing
problems with excessive patient waiting times with no readily identifiable
cause. The CLO thought that this was a more pressing problem, and one
which could be more easily solved than the problem in the OPD. It must
also be mentioned that we were experiencing problems with accessing cer-
tain data for the OPD problem at this stage, and that relevant data were
more easily accessible for the ED problem.

Therefore, it was decided to concentrate on the ED problem, and wait for
the data to become available in the OPD. As it turned out, that data never
became available, and the problem in the ED proved to be of sufficient scale
to warrant a full problem solving approach. So, the research in the OPD
was dropped in favour of a full problem solving approach to investigating
the efficiency in the ED.

1.3.1 The emergency department problem

It was decided to adopt a similar approach to tackling the problem in the
ED as we had begun to use for the OPD. Therefore, we will begin by struc-
turing the problem using SSM. It will not be necessary to conduct a full



SSM intervention; we will rather use parts of SSM in order to make our
approach to the problem clearer. This will involve identifying and meeting
with stakeholders within the ED itself in order to find out their views on
the issues.

Once the problem has been structured, it will be necessary to begin gath-
ering data for the purposes of building a model of the ED. There should not
be the same problems with accessing data as was experienced in the OPD.
However, it is likely that at least some of this data will need to be based
on expert estimation. Once the data have been collected, we will be able to
build a discrete event simulation model of the ED in Simul8. This model
will then need to be validated through various sensitivity tests. After these
have been performed, we can begin to conduct experiments on the model.
These experiments should help us to determine the problem areas which are
impeding the efficient working of the system.



Chapter 2

Literature Review

2.1 Introduction

Hospital outpatient and emergency departments have long been a logical
area for the application of operational research(OR). Indeed, the operation
of outpatient departments (OPDs) was one of the first areas in which OR
was applied. As early as 1952, Bailey [13] found that doctors’ consultation
times could be adequately described by a Pearson distribution. Therefore,
by studying doctors’ idle time and patients’ waiting times, an appointment
system minimising waiting time could be derived.

Within a hospital, OPDs and emergency departments (EDs) are the ar-
eas which are most commonly used by members of the general public. As
such, they are areas which are often under much scrutiny, and the efficiency
of these departments reflect on the hospital as a whole. Perhaps this is
the reason that the improvement of the operation of these departments has
been a most commonly tackled subject by researchers in OR healthcare in
the past.

Much of the literature in the past has concentrated on 3 areas of im-
provement across both emergency and outpatient departments [6]. These 3
areas are:

e Patient scheduling and admissions
e Patient routing and flow schemes

e Scheduling and availability of resources



2.2 Patient scheduling and admissions

2.2.1 Introduction

Scheduling and admissions play a vital role in controlling patient waiting
times, and are relatively simple to alter. Thus, wherever possible, this is an
area where many researchers have concentrated their operational improve-
ments. Patient scheduling and admissions focus on procedures that deal
with how patient appointments are scheduled in terms of when they are set,
and their length of time. This generally involves rules that determine when
appointments can be made, and the length of time between appointments.
Obviously this can have a significant impact on how resources are utilised
so as to maximise patient flow. These rules range from single-block ap-
pointments on one extreme to individual appointments on the other. Most
appointment systems concentrate on modifying and combining these rules
in some way. The majority of studies which have sought to alter patient
scheduling rules have concentrated on OPDs [6]. This is because OPDs are
the only areas in hospitals which see appointment patients on a regular ba-
sis. Altering patient scheduling rules cannot help when modeling EDs as all
of the patients are necessarily walk-ins (patients with no prior appointments
who literally ‘walk in’ off the street).

Whilst reviewing past studies in this area, it becomes clear that a typ-
ical intervention in patient scheduling involves the researchers working in
close conjunction with the staff in the clinic. Through this, the analysts
are able to build up an accurate simulation model for each clinic, and then
verify it through showing it to the staff, and comparing it with actual data.
Then, different appointment rules such as those described above can be
tested within the system, and the results for each can be compared. Many
interventions are staged as an ongoing process, and the analysts often try
to create user-friendly front and back ends to the simulation which they
can leave with the clients to use themselves. Staff are then able to use this
facility to compare the different schedules, and see for themselves how the
system will react.

2.2.2 Case studies

A project falling under this category is described in Harper et al [14]. The
project in question takes place in a major Ear, Nose and Throat clinic in
the United Kingdom (UK). Under the Patient’s Charter, every hospital in
the UK is required to see patients within 30 minutes of their appointment
time. An OPD is a complex nonlinear system which is very difficult to man-
age, and so these departments often fail to adhere to this limit on waiting
times. This particular department operates 10 clinic sessions per week and
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deals with 5 main types of patients. The schedules for each of these clinics
have evolved over many vears and were felt to be inefficient by many of the
staff, leading to high patient waiting times and bottlenecks within the clinic.

It was decided to conduct a study within this department using an OR
methodology. The researchers began by analysing the current outpatient
system and developing accurate models of the department through close
consultation with the staff. These took the form of flowcharts detailing the
patient flows, resources and queuing points within the department. Since
there were very little data concerning the lengths of consultations with the
clinic staff, it was decided to spend a week collecting data at the clinics. The
week was spent collecting data on waiting times, service times, patient flows
and arrival patterns. All of this information was then built into a discrete
event simulation (DES) using the Simul8 package. Then, 3 performance
measures were chosen to evaluate the impact of any changes. These were:

e The average time a patient had to spend waiting from their appoint-
ment time until their first service.

e The percentage of patients who had to spend more than 30 minutes
waiting for their first service (measured from their appointment time).

e The average time that a patient spends in the clinic (measured from
the time they enter the clinic to the time that they leave again).

In this study, different simulation models were built for each clinic, re-
sulting in a total of 14 simulations for the project. So, for the purposes of
evaluating the effects of any changes, one clinic and hence one simulation
was chosen as a control. Nine different scenarios were developed with each
of them incorporating changes in: the number of patients scheduled for each
clinic; the clinic starting times; and the appointment scheduling system. It
was felt that these were areas where changes would have the greatest effect
on patient waiting times. The 9 scenarios were:

1. Patients arrived every 5 minutes. Patients of the same type arrived
sequentially.

2. Patients were scattered randomly amongst the appointment slots.

3. Patients were booked randomly, but there was a buffer period of 15
minutes where no patients were booked.
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4. Patients were booked in blocks with the length of each block varying
according to each patient type.

5. There were no diary patients allowed(these are last minute patients
manually entered into an appointment book).

6. The schedule was not altered in this test, instead all clinics started on
time.

7. Patients were booked based on an algorithm which spread the appoint-
ments out over the whole clinic session.

8. Patients were booked in large blocks scheduled at the beginning of the
session.

9. A combination of scenario 7 and scenario 6.

The results for 40 runs of the control model indicated that the factor
having the most influence on all 3 performance measures was the time at
which the clinic started (scenarios 6 and 9). The scenarios which changed
the appointment structures and not the number of patients (scenarios 7 and
9) had the most promising results. With scenario 7 it was possible to reduce
patient waiting times by 10 minutes, and with scenario 9, the time to first
service for patients could be reduced by 50%. Using statistical t-tests, it was
also possible to see that the results for scenarios 4 to 9 were all significantly
different from the unaltered control model.

Lehaney et al {3] described an earlier intervention which also took place
within an OPD at a hospital in the UK. This hospital operated under the
same Patient’s Charter as mentioned earlier, meaning that patients should
not wait in queues for more than 30 minutes. However, this was not hap-
pening at this hospital, and the aim of this study was to address the gaps
between the expectations of patients and service providers. Lehaney et al
adopted a different approach to that seen in the paper by Harper et al
They argued that most of the research previously done within this area has
involved some sort of ad hoc problem structuring, but nothing on a formal
basis. Therefore, they proposed using some methods from Soft Systems
Methodology (SSM), a recognised ‘soft’ OR technique, in order to formally
structure the problem, and to guide them through the whole problem-solving
process.

The case was undertaken in four linked stages, with the streams of en-
quiry feeding into one another as the project progressed. The objectives
and progress of the project were monitored throughout, and control actions
were undertaken where necessary. The first stage involved cultural analysis
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of the problem situations. Here all of the roles of the participants, and the
social and political systems were explored. This was also where the general
nature of the project and its timescale were agreed upon, and some soft
objectives were also set. Additionally, it was here where it was decided to
use Simul8 as the simulation modeling package. From here they moved onto
the second stage which involved task modeling. This was done using sim-
ple flowcharts, as these were easy for all team members to understand. A
number of flowcharts were developed which helped all of the participants to
gain a thorough understanding of the system. However, in the end, it was
decided to drop all of the various flowcharts in favour of one flowchart which
tracked the patients from entering the clinic to leaving.

The third stage involved primary task modeling, and at this stage the
static Howcharts were discarded for a dynamic computer simulation. Patient
waiting time and doctor utilisation were reaffirmed as the major considera-
tions, and the simulation models were built to depict the immediate situa-
tion in the clinic, from patient arrival to patient departure. A prototyping
approach was adopted to build the models, and the 10th prototype of the
simulation of the department was chosen as the most accurate. This model
was checked against actual data, and was found to give exactly the same
results,

The project team then took all of the appointments for each doctor for
the duration of the clinic and sorted them in ascending order of consultation
duration. These sorted times were then used to schedule the patients for
a new simulation prototype, known as Model 11, which was a slight varia-
tion on Model 10. Having shorter duration consultations occurring earlier
in the clinic session allows early patients to arrive nearly simultaneously,
but still not have a long waiting time. The results of the new simulation
model showed a drop in waiting time of up to 40 minutes for some patients,
and doctors spent 64% of the clinic duration in contact with patients. One
of the clinic’s doctors working as part of the project team mentioned that,
in practice, it could become difficult and tiresome to predict how long in-
dividual patient consultations could take. Therefore, it was decided that a
more realistic scenario may be to provide estimates of consultancy duration
averages for particular patient types. The scheduling may then be based
against these figures. This would probably result in a smaller reduction in
queuing times, but would show improvement over the old system, with little
effort on anyone’s part at the hospital.

The fourth stage involved the naming and modeling of relevant issue-
based systems, and in this case the system of intervention itself was named
and modeled. The key stakeholders reviewed the process in which they
had been engaged, and at that stage root definitions and conceptual models
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were used to encapsulate the process. The framework utilised the infor-
mation gained during the previous stages, to produce a framework of the
intervention itself. The root definition for the system being modeled was:

A system owned by a group of key stakeholders, run by analysts, key
stakeholders, and other stakeholders, who use simulation modeling as an aid
to develop and implement operational policy which meets both internal and
external criteria.

The system which is being simulated is the patient flow through one
clinic of the OPD, but the root definition is for an intervention system that
utilises simulation modeling, but which is not itself being simulated.

This was a unique intervention and, despite its success, Lehaney et al
observed that opportunities to transfer this approach to other interventions
may be limited. This is largely due to the the length of time, and subse-
quently the amount of money, needed for an approach of this sort.

2.3 Patient routing and flow schemes

2.3.1 Introduction

One of simulation’s strengths is ifs ability to model complex patient flows
through a system. Users can then alter the patient flow rules and policies,
and see how the system reacts. Although they have no control over the
arrival patterns of the patients, medical staff are able to control the route
through which patients travel. Therefore, by altering this route, and the
flow of patients, it is theoretically possible to minimise patient waiting time
and increase staff utilisation rates.

Investigating patient routing and flow schemes is a common starting
point for any project trying to improve efficiency in an ED. This is because,
unlike in an OPD, there is no way to apply scheduling rules. EDs also lend
themselves to the introduction of a ‘fast-track’. Non-urgent patients gener-
ally have the longest waiting time in emergency rooms for obvious reasons.
A fast-track is simply a dedicated route for these patients. There will gen-
erally be a limited number of resources available for the fast-track (eg 1
consulting area and 1 nurse), as these patients do not require a high degree
of care. By introducing a fast-track, hospitals are able to clear the area for
the more urgent patients, and at the same time decrease the waiting time
for both urgent and non-urgent patients. By using simulation, hospitals are
able to see what would happen to patient flow if a fast-track were to be
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introduced in their ED without having to affect patient care in any way.

2.3.2 Case studies

Garcia et al [10] tested the notion of introducing a fast-track in the ED at
Mercy Hospital in Miami, Florida. Recent trends in the finances of the ED
had indicated the need for an operations improvement analysis, and it was
decided to study the flow of patients through the ED with and without a
fast-track in place.

Patients entering the ED at Mercy Hospital were sorted into 4 levels of
illness acuity with level 0 being the most serious patients, and level 3 being
the least serious. The length of wait was determined by the level of acuity,
with level 3 patients waiting the longest. Data were collected for some of
the service times, and for the total turnaround time in the ED. However,
there were no data available for the doctors’ service times, so these were
estimated after talking with one of the resident doctors. All of the service
times were then approximated by Uniform distributions. The arrival pat-
terns were estimated from data collected from the nursing charts, and these
were assigned Exponential distributions. Using these data, the researchers
were able to model the ED as it stood, without the fast-track.

&

Y= Z [Elz; s nx Pr(l = 1)] (2.1)
=2
where
y = Average excess time in ED due to no fast-track
z; = Total time in ER for a patient of acuity level i with no fast-track
n = Average no. of patients in queue
{ = Patient acuity level
k=3

Using Equation 2.1, they were able to get 2 new distributions for total
time in the ED for the patients of acuity level 2 and 3 (who were the patients
who would benefit from the introduction of a fast-track). After statistical
tests using this information, it was concluded that a fast-track within the
ED would be an appealing alternative. So, it was decided to then simulate
the ED with and without a fast-track.

The performance measures used were:

1. the cost of implementation
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2. the effect on other patients in the ED

3. the patient’s length of stay

These performance measures were carefully chosen in order that the hospital
could monitor that they were able to provide the same level of care for the
other (more acutely ill) patients as they had previously.

When testing the effects of the fast-track, Mercy Hospital provided the
project team with six different scenarios for a fast-track that they found fea-
sible. These scenarios differed from each other concerning the time of day
that they were utilised and the number of beds that they employed. (There
would always be 1 nurse and no doctors available on the fast-track.) The
hospital also stipulated that patients must proceed to the regular ED if the
fast-track was full. The scenarios tested were as follows

1. Fast-track operational from 10:00 - 20:00, 1 bed available
2. Fast-track operational from 10:00 - 20:00, 2 beds available
Fast-track operational from 11:00 - 21:00, 1 bed available
Fast-track operational from 11:00 - 21:00, 2 beds available

Fast-track operational from 12:00 - 22:00, 1 bed available

A

Fast-track operational from 12:00 - 22:00, 2 beds available

Hypothesis tests were then conducted comparing the flow time for pa-
tients with and without the fast-track, and it was concluded that patients of
acuity level 3 and 4 greatly benefitted from the introduction of a fast-track,
without negatively impacting on the other patients. This was true for all of
the scenarios tested, but it was decided that the 1st scenario was the most
preferable. This was because it produced the largest reduction in waiting
times relative to the amount of inconvenience caused due to having to relo-
cate resources.

A fast-track is not the only way in which to improve patient routing and
flow schemes within an ED. Kirtland et al presented a paper at the 1995
Winter Simulation Conference after staging an intervention at Peninsula
Regional Medical Center’s ED in the US where several different routing and
flow scenarios were tested. The department was experiencing a decline in
the departmental productivity as indicated in the comparative indicators,
and the patients were getting increasingly dissatisfied with their length of
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stays. For these reasons, a team comprising doctors, nurses, and technicians
from the ED, along with external management consultants, was formed in
order to improve the department’s processes. Simulation was decided upon
as the method of choice.

The team collected detailed information about the operation of the ED
from patient charts, ED logs, computer information systems, interviews,
observations, and data collection where information was not available. The
arrival pattern to the ED was taken from 3 months worth of data on an
hourly basis. The researchers then organised the patient flow into flowcharts
spanning 9 categories of patients, and 5 levels of increasing patient acuity.
Once this information was organised, they were able to build up a simula-
tion of the ED using MedModel simulation software, which is a specialist
medical simulation package. The model was validated by comparing the
simulation results to the results from 400 random patient folders taken from
the previous year. These folders had details about the patients’ conditions,
treatments and length of stays. This historical information was also used as
a baseline against which to test any changes in the system.

Once the accurate simulation representation of the ED was in place, 11
different scenarios to improve patient flow were tested. These were:

1. Setting up a fast-track system in the minor care area.
2. Using point of care testing in the ED where possible.

3. Reducing the number of technicians in the ED.

4. Reducing the number of registered nurses in the ED.

5. Taking the patient back to an open treatment room and not letting
them wait in the waiting room until the staff are less busy.

6. Initiating admission room search for an inpatient as soon as a doctor
determines the need to admit a patient.

7. Using an internal waiting room for patients waiting on the results of
laboratory and other tests (when the ED is busy).

8. Setting up triage protocols that direct the triage nurse to order certain
tests.

9. Changing around some intermediate care rooms.

10. Reducing the number of registered nurses and having 5% more patient
volume.

17



11. Reducing patient volume by 5%.
The 3 optimal alternatives in order of patient waiting time saved were:

e setting up the fast track, which saved 15.5 minutes
e placing patients in an open treatment room, which saved 14.1 minutes
s using point of care testing, which saved 8.4 minutes

These 3 changes, which can be used in conjunction, save a total of 38
minutes of waiting time for patients, which amounts to 24% of total wait-
ing time. Interestingly, although the fast-track did save the most patient
waiting time, placing patients in an open treatment room was a very close
second. This was obviously a scenario which was specific to this study, in-
dicating that we should always look at all possible ‘local’ options, and the
best way to do this is by working closely with the staff. Additionally, the
study also helped to identify some ‘best practice’ alternatives which do not
show significant reductions in waiting time, but will help to ease the strain
when the department is busy.

Samaha et al [20] also tested the effects of a fast-track at Cooper Health
System in South Jersey, USA in a similar manner to the previous two pa-
pers. They also found that this process would expedite non-critical patients
through the system and shorten their length of stay in the ED.

Ruohonen et al [21] investigated the effect of introducing a new triaging
system in the ED at a hospital in Finland. The ED saw around 34 000
patients annually, but this was expected to increase as a number of units
within the hospital were being combined. This study developed a simulation
model which demonstrated a new triaging method which sought to reduce
patient waiting and throughput times.

The model was also developed using MedModel. There were data avail-
able from a previous study, and these were supplemented with data collected
for 24 hours a day over a 2 week period. These were collected through the
use of a special form, created for the purposes of the project, and completed
by staff and patients. In this way, very accurate distributions were able to
be fitted for every stage of the process. The model was then verified and
validated through using its visual and numerical information, and compar-
ing it to actual data.

The area being tested in this research was that of triaging. In the original
system, as is common in EDs around the world, triaging was performed by
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a registered nurse. The nurse could also perform initial tests (such as blood
pressure tests) but could not order tests such as x-rays, which could only
be done after the patient had seen a doctor. This is thought to increase the
throughput time of the patient, and cause a high degree of utilization of the
specialists. The proposed change was to introduce a triage-team, consisting
of three staff members, who would receive all patients. There would be a re-
ceptionist to input patient data, plus a nurse and a doctor who could order
all necessary tests, and possibly more accurately define a patient’s acuity
level. This change was examined on two levels: firstly, on how efficiently the
team could operate; and secondly, on how many acutely ill patients the team
could process without slowing down the whole operation of the ED. (This
was because acutely ill patients would require a longer treatment from the
triage-team.) In both cases, the process times would be defined by Uniform
distributions.

The triage-team method was tested using several alternative process time
scenarios. The staff estimated that the process time would be somewhere
between 0.5 - 1 minutes but, as this was just an estimation, several different
scenarios were taken under examination. The scenarios were as follows:

1. Process time 0.5 - 1.5 minutes

2. Process time 1 - 2 minutes

3. Process time 2 - 4 minutes

4. Process time 4 - 6 minutes

5. Process time 6 - 8 minutes

6. Process time 8 - 10 minutes

7. Process time 10 - 12 minutes

8. Process time 12 - 14 minutes

All developed scenarios were tested and the results were compared to
the existing operation, concentrating on the average throughput time of all
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patients. The results showed that if the operation is as effective as staff had
estimated, there would be a 26% reduction of the average throughput time.
The results also indicated that the operation would become more effective
if the process time is under 12 - 14 minutes.

Medeiros et al [5] also looked at a similar type of idea in their research in
the US. However, they proposed introducing a physician only at the triage
stage in an ED. This would allow testing to be done at an earlier stage
and allow more accurate definitions of a patient’s acuity levels. They found
that it reduced a patient’s length of stay by more than 23%. Holm et al [7]
also proposed introducing a physician at the triage stage in a study done
in Norway. Their results showed that the overall length of stay was not
significantly reduced, but they argued that patients seeing a physician at an
carlier stage in the process found it more reassuring.

Introducing physician triage is an interesting concept, but it is one that
few hospitals in developing countries can afford to do with their lack of doc-
tors.

2.4 Scheduling and availability of resources

2.4.1 Introduction

While much of the research into reducing patient waiting time has concen-

trated on scheduling the patients themselves, it is also possible to approach

this problem from the other side, by looking at scheduling doctors and nurses

in a more efficient manner. This approach has been used when looking at

EDs because, as mentioned previously, the patient arrival patterns cannot

be altered and so different approaches to the problem need to be sought. If
the patient arrivals cannot be altered, then the problem of scheduling staff

becomes a combinatorial problem. However, this is not a straight-forward

linear programming problem as the patient arrivals can never be modeled

as deterministic, and so & stochastic constraint needs to be introduced.

2.4.2 C(Case studies

When using this approach in an OPD, researchers often combine it with
applying some patient scheduling rules as well. In a paper presented at
the 2006 Winter Simulation Conference Wijewickrama et al [2] described an
intervention made in an OPD of a Japanese hospital. Japan has an increas-
ingly aging society, and long waits in OPDs followed by short consultations
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are becoming a major problem.

The OPD in question saw 3 different types of patients: appointment pa-
tients, same-day appointment patients, and new patients. As is common in
Japan, the majority (86%) were appointment patients. Additionally, there
were 10 types of patient categories depending on the consultation required.
The primary performance measures considered were the waiting times for
each of the 10 categories of patient. In addition, an index-weighted average
patient waiting time (W), was calculated using the following formula:

(WA * TLA) -+ (WS * ns) -+ (WN * nN)

W =
(na+ns+nn)

(2.2)

where
W4 = Average patient waiting time for appointment patients
Ws = Average patient waiting time for same day appointment patients
W = Average patient waiting time for new patients
n4 = No. of appointment patients
ng = No. of same day appointment patients
ny = No. of new patients

The OPD had an existing Access database which had information about
patient arrival times and service times based on the patient type and cate-
gory. This provided the researchers with the core of their data requirements,
and any other information was acquired through interviews with staff mem-
bers. All of this data was used to create a special purpose data generator in
Visual Basic which fed data into a simulation which was created using Arena.

Using the OptQuest optimizer, which is built into the Arena simulation
package, Wijewickrama et al then searched for the best Doctor Scheduling
Mix (DSM) possible. OptQuest uses the tabu search and scatter heuristic to
find the best value for one or multiple objective functions. The optimization
problem structure was formulated as follows:

Minimise
Z=W (2.3)
subject to

1+ T+ a3+ 24+ 5+ 26+ 27+ 28+ Tg + 19 < 31

Z1,T2,T3, 74,5, Te, 7,28, To, T10 < 1
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where
xz; = No. of doctors allocated for ith consultation service

Then, 10 different appointment scheduling (AS) rules were examined.
The AS rules were as follows:

10.

. Patients are appointed with an interval of the average consultation

time.

. 2 patients are appointed at a time with an interval of twice the average

consultation time.

Patients are appointed with an interval of the average consultation
time plus a fraction of the standard deviation.

Patients are appointed with an interval of the average consultation
time less a fraction of the standard deviation.

. This is the same as the first rule, except the first 5 patients are ap-

pointed early, and every patient after this is appointed late.

. This is the same as the fifth rule, except patients are appointed earlier

and later respectively.

2 patients are appointed in a block at the beginning, and then indi-
vidually in average consultation times.

. 3 patients are appointed in a block at the beginning, and then indi-

vidually in average consultation times.

4 patients are appointed in a block at the beginning, and then indi-
vidually in average consultation times.

The first patient is appointed. Then after that, patients are appointed
with an interval of the average consultation time plus an alternative
fraction of the standard deviation.

These were all found to reduce waiting time. However, rule 10 was the
best performer, reducing waiting time by 59.65% against the base case. All
of these rules were then combined with some of the best DSMs identified
by the optimizer. The final result reduced waiting time by 59.95% or 31
minutes per patient.

Centeno et al [9] adopted a slightly different approach when looking to
reduce staffing costs in an emergency department at a US hospital. They
focused on first building a simulation model which established an accept-
able length of stay (LOS) within the unit and the number of staff required
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to operate it. They then looked to apply a linear programming approach
which minimised the cost of the staff subject to a number of constraints.

Building the simulation model was a relatively straight-forward affair as
the staff had logged in all the patient data over a period of time for the
researchers. This enabled them to fit accurate distributions for the arrival
patterns for all types of patients and all of the treatment service times. Once
the simulation model was verified and validated, the conditions for the exper-
iments were established. They needed to calculate the sample size required
to achieve a reliability level of +/- 3.61 when building a 95% confidence
level. They were able to establish that they would require 38 replications.

Then, an optimization integer linear programming model was used to
find the optimal number of staff (registered nurses) needed to work each
shift. The objective function seeks to minimise the labour cost for the reg-
istered nurses. The model was:

Minimise \
L = ZCiXi (24)
i=1
subject to
¥ Xida, Vi=1,2..n
Xi=>1 Vi=1,2,..k
where

X; = No. of nurses working shift 4

¢; = Salary cost for a nurse during shift ¢

a; = No. of registered nurses required per period
i = Index for shifts

7 = Index for periods

k = Maximum no. of shifts

n = Maximum no. of periods

In Equation 2.4, a; is calculated according to the simulation model. In
other words, it is the number of nurses required in the department in or-
der for the patients to experience a reasonable LOS as calculated by the
simulation model. This also enables management to determine the exact
number of staff necessary to achieve a specific LOS goal, along with the
cost of that staff. Another added bonus is that no-one needs to manually
generate the nursing schedule which should save more valuable person hours.
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In a similar fashion to the previous two cases, Ahmed et al [8] presented
a model which integrated simulation with optimization to design a decision
support tool for the operation of an ED unit at a governmental hospital
in Kuwait. Their primary objective was to evaluate the impact of various
staffing levels on service efficiency.

Gunal ef al [11] adopted an approach to staffing which did not seek to
alter the scheduling rules, but rather tested the effects of multi-tasking by
doctors. This approach is not purely a scheduling problem as the previous
three papers were, but also draws in some elements from patient routing
and flow schemes. The research took place in an ED in the UK and focused
on the multi-tasking behaviour and experience level of medical staff.

The unit in which they worked was mid-sized, seeing approximately 45
000 patients annually. The idea was to develop a DES of the department’s
activities with the intention that this served as a generic model of an ED
that could be parameterised to fit a range of such departments in differ-
ent hospitals. The data which they used to parameterise and validate their
model were obtained from the electronic patient admission data which the
hospital kept. These were supplemented with data from paper-based patient
cards which were completed by medical staff and recorded every detail of
patient treatment. Using all of this information, they were able to fit distri-
butions for the arrival patterns and service times, and use these to develop
a DES of the ED by using Micro Saint Sharp.

Doctors and nurses are scant resources in EDs and, most of the time,
they treat multiple patients concurrently. In this study, the idea was to
fragment a doctor or nurse into mini doctors, and thus examine the effect
of multi-tasking on patient waiting time. Initially, senior doctors were split
into 6, junior doctors were split into 4, and nurses were split into 2. These
numbers were known as ‘Multi-tasking Factors (MTF)’.

The model was validated using actual data from the previous year, and
then experimentation could commence. The first experiments merely altered
the MTF values. The base model was 2-4-6 (as described previously), and
this was altered to 1-1-1, 1-4-6, and 2-7-7. Interestingly, the 2-7-7 result al-
most converged with the 2-4-6 result, suggesting that more multi-tasking by
doctors may not increase the performance. However, decreasing the nurse
MTF by 1 led to a significantly worse performance. The worst performance
of all was when all of the MTFs were set to 1, suggesting that the multi-
tasking of staff, in general, is a real determinant of performance.

The next area of experimentation focused on the effect of other factors
on the performance of the system as a whole. The parameters which were
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altered in the model were: the treatment times, x-ray service times, and
physical cubicle capacities. The scenarios tested were as follows:

1. It was assumed that experienced doctors could treat patients quicker.
In this scenario, all doctors worked at the same pace, but base case
multi-tasking was retained.

2. The process times for x-rays and other tests were increased by 10 min-
utes.

3. The proportion of patients requiring x-rays was decreased.

4. More cubicles were introduced into the ED area.

The results showed that scenarios 1, 3, and 4 demonstrated increased
performance, whereas scenario 2 showed a decreased performance. This is
not really surprising considering the changes in inputs. However, the inter-
esting part of this research was the effect of building multi-tasking into the
model. This is a unique approach which makes complete sense in an ED
environment.

2.5 Other Cases

2.5.1 Introduction

The last two cases which will be included do not fall under any of the pre-
vious three headings. The first case can be said to examine multi-service
health facilities and health planning, while the second compares two different
hospital policies within an ED, and could technically be included in Section
2.3, but seems more appropriate here . These studies were both performed
as part of masters dissertations at UK universities, and are therefore both
a little less sophisticated than those with which we have previously dealt.
However, parts of both of them, particularly with regard to data capture,
should still be relevant to the research being done here.

2.5.2 Case studies

Ashton et al [15] conducted an OR study of the operation of an NHS walk-
in centre in Liverpool in 2001. Walk-in centres are nurse-led and provide
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community-based ambulatory care and information about how to access
other services. This particular centre shared a building with an NHS Direct
(emergency advice centre), a GP practice, and various other primary and
community health care services. All of these services were being relocated,
and the aim of the study was to assist in planning the scheduled move by
examining how the different services located in the centre could be accom-
modated and operated to the best overall effect. Particular attention would
be given to modeling expected patient flows through the new centre, and to
assessing how different levels of demand would affect patient waiting times
and the number of patients in the waiting room.

A basic problem structuring approach involving a stakeholder analysis
and system description was undertaken initially. This initial problem struc-
turing helped the researchers to view the health centre as consisting of three
distinct elements: the patients, the walk-in centre, and the clinics. They
then used flow diagrams in order to help them to understand the activities
associated with these three elements. Using these flow diagrams, they were
able to develop an initial simulation in Micro Saint. This simulation con-
sisted of three main parts: one for generating patient arrivals, one for the
clinics, and one for the walk-in centre.

The data used for the simulation were gathered from a variety of sources.
The arrival pattern for walk-in centre patients was based on NHS system
reports. The arrangements for triage and details about the number of se-
riously ill patients arriving were obtained through discussion with a senior
nurse. Times for treatment, triage, and reception were taken from service
reports compiled for the Department of Health. However, these were slightly
modified after discussion with the nurses involved. The clinic arrivals were
based on information gathered through discussion with clinic staff. These
staff also provided supplementary information regarding the time spent by
patients at reception.

The model was verified through comparison with historical data. Addi-
tionally, patients were ‘tracked’ through the system to ensure that they were
following the correct routes. Extreme condition tests were also undertaken
and simplifying conditions input to aid the verification process. Validation
checks were carried out by checking the logic of flow diagrams with the
clients, and confirming number of patients and length of queues with staff
members. Various sensitivity tests were also carried out on the model.

This model was not intended to be used to implement any major changes.
Rather it was intended to be used as a tool to see how the centre was coping,
and to examine the effects of any minor changes. These changes included
the introduction of a shared reception, examining different triage procedures,
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changing the timing of certain clinics, and altering some of the appointment
scheduling rules. The performance measure used to evaluate the effect of
any changes was the number of patients waiting in various parts of the cen-
tre. Overall, the simulation performed here proved to be very valuable for
the client, as they were able to use it to evaluate the changes detailed above,
and see how the new centre would cope.

Davies [16] describes the use of DES in testing two different hospital
policies in an ED in England. The first policy is called ‘See and Treat’, and
this is where patients with minor ailments are seen by one doctor or ENP
(Emergency Nurse Practitioner, a highly qualified nurse) who sees, treats
and discharges the patient in one go. The other policy is ‘See’ and ‘Treat’,
and this is where patients with minor ailments are seen by a doctor or an
ENP, but are then treated by a less qualified (and less well paid) nurse.
At that stage in this particular ED, the ENPs were attempting to operate
‘See and Treat’, but the doctors were not. The proposed new system would
change the arrangements so that doctors and ENPs would both operate in
the same way.

Simulation models of the current and proposed systems were built in
Simul8. The data were provided by the ED and they purported to show the
time at which the patient was seen at various points in the pathway. How-
ever, the data proved to only be consistently reliable for the arrival time
and the leaving time. Times for the different stages in treatment had to
be estimated from the records that appeared to be complete. These times
were then fitted to distributions and the parameters were entered into the
simulation program. There appears to be a distinct lack of confidence in the
data from the authors. However, as they point out, both simulations use

the same times for the different activities, so the comparative results should
be credible.

The performance measures used to test the model were:

The average time spent in the system

% of patients with treatment completed in four hours

The average time spent in the waiting room

The average time spent in the doctor queue
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The results indicated that the proposed system would have a substantial
effect in reducing patient waiting time in the three performance measures
which compared the time spent in the system. Additionally, a higher per-
centage of patients completed their treatment in four hours in the proposed
system.

2.6 Summary

While none of the papers covered in this chapter are completely relevant
to our particular problem, it is a useful exercise to try and extract the ap-
proaches which seemed to produce the best results, and would seem relevant
to the work which is being undertaken in this study.

The first useful process is that of structuring the problem effectively.
While effective problem solving might not solve the problem for you, it helps
immensely in simplifying the problem and pointing the problem solvers in
the right direction. Ashton et al [15] used a very simple problem solving
approach; performing a stakeholder analysis and system description. This
simple problem structuring was nevertheless very effective in giving them
a direction in which to work. Lehaney et al [3] used a more sophisticated
approach in SSM which structures the problem more effectively, but also
takes a lot more time. It would be helpful to try and find a compromise
between the two in any problem structuring approach. Linked into the prob-
lem structuring part of the problem is that of creating flow diagrams. Many
of the researchers chose to create flow charts representing the system be-
fore recreating this as a computer simulation. This is useful as it helps the
researchers as well as their clients to visualise the system which they are
modeling.

Another approach which was effectively used in six of the papers (Wi-
jewickrama et al [2], Harper et al [14], Garcia et ol [10], Gunal et al [11],
Ruohonen et ol [21], and Kirtland et ol [1]) was that of designing and testing
different scenarios within the simulation models. The scenarios ranged from
different appointment scheduling rules to different staffing arrangements to
different operating hours. The type of scenario tested did not really mat-
ter. The important lesson to take from this is that this is one of simulation
strengths; the ability to test a range of different scenarios and compare the
results without having to physically alter anything.

Linked in with the comparison of various results are the performance

measures which are chosen to compare them. Different performance mea-
sures used included: the average wait of a patient in the waiting room, the
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percentage of patients seen within a time limit, the cost of implementation
of a new system, and the effect any new system would have on other patients
in the unit. Clearly, the performance measures used are dependent on what
is being tested. However, every study was concerned with the average time
spent by a patient in the unit, so this would seem to be the most important
performance measure.

Another important issue to emerge from this chapter is that of data col-
lection. In three of the studies (Wijewickrama et al[2], Harper et al[14],
and Kirtland et al [1]) the data collection was not a problem. This was
due to either having access to meticulously kept records, or to having large
teams working on data collection over a reasonable period of time. All of
the other studies had access to limited data, and had to estimate some of
it themselves. These estimations were generally based on discussion with
a senior staff member familiar with the system, or by simple observation
and then extrapolation. In these cases, service times are often estimated by
Uniform distributions. Obviously this means that the model which is built
will not be a perfectly accurate representation of the reality. However, if the
data are carefully collected and checked, then the model produced should
be adequate for the purposes of research. This is particularly relevant to the
research being undertaken here, as this takes place in a development context
where data are notoriously hard to come by.
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Chapter 3

Problem Structuring

3.1 Introduction

In Chapter 2, mention was made of a study done by Lehaney et al {3]. In
this study, the researchers noted that most of the previous OR interventions
done in OPDs and EDs had involved some sort of ‘ad-hoc’ problem structur-
ing, but that there was very little formal problem structuring in evidence.
In their intervention, they sought to first structure the problem clearly using
Soft Systems Methodology (SSM), and then attempted to tackle the result-
ing problem using simulation. This approach of combining methods is used
widely in OR interventions. Mingers and Ormerod have both always been
strong proponents of using more than one method when tackling a prob-
lem, arguing that some methods are better suited to different parts of the
problem-solving process [19].

SSM is designed to address ‘messy’ problem situations which are un-
structured, and in which problems may be unidentified or viewed in many
different ways by the problem participants. SSM “articulates a process of
enquiry which leads to the action, but that is not an end point unless you
choose to make it one” [4]. SSM is a learning process, and can be visualised
as a sequence of stages, some of which can stand alone. Clearly, it would
seem that SSM is a technique which would be strong at the problem struc-
turing phase of the problem-solving process. However, when it was used by
Lehaney et al [3] in their intervention, they found that while it was very
helpful, it was also very time-consuming, and landed up costing their clients
a lot of money.

It is not always necessary to adopt the whole SSM approach in order
to structure a problem in an adequate fashion. Mingers [19] reasons that
it is fairly straightforward to detach pieces of methodology at the level of
techniques. He says that this “is particularly useful when enhancing a whole
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methodology...with techniques from another”. Indeed, one of the examples
which he uses is decomposing SSM, in particular the root definition tech-
nique along with its ‘lower level tool’ CATWOE. In other words, it could
be advantageous to use root definitions to structure parts of the problem
without having to do a complete SSM intervention.

Therefore, it seems as though it would be beneficial to the problem-
solving process if we were to attempt to formally structure the problem.
However, for the reasons cited by Lehaney et al, a full SSM intervention will
not be attempted. Nevertheless it seems that it would still be beneficial to
adopt some of the techniques of SSM in order to help us to understand the
problem better.

3.2 Brief explanation of the methods used

A full SSM intervention consists of three stages or analyses: Analysis One
(the intervention itself); Analysis Two (social); and Analysis Three (politi-
cal). For the problem which is faced here, we will be concentrating on parts
of Analysis One and some of its associated tools and techniques. A brief
explanation of the approach to be adopted follows.

Analysis One aims to bring together three elements - the methodology,
the use of the methodology by a practitioner, and the situation - in a partic-
ular relationship. The practitioner will adapt the principles and techniques
of the methodology to organise the task of addressing and intervening in the
situation, aiming at taking action to improve it [4]. This is done by taking
a careful look at the situation faced, and then looking to define important
roles which will help in the problem solving process. These are as follows:

e Client - the person who caused the intervention to happen
s Practitioner - the person conducting the investigation

s Issue Owners - people concerned about or affected by the situation
and the outcome of the effort to improve it

After these roles have been identified, the practitioner will look to con-
struct root definitions for each issue owner. Root definitions of the system
are summaries of the problem as seen from a specific worldview. The most
insight to a problem is seen to be generated by entertaining many different
possibilities, and root definitions enable us to compare these possibilities.
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There are various ways in which to construct root definitions, and a useful
tool to use is to consciously consider the elements of the mnemonic CAT-
WOE which is explained in Figure 3.1 (adapted from [4]).

C | Customer The victims/beneficiaries of the activity

A | Actor Who would do the activities?

T | Transformation process What is the purposeful activity?

W | Weltanschauung View of the world which makes this definition meaningful
O | Owner Who could stop this activity?

E | Environmental Constraints What constraints in the environment are taken as given?

Figure 3.1: Formulation of Root Definitions

After root definitions have been constructed, the SSM learning cycle en-
courages the analyst to ask what measures of performance could best be
used to judge the operation of the notional system. By consciously consid-
ering these criteria, the analyst can then judge the system which they have
created [4]. The relevant criteria are as follows:

e criteria for the efficacy of the transformation
e criteria for the efficiency of the transformation

e criteria for the effectiveness of the transformation

Therefore, for our current problem, we will aim to define the roles of
each person involved in the problem, and then look to construct a root defi-
nition for each issue owner. Then, we will look at some criteria by which we
can judge our system. This will give us a clearer idea of the problem which
we are faced with, and should help us to begin to formulate a path to solve it.

3.3 Applying the methods

The ED at Groote Schuur has always struggled to move patients through in
a timeous fashion. Patients who do not have serious complaints often have
a waiting time of more than 6 hours, and even those with serious problems
sometimes have to wait for up to an hour, causing delays and congestion all
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around. Like any long-lived problem, everyone involved has their own opin-
ion as to what the issues are. It is not possible to simply add more space
or staff to the current ED, as those resources are not currently available.
So basically, everyone can agree that a problem with excessive waiting time
and congestion exists, and that something needs to be done about it using
the existing resources of the department.

An initial meeting was held with the Chief Operating Officer (COO) and
the Chief Logistics Officer (CLO) at Groote Schuur in order to discuss the
problem at hand. At this meeting, a basic plan of action was formulated,
and we were granted access to the ED so that we could begin to see what
the issues were. After the meeting, we spent a lot of time in the ED meeting
some of the staff members and patients, and observing the inner workings
of the department. This observation and interaction enabled us to identify
the stakeholders and some of the more pertinent issues. From here, we were
able to start building up an initial structure for the problem.

The issue owners are as follows:

e Dr Brey CLO, Groote Schuur Hospital

e Dr Linda COO, Groote Schuur Hospital

e Emergency Department Staff

e Emergency Department Patients

The clients are:

s Dr Brey

e Dr Linda

The practitioner is:

e Allister Mowbray, aided by Professor TJ Stewart.
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3.3.1 Root definitions

For this research, a slightly different approach was adopted in order to ob-
tain the root definitions for the issue owners. The CATWOE approach was
still used, but seeing as many of the elements for all of the issue owners were
very similar, it was decided to rather concentrate on these differences.

Let us first consider an abridged CATWOE diagram which will illustrate
the shared elements between the CLO, the ED staff, and the ED patients.
This is shown in Figure 3.2.

the patients in the ED

the staff in the ED

inefficient system — efficient system

the hospital management

the existing physical structure within the ED

HOHEO

Figure 3.2: Common CATWOE elements for CLO, ED staff, and ED pa-
tients

The only element which has been excluded from this diasgram are the wel-
tenschauung or worldview of each issue owner. This is probably the most
important part of the diagram, because each person’s worldview makes their
definition of the problem unique to themselves. However, this diagram shows
us that the other elements of the problem are shared by the majority of the
issue owners for this problem. All of these issue owners want to improve the
ED from an inefficient system to an efficient system, and they are all faced
with the same customers, actors, owners, and environmental constraints.

Even though these issue owners agree on the structure of the problem,
their worldviews are all still quite different, and this will result in them all
having different root definitions. This will be illustrated in the following
section.

The CLO

The CLO was our initial contact at Groote Schuur who alerted us to the
problem which existed. He has been involved in various efforts to improve
efficiency within the hospital, but lacked the necessary time and skills to
tackle this problem. Although he does not work directly in the ED on a
day-to-day basis, he has been involved in efforts to improve the existing

34



patient care by trying to restrict the number of patients entering the ED,
and by moving around the current resources. He is concerned with reducing
waiting times for patients, and improving conditions for staff and patients
by reducing the congestions within the ED,

All of these concerns lie within a broader view of improving efficiency
in the hospital in general, and his weltenschauung should be: “a decreased
waiting time and decreased congestion in the ED and the rest of the hospital
is desirable”. Therefore a root definition for the CLO could be defined as
follows:

A hospital-owned and staffed system to deliver efficient service with the
minimum of patient waiting time and reduced congestion, in order to pro-
vide quality medical care, an improved working environment, and to provide
a benchmark which other systems within the hospital can be compared to.

The ED staff

The ED staff refers to the doctors and nurses who work in the department on
a daily basis. It has been decided to group all of the staff together because,
after speaking with a number of them, it became clear that their issues were
all much the same. The staff are concerned with the quality of service which
they are able to offer to the patients. Additionally, a longer waiting time
for the patients means a more congested ED which makes their work harder
to do. This affects the quality of their service, and it also creates a stressful
working environment. A few of the staff had suggestions on ways in which
they thought that the ED could be improved which demonstrates that they
want to be proactive in finding a solution to the issues at hand. The problem
is that it is difficult for them to find the source of these issues.

So, the weltenschauung for the staff should be: “any work that allows
staff to provide quality care to the patients while clearing congestion and
providing a less stressful working environment is desirable”. Then, the root
definition for the ED staff could be defined as follows:

A system to deliver efficient service with the minimum of patient waiting
time and reduced congestion, in order to provide quality medical care and a
less stressful working environment.

The patients

The patients are the people who come into the ED off the street on a daily
bagis. Their primary concern is to receive quality medical care with the
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minimum of waiting time. They are only concerned with the efficiency of
the system insofar as it relates to their experience within the ED. Therefore,
if they receive prompt and efficient service then they are happy, but they
probably are not really concerned about other patients’ experiences.

So, the weltenschauung for the patients should be: “any decrease in wait-
ing times for patients is desirable”. Then, the root definition for the patients
could be defined as follows:

A system to deliver efficient service with the minimum of waiting time
for patients in order to provide quality medical care for them.

The COO

Defining a root definition for the COO has been left until last. This is be-
cause both her environmental constraints, as well as her weltenschauung will
be different from the other issue owners. As the COO for Groote Schuur,
her outlook on the problem is how it fits into the bigger picture.

She is obviously concerned with the working conditions of her staff, and
would like the ED to become less congested. However, her primary concern
is with moving the patients through the system at a faster rate than is cur-
rently happening. This is because reduced patient waiting times will have
more of an effect on improving the service which the hospital offers than
reduced congestion would.

As she is more intimately involved in budgetary and staffing matters
than any of the other issue owners, she would also be more concerned than
any one else that any solution must not exceed current resource use. Also,
seeing as she does not work in the ED on a daily basis, her concern for the
day-to-day running of any solution would not be as high as amongst the
other issue owners.

Finally, the biggest difference between the COO and the other issue own-
ers is that she operates in a wider system. While most of the issue owners
only operate within the walls of the ED or, at most, the walls of the hospital,
she must be concerned with how the hospital as a whole operates within the
provincial or even national health system. Therefore, any solution needs to
be taken in this context.

The CATWOE elements for the COO could be as in Figure 3.3.
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and the existing provincial/national health guidelines
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Figure 3.3: CATWOE elements for the COO

Then, a root definition for Dr Linda could be defined as follows:

A hospital-owned and staffed system to deliver efficient service with the
minimum of patient waiting time, using current resources, within provin-
cial/national health guidelines in order to provide quality medical care and
to reflect well on the hospital as a whole.

3.3.2 Summary of analysis

The CATWOE and root definition analyses revealed that, although the
stakeholders have different worldviews, their basic outlook is the same. This
is that it is beneficial and desirable to everyone to transform the ED from
an inefficient system into an efficient system.

As revealed previously in the chapter, the differences in problem percep-
tion between the issue owners arise primarily from their different worldviews
and the environmental constraints which each of them are subject to. This
difference in worldviews is an obvious point and has already been dealt
with. However, taking a closer look at the different environmental con-
straints which each stakeholder is subject to could be quite revealing.

The staff, including the CLO, have the current physical structure of the
ED as an environmental constraint. The COO has this same constraint cou-
pled with an additional constraint of not exceeding current resource use and
acting within governmental guidelines. The patients have the environmen-
tal constraint of having to accept whatever changes anyone else chooses to
make in the ED.

This means that, it should be taken as a given that the actual physical
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structure of the ED cannot be altered insofar as building & new department
or making major renovations within the existing department. However, what
could possibly be altered is the layout within the existing ED. Obviously,
for the staff members, resources could also be added in the form of more
staff members or more equipment or both. This is because they do not have
to deal with the repercussions, monetary or otherwise, of such a decision.
However, for the COQ, this becomes a thornier issue, as these are problems
which she would have to deal with.

Now, we can begin to consider some criteria for measuring the efficacy, ef-
ficiency, and effectiveness of the system. Criteria for efficacy tell us whether
the transformation is producing its intended outcome [4]. The intended
outcome is to improve efficiency by reducing waiting times and congestion.
Therefore, if we were to measure waiting times within the system, and these
were substantially reduced, this would be an indication that the system was
efficacious. The reduction of congestion would be more difficult to measure,
and could only really be achieved by talking to the staff who work in the ED.

Criteria for efficiency tell us whether the transformation is being achieved
with the minimum use of resources [4]. For the problem at hand, this would
mean that any changes which are being proposed should not exceed current
resource use.

Criteria for effectiveness tell us whether the transformation is helping
to achieve some higher-level aim [4]. The higher-level aim for this problem
would be to improve the service being offered by the hospital. If the criteria
for efficacy and efficiency are met, whilst still providing quality care to the
patients, this would mean that the overall service of the ED has been im-
proved, which would necessarily mean that the service being offered by the
hospital as a whole has been improved.

Therefore it would seem that, by reducing waiting times within the ED
using existing resources, we would be satisfying all three criteria measuring
the performance of the model. At this stage it becomes clear that, while
the root definition and CATWOE analyses helped to define the boundaries
of the problem, the usefulness of these techniques ends here. An approach
is needed which will help us to evaluate different alternatives within these
boundaries, while not actually physically altering anything. After analysing
the problem and reading extensive literature on similar interventions, it be-
comes clear that discrete event simulation is the most appropriate technique
to use in order to tackle this problem further.
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Chapter 4

Data Collection

4.1 Physical layout of the emergency department

The ED in Groote Schuur is located in the New Main Building, and the
physical layout is depicted in Figure 4.1.

Green Room

Arte-Roomn
Triage

SecurityEntrance

NG B

Female Holding Male Holding

Yellow Room Arae Ares

Figure 4.1: The physical layout of the Emergency Department

All patients enter past the security guards who are instructed only to al-
low emergency patients and medical staff into the ED. Ambulance patients
are taken straight to the ante-room, but everyone else has to go through
triage, which is a little section of the green room. Once patients are triaged,
they then either remain in the green room, or get sent on to the yellow
room or the ante-room depending on their condition. The green room and
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the yellow room are for less serious patients, and contain only chairs for
the patients to sit and wait on. The ante-room is for more serious patients
and contains only trolleys. The holding area is a temporary area for pa-
tients who are either waiting for test results or waiting to be admitted into
a hospital ward. It is broken up into separate male and female sections.
The holding area is equipped to contain both chairs and trolleys, with the
less serious patients sitting in the chairs, while the ante-room contains only
trolleys. The holding area is equipped to hold 6 trolleys, and the ante-room
10 trolleys. However, in reality there are often 14 or more trolleys in each
of these areas.

4.1.1 Patients in the emergency department

Through observation of each area of the ED, and also through discussion
with staff, we were able to obtain average counts for the number of patients
in each area. Obviously, this number varies throughout the day, and certain
areas are busier at certain times of the day. However, the following table
merely gives an average number of patients throughout the day which is
sufficient for our modeling purposes.

Area Ave. no. patients
Green 6
Yellow 6
Ante 16
Holding 14

4.2 Patient flows in the emergency department

As mentioned previously, all patients entering the ED, except for those arriv-
ing by ambulance, must pass through the triage area. It is here that a nurse
will attend to the patient; their vitals are checked, then the nurse makes a
quick assessment of the acuity of the patient’s condition, and assigns them
a colour code depending on this level of acuity. There are four colour codes
representing different levels of acuity:

e Red - the most severely ill patients. These patients are generally ex-
periencing seizures, have burns to the face or have inhaled smoke, or
have severely low glucose levels.

s Orange - the severely ill patients. These patients generally have com-
pound fractures, bad burns, have been vomiting blood, have experi-
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enced a reduced level of consciousness, or are experiencing a psychosis.

e Yellow - the moderately ill patients. These patients generally have
controlled haemorrhages, dislocations, closed fractures, or have been
experiencing vomiting.

e Green - the mildly ill patients. These are patients experiencing mild
illness symptoms who do not fall under any of the above categories.

4.2.1 Red and orange coded patients

As mentioned above, these are the most severely ill patients who enter the
ED. Red and orange coded patients have been grouped together because,
although the patients are experiencing different illness acuity levels, the pa-
tient flow and treatment is essentially the same for both groups of patients.
These patients either arrive by themselves or in an ambulance. However,
after consultation with the CLO at the hospital, it was decided to not in-
clude ambulance arrivals as a separate entity, as this would not add anything
to the model. After the initial triaging, these patients are sent to the ante-
room. The ante-room is equipped to hold 10 trolleys (although as previously
mentioned this number is often exceeded), and there are always at least 2
doctors on duty here. Patients in the ante-room are attended to according
to how severe their illness is, with the unstable patients being treated first.

All patients entering the ante-room are entered into the ante-room treat-
ment book, and given an initial examination. After this, there are a variety
of ways in which a patient can be treated. However, after speaking with
ED doctors, it was decided to include only the most common treatment
paths in the interests of simplicity. Therefore, after their initial consult,
ante-room patients will either require bloodtests, x-rays, x-rays and blood-
tests, or they will require no further testing. Stable patients can then be
discharged straight from the ante-room, but they are generally sent into the
holding area first, either to wait for their test results or to wait for a special-
ist. Patients who go to the holding area from the ante-room will generally
be admitted to a ward after they have seen a specialist or have received
their test results, as these tend to be the patients requiring more serious
treatment. However, some of them will go home from the holding ares if
the results of their tests are favourable.

Figure 4.2 is a flowchart which shows the flow of ante-room patients
through the ED. The Treatment Finished block is not another treatment
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Figure 4.2: Flowchart depicting red/orange coded patients’ movements
through the ED
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which the patients undergo, but is rather included for the purpose of mak-
ing the flowchart more aesthetically pleasing. This flowchart is intended to
only model flows within the ED, so there is only one entry point into the
system, and the only exit points are for a patient to be admitted into a
ward, or to be discharged. The event of a patient dying has been included
in the Discharge exit.

In this flowchart, red and orange coded patients are treated together,
because they have the same basic flow within the system. However, in the
model, there will be a separate initial consult for red and orange coded
patients. This is because red coded patients are much more critical than or-
ange coded patients and need to be seen as soon as possible. Orange coded
patients, while also critical, can be left waiting for longer than red coded
patients. Also, the treatment of red coded patients is normally longer than
that of orange coded patients. After the initial treatments, their flows are
exactly the same.

4.2.2 Yellow coded patients

The yellow coded patients are those who are moderately sick. All of these
patients arrive in the ED through their own means of transport (no am-
bulance arrivals). After the initial triaging, these patients are directed to
the yellow waiting room. This room is operational between 08:00 and 23:00
every day. If a yellow coded patient arrives outside these hours, they are
sent to the ante-room which is operational 24 hours a day. All yellow coded
patients are then entered into the yellow room treatment book. They then
wait on chairs to be attended by the doctor. Patients are seen on a first-in
first-out basis, and there is one doctor attending to patients in the yellow
room.

After an initial waiting period, yellow coded patients are seen by the
doctor in the yellow room, who then determines the requirements of the
patient. Again, there are a number of treatment paths which could theoret-
ically be taken by the patient at this stage. However, after speaking to the
ED doctors, it was decided to only include the most common treatments
in the interests of simplicity. Therefore, at this stage in our system, yellow
coded patients can go for x-rays, bloodtests, or a specialist referral. Yellow
coded patients who are referred to a specialist will either come back at a
later stage to see the specialist and hence leave the ED system (less severe
patients), or they will wait in the holding area for the specialist (more se-
vere patients). The patients who are sent to the holding area to wait for a
specialist are generally admitted to a ward at a later stage. Patients waiting
for x-ray or bloodtest results will either wait in the yellow room or in the
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holding area depending on the severity of their condition.

Figure 4.3 is a flowchart which shows the flow of yellow coded patients
through the ED. Once again, the Treatment Finished block is included for
the purpose of making the flowchart more aesthetically pleasing, and is not
intended to be interpreted as another treatment.

4.2.3 Green coded patients

The green coded patients are the least ill out of all the patients in the ED.
As with the yellow coded patients, these patients will all arrive in the ED
through their own means of transport. After the initial triaging, these pa-
tients are directed into the green waiting room. This room is operational
between 10:00 and 18:00 every day. Green coded patients who arrive outside
of these hours are either directed to the yellow room (during its operating
hours), or to the ante-room (when the yellow room is also closed). All green
coded patients are then entered into the green room treatment book, and
they wait on chairs to see the doctor. Patients are seen on a first-in first-out
basis, and there is one doctor attending to patients in the green room.

After an initial waiting period, green coded patients are seen by the
doctor in the green room, who then determines the requirements of the
patient in a similar fashion to that of the yellow patients. Once again, there
are a number of possible treatment paths from here, but for simplicity’s sake
only three have been included in the model (x-rays, bloodtests, or a specialist
referral). However, because the green coded patients are not suffering from
a severe illness, all green coded patients who are referred to a specialist will
return to see the specialist at a later stage. Therefore, they are for all intents
and purposes out of the system after being referred to a specialist, and so
this option is not included in the flowchart. For the same reason, any green
coded patient who undergoes a bloodtest will come in at a later stage to
receive their results, rather than wait around and clog up the ED.

Figure 4.4 is a flowchart which shows the flow of green coded patients
through the ED. As explained before, there are essentially only two treat-
ment paths for green coded patients in the system: Initial Consult by itself
and Initial Consult followed by X-rays. The initial consult here would also
include any bloodtests. This is because the actual taking of blood for a test
does not take long and can be included as part of the consult. As green
coded patients do not wait in the system for their results, an explicit path
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for patients who are waiting for their test results does not need to be in-
cluded here as it needs to be for the other acuity levels.

4.3 Patient arrivals

In any ED, the patient arrivals are the most critical unknown variable in
the system. If there are a large number of patients entering the ED, and
they can be said to be acting more or less independently, then the number
of patients entering the ED during a unit of time could be modeled by a
non-homogeneous Poisson process with A dependent on the time of day [18].

Data were made available from Groote Schuur Hospital which detailed
the patient arrival numbers by the hour for a period of 1 month. These data
were collected over the month of July, 2009. Using this information, we were
able to estimate a value for A for every hour of the day by using the average
arrivals for that hour over the month.

The data analysis began by plotting the estimated values of A for each
hour as a continuous process as shown in Figure 4.5. As can be seen in Fig-
ure 4.5, there is a definite trend in the arrival patterns. Arrivals slow down
slightly after 00:00 until about 07:00 where they start to pick up, exhibiting
a steady growth pattern until they peak at 11:00 where ) is exactly 8. After
11:00, the arrivals exhibit a steady decline at a substantially reduced rate
than the initial upward trend. There is no evidence of any major peaks
during this downward trend with only a brief increase at about 20:00.

This behaviour is fairly simple to explain. Firstly, as can be expected,
there is little traffic outside of business hours. This can be explained by
two main reasons: firstly, Groote Schuur is situated quite far away from its
“target market”, and so people are only going to go there at night time if
they are really ill; secondly, the type of people who rely on Groote Schuur
are generally the same people who rely on public transport which is gener-
ally non-existent at night time in Cape Town. Therefore, at the beginning
of the day, there is a marked increase in the number of arrivals, peaking at
about 11:00. After this peak, there is a steady drop off in arrivals with only
a minor peak at about 20:00. This is about the time that public transport
starts shutting down and would possibly represent people coming in after
work but before public transport closes.

Looking at Figure 4.5, the arrival pattern transitions fairly smoothly

from one value to the next, apart from the anomaly at 20:00. This indi-
cates that the time unit of 1 hour is adequate for the purposes of this study.
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Figure 4.5: The estimated values of A Tor each hour

M there were lots of arcas where the transitions weee not smooth, it would
indicate that the time unit was too Lirge, and u smaller unit would be needed.

The next step was to construet graphs comparing the actual cumulative
distribution sgainst the theorctical cnmulative distribution in order to get
somie feel for how the data fit the propescd distrilmtions. The detaiks of atl
of this are inehuded in Appendix A but an example of the Statistica ourput
len' the 12:00 inerement s givenin Figure 4.6,

Finally, a more statistienlly formal approach was adopted. Using Statis-
tivn, we then tested 1hé goodness of fit using o Pearson y? goodness-of-fir
tost.

The Pearsom y” statistic is as ollows:

7
. Oy — Ei)2
e ___f ‘ = i (4.1)
i) J
where
O =Na. of patiens arciving cach honr o thie svstet
E; =Fxperted values arvording to the Puisson mode] wich fixed A

n = Dags in July 2009

The null distritntion of the (esl statistic can be shown to be approxd-
mated by the y* distribution with degrees of frecdam (4f) being given by:
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idf =number of cells - numbeof independent paramerers fitted - 1

The ‘mumber of cells’ above relers to Lhe number of ocenrrences of each
number of patients which arrved in the given hom. This is explained in
more detail in Appendix A. Tf the p-valac for ¥~ is low, this is an indication
that the null hyporhesis (which i our ease is thet |he dara follow o Poisson
distrilmtzon) should be rejected [18. Table 4.1 is & suenmary of this dara
unalysis, and includes the value of A fur sach hour with the ¥* values and
corvesponding p-values,

looking at the p-values in Figave 4.1 for the 1* statistic, it would secin
that the assumption that the wrrivals follow o Doisson process s justilied.
Only une obscrvation lias » p-value of less than 6.1, As stutistical logic die-
tates Lhal in a test of this size at least one obsasrvation should be significan,
we sheuld not be concerned with this.

1t should be mentioned ot this puint that these arrival dara were colleeted
as part of a CLINICOM survey. After consulring with the ED staff and 1he
CLO, it was estuimaied that 1hese arrivals undersstimared the true arvivals
by some H%. Thevcfore, when building rhe actuul mode!, these values will
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Table 4.1: The estimated values of X\ for each hour

Hour [ A x*  p-value

00:00 | 2.06 1.01 0.32
01:00 | 1.42 0.52 0.77
02:00 } 1.29 060 044
03:00 | 1.03 0.98 0.32
04:00 1 0.94 1.93 0.16
05:00 | 1.26 0.15 0.70
06:00 | 0.87 0.79 0.37
07:00 | 210 1.20 0.27
08:00 | 3.93 2.78 0.25
09:00 | 448 1.85 0.60
10:00 | 7.26 1.35 0.51
11:00 | 8.00 233 0.31
12:00 | 6.84 2.39 0.30
13:00 | 6.71 0.51 0.77
14:00 | 594 4.89 0.09
15:00 | 4.84 237 031
16:00 | 548 0.90 0.64
17:00 | 5.03 0.30 0.86
18:00 | 4.65 1.23 0.54
19:00 | 3.65 1.94 0.38
20:00 | 5.55 3.15 0.21
21:00 | 3.52 2.34 0.31
22:00 | 2.55 0.12 0.94
23:00 | 2.71 3.40 0.18

be increased by 30% in order to more accurately reflect reality.

4.4 Patient splits

Referring back to Figures 4.2, 4.3 and 4.4, it can be seen that there are
a number of occasions where the patients are split up according to their
proposed treatment or path in the system. The first split happens after
the patient is triaged, when the nurse decides how ill they are, and assigns
them a colour code accordingly. Then, looking at Figure 4.2, ante-room
patients get split after their initial examination, when a doctor decides on
their course of treatment. After this treatment, there is another split when
patients can either get discharged, have a specialist referral, or go to the
holding area. Similarly for yellow and green coded patients, there is a split
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when the doctor decides on their treatment path, and there is a further
split when they are either sent home, referred to a specialist, or sent to the
holding area (for yellow coded patients only).

Earlier in this chapter, reference was made to an ‘ante-room treatment
book’, a ‘yellow room treatment book’, and a ‘green room treatment book’.
Additionally, there is also a ‘holding area treatment book’. These are books
which reside in each of these particular rooms which contain patient partic-
ulars, illness details, and their destination when they leave the room. The
details of these books were made available in order to help this research.
However, all of the patient details are not always entered into these books.
For example, it is very rare for all the details of a patient’s treatment to
be recorded here. Nevertheless, they do contain a record of every patient
passing through every room in the ED, and they also generally contain de-
tails about where they are sent. We were able to use information from these
books for the first week of July 2009 in order to estimate percentages for
some of the patient splits mentioned before. When there was no information
about where the patient was sent, that patient was ignored, as it is reason-
able to assume that these omissions were done on a completely random basis
with no inherent bias. It would also not be possible to include a path for
these omitted patients in the final simulation model.

Patient Destination after Ante-Room

Discharge Holding Area/Specialist Referral
30% 70%

The table above lists the destinations of patients from the ante-room
broken up into percentages. These data were for the first week of July, and
the details were taken from 163 patients. There were 322 patients who went
through the ante-room in that week in a ratio of 86:14 for orange coded
patients:red coded patients. However, as mentioned before, there was no
information of patients’ destinations for a mumber of patients, and so these
were not included in the final percentages. The event of a patient dying
in the ante-room has been included under Discharge. Additionally, as the
patients wait for specialists in the holding area, these 2 destinations have
been grouped together.

Patient Destination after Yellow Room

Discharge Specialist Referral Holding Area Ante-room
49% 16% 16% 19%

The above table lists the destinations of patients from the yellow room
broken up into percentages. These data were for the first week of July, and
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the details were taken from 150 patients. There were a total of 219 patients
who went through the yellow room during this period, but there was no
record of a destination after the yellow room for 69 of them.

Patient Destination after Green Room

Discharge Specialist Referral
89% 11%

The above table lists the destinations of patients from the green room
broken up into percentages. These data were for the first week of July, and
the details were taken from 174 patients. There was a record of every pa-
tient’s destination in this book, so there was no need for any omissions.

Patient Destination after Holding Area

Discharge Ward Admission
50% 50%

The table above lists the destinations of patients from the holding area
broken up into percentages. These data were for the first week of July, and
the details were taken from 108 patients. There were a total of 218 patients
passing through the holding area in this period, but there was no record of
a destination after the holding area for 110 of them. It was also observed
that over the time period in question, 32% of all patients in the ED passed
through the holding area at some stage.

Total ED Patient Split

Red Orange Yellow Green
6% 36% 32% 26%

The above table lists the percentage of patients who were classified into
each acuity level during the first week of July. These data were simply the
number of patients in each room’s book for the period in question. There
was no question of a patient’s records being omitted here, as all that was
required was a record of the patient having passed through the room.

As there were no details for the treatment of patients in these books, it
was necessary to estimate the patient splits for the various treatments which
could be undertaken. This was done after careful consultation with some of
the doctors in the ED. The following table lists these treatment splits:
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Room | Treatment X-Ray Blood Test X-Ray & BloodTest | Total

Green 60% 40% - - 100%
Yellow 50% 15% 35% - 100%
Ante 10% 20% 25% 45% 100%

4.5 Service times

The last important piece of information needed in order to build a model of
the ED are the service times for each activity within the department. These
proved to be the hardest data to find. However, after consultation with
the doctors, we were able to establish minimum and maximum treatment
times for some of the service points which would enable us to construct
uniform distributions around the times. For the activities which could be
considered as ‘pure waiting times’, such as waiting for x-ray results, waiting
for bloodtest results, and waiting in the holding area, we had to use the
average waiting times for each of these.

Activity | Time

Triaging 2 - 7 minutes
Green Treatment 10 - 30 minutes
Yellow Treatment | 15 - 40 minutes
Orange Treatment | 30 - 150 minutes

Red Treatment 30 - 180 minutes
Holding Area Wait | 780 minutes
X-Ray Wait 30 minutes
Bloodtest Wait 290 minutes

4.6 Summary of data

Looking at the data collected and described in this chapter, it is obvious to
see that they can be split into two categories: accurate, verifiable data; and
data based on expert opinion, but which is not directly verifiable. The arrival
pattern, patient paths, and the patient destination splits fall under the first
category, while the treatment splits and service times fall under the second.
The average number of patients in each room within the ED was collected
through personal observation, but as this only took place over one day and
through discussion with staff, this should be regarded as non-verifiable data.

We have striven to make the non-verifiable data as accurate as possible,
but we can never be absolutely sure that this is the case. Therefore, when
looking ahead to model verification and experimentation, we should try to
test the effects that any changes in these values will produce in the model.
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Chapter 5

Model Building

5.1 Justifying the choice of simulation package

After the basic problem structuring stage of the problem solving process, it
was decided that a logical choice of technique for the actual problem solving
stage would be discrete event simulation (DES). In 1999, Jun et al [6] sur-
veyed over 100 papers where DES had been used in health care clinics. They
describe DES as “one tool available to health care decision-makers that can
assist in examining new ways to improve efficiency and reduce costs. DES
is an OR technique that allows the end user .... to assess the efficiency of
existing health care delivery systems, to ask ‘what if’ questions, and to de-
sign new systems. DES can also be used to forecast the impact of changes
in patient flow, to examine resource needs ...., or to investigate the complex
relationships among the different model variables.” Their paper goes on to

describe more than 100 successful interventions in health care clinics using
DES.

The interventions described in Jun et al all used different forms of DES,
as simulations can be modeled in a variety of ways, including using program-
ming languages or low level simulation packages. However, the problem with
these approaches is that, while they may be more powerful in many ways,
they are not transparent and easy to use. Visual Interactive Simulation
(VIS) allows the user to see the movement of patients through the clinic
on the computer screen. This is obviously very transparent, and has great
practical appeal when building a model which needs to be validated by the
clinic staff who are probably not familiar with DES at all. Both Harper et
al [14] and Lehaney et al [3] describe using the Simul8 simulation package
in their interventions. Simul8 is an easy to use, inexpensive VIS which has
been used in successful health care clinic interventions in the past. As the
author also had some past experience in the use of Simul8, it seemed a log-
ical choice to use here.
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5.2 Explanation and setup

Simul8 uses different five different icons in order to build up a simulation.
These icons are:

o Work Entry Points

Storage Areas

Work Centres

Work Exit Points

Resources

Work entry points are locations where the patients will enter. Storage
areas are areas where patients queue and wait for service. Work centres are
areas where patient treatment is undertaken. Work exit points are locations
where patients will exit, and resources are staff members.

A simulation can be as complex and interwoven as the modeler chooses
to make it. For this particular problem, it was felt that it would be simplest
to confine the simulation to the walls of the ED. In other words, any treat-
ments or results obtained from outside the ED would be exogenous to the
simulation. Additionally, as discussed in Chapter 4, certain simplifications
were made to the treatment paths of patients.

For the purposes of this simulation, resources were only explicitly in-
cluded in the model in areas where doctors were needed to float between
work centres. In areas with only one doctor, the work centre acted as the
doctor.

5.2.1 Service times and distributions

As mentioned in Section 4.5, it was difficult to obtain service times for all
of the patient treatments. However, we were able to obtain estimates of
consulting times for some of the treatments, and estimations of the waiting
times for the rest of the service points which are provided in Section 4.5.
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Additionally, we were able to obtain counts for the average number of pa-
tients waiting in each area of the ED through observation and discussion
with staff which are given in Section 4.1.1.

The estimates of the consulting times were provided in the form of min-
imum and maximum times for each consult. As it was assumed that there
was an equal probability of the consultation taking any time between this
maximum and minimum, these can be estimated with a Uniform distribu-
tion.

However, in order to fit a distribution where the only information which
existed was the expected average waiting time, it was decided to experiment
with different distributions and parameters in order to find the most accurate
combination. This would be done by running multiple (40) runs of the sim-
ulation, and then comparing the values for key performance indicators with
the values obtained in reality. These indicators were: the average queuing
time, and the average queue size. Additional indicators which would also be
measured were: the minimum (non-zero) queuing time, and the maximum
queuing time. These were included in order to see if there were obvious in-
consistencies when using the distribution. The simulation would be run for
a warm-up period of 2 weeks in order to reach a steady state. After that, the
simulation would be run over a period of 31 days in order to collect the data.

Over the trial of 40 simulation runs, Simul8 provides an average result
for each indicator, along with a low 95% range and a high 95% range. These
ranges give the range in which the long term average will be on 95% of
the times that the prediction is made. Obviously, the more runs which are
made, the tighter these ranges become. Therefore, in order to make sure that
the values which were used provided consistent waiting and service times,
a consistency indicator was defined. This is known as the Result Relative
Consistency or RRC and is defined as follows:

ResultAve—Low95%Range

Result Relative Consistency = FosiliAve

A low RRC value would indicate a more consistent result. As completely
accurate distributions were not possible to obtain for any of the waiting
times, it was decided that it would be easiest if the same distribution were
used for each service time, with only the parameter changing. After exper-
imenting with different Normal and Erlang distributions, it was decided to
use an Erlang 15 distribution for the service times. The Erlang distribution
was felt to be more appropriate than the Normal distribution as it has a
positive value for all real numbers greater than 0, whereas the Normal dis-
tribution can have negative values depending on the size of the variance.
There was not a big difference in consistency between the different Erlang
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distributions provided in Simul8, but the Erlang 15 distribution fitted the
data the best out of the Erlang distributions.

5.3 The model

5.3.1 Arrivals

There is only one physical entry point into the ED, so it was decided to only
use one entry point into the simulation. Chapter 4 described the fitting of a
Poisson distribution to the arrival patterns experienced by the ED. Simul8
allows one to set up their own distribution, tailoring it specifically to meet
the needs of the situation. It was therefore possible to set up an arrivals
distribution for the ED using a Poisson distribution with A changing with
the hour. Arrival patterns in Simul8 are calculated by inter-arrival times
in minutes, which would be %. This then enabled an entry point to be
set up which exactly mimicked that of the actual ED at Groote Schuur. As
described in Section 4.3, it was decided to use a 30% higher arrival rate than
the one recorded there in order to more accurately depict reality. The times
used were as in Table 5.1.

5.3.2 Start of patient flow

After the patients have entered the ED through the entry point, they im-
mediately enter the queue to be triaged. Triaging is the point where the
patient’s vitals are checked, and the nurse decides on how acute the pa-
tient’s ailment is. It is a very quick process, and there are very seldom any
lines formed for it. The estimation of the minimum and maximum time
for triaging is given in Section 4.5. Using these values, we were able to use
a Uniform distribution to model the triaging process. At this point, the
patients are also split into green, yellow, orange, and red coded patients
according to the percentages given in Section 4.4.

Figure 5.1 displays a screenshot from Simul8 depicting the arrival point,
triage, and subsequent split. Green and yellow coded patients enter their
respective queues for treatment, while red and orange coded patients enter
the ante-room which in itself is a queue or storage area in the model. In the
model, the orange and red parts of the ante-room are treated separately in
order to allow different treatment times for each type of patient. However,
in reality, there is only one actual ante-room. The dummy nodes are not
relevant here, and will be discussed in the next section.
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Table 5.1: The inter-arrival times for each hour

Hour I Inter-arrival Time

00:00 22.36
01:00 32.52
02:00 35.77
03:00 44.71
04:00 49.34
05:00 36.69
06:00 52.99
07:00 22.01
08:00 11.73
09:00 10.29
10:00 6.36
11:00 5.77
12:00 6.75
13:00 6.88
14:00 7.78
15:00 9.54
16:00 8.42
17:00 0.17
18:00 9.94
19:00 12.66
20:00 8.32
21:00 13.13
22:00 18.11
23:00 17.03

5.3.3 Shift times

The three different areas which patients enter after being triaged have differ-
ent operating hours which need to be built into the model. These operating
hours are as follows:

e Green Room - 10:00 to 18:00
e Yellow Room - 08:00 to 23:00
e Ante-Room - 24 Hours

An additional consideration is that, in reality, the yellow and green coded
patients arriving from about 07:00 are redirected from the ante-room into
their respective areas, and they start to form lines there. This means that
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Figure 5.1: Simnl& sereenshot of arrivals

there iz already o line formoed whon che doclor arvives to start secing pa-
tients. In order 1o build this into che sinmlation, i wws necessary to baild
shifts into the Sinwls medel. Figure 5.1 shows that, after iriaging. vellow
and wreen coded pasienss are sent throngh dumimy nedes before they enter
the setual queacs for their relevant rooms. These durnmy noedes only be-
comme operalional from 0700, allowing che inilial queucs in the systom to be
formed. Then, the GreenConsult and YellawConsull nodes are only oper-
ational during the fimes given above, which simulates the doctors arviving
andd working their shifts. When the duwmmy noedes are not operatienal, the
patienis are re-routed inco available mieues.

However, one of the issucs with handling the shifis in this manmer is
that, when running (he model. pasients would build up in the vellow ad
green) lines overnight which is non an accurate representation of reality. In
order 1o counter this, in the model the yellow reom closes ag 23:00 and the
greon rocin olosey au 16:00, This is actually similar to realiny boeanse this
is when the triage marses siart redireeting these patients away from these
raoms, T the model, che doetors are then operationg for 3 hours afrer the
olficial shift closing as indicated previously. This does not penerally happon
in realicy, T this is just to make sure that any sivay patients are secn to,
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arid o nan end np staving in line in the moded oveenight.

Another issue with ineorporativg the shifrs in this manner is that it af-
fected the initial patient split pereentages which were discasscd in Scetion
4.4, Decanse the anfe-raom was aperating for 24 hours, the total pereent-
dge of pationts whivh passed through it was higher than the split wiven in
Section 4.4, In arder to accomodate this, 1t was necessary To alter che inirial
patient splits until tlic appropriate percentages were agzain obtained. This
was done in a stailar fashion to that described in Section 5.2.1

Lgwr35% Bange Avaisge Frsut Hich 9% Flarce
P — Rimbar Camrp e Jnbe GEE 19 aEs 4t 97371
el humbse Comp eled Joks TITZES RRE- PR 11an?a
8 anpge Cam i oy HUmbCr Coepietad bk Hapas 15ZNES 13Z8.ES
Radbunmny hhirbe Corpiebe nbs 20 a2 21363 28 53

Tahle 5.2 Results Mo che split percentages from AU runs of the model

Table 3.2 shows the resules for the number of sach tvpe of patient passing
throueh the T Tor 40 @uns of the madel | ‘completed jobs® indicates patients
pussing throngh the nade). The average poreentages of cach paticnt type ares
surnmarised in the following table, with the splits having been tailoved nsing
the technigue mentioned carlier in order to match those given in Secrion 4.4,

The numbers on the left are the aetuel splits, and rthose on the right are the
fgvres nsed it the madel,

Tozal EiY Patient Splir

Hed Orange YFrdlow Careern
B | 2.78% 38% | 15.73% 32% 2IT%  26% | pd.5N

5.3.14 Doctors in the ante-room

Az there was ouly one doetor in oeach of the yellow and greon =ooms, it
was simmple o simulane them as just one work centre which the paticnts all
passed throngh. However, in the ante-room, doctors work in shifrs which
are sumimarized in the table helow:

Anteroont doctor shils

~ Shift Tl Mo, doctors
Day 18- 16008 i}
Evening  16:44-23:00 4
Night 23:00-0%.00 2
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In order vo accornmodate this, 4 resonree kuown as Docter was intro-
duced into the model. Al of the Initia! Comselt work contres in the sute-
rome veqilive 4 fector resonrce before vhey can operate. The Dastor e
sonree works on o shift hasis according (o 1he above table.

.30 Green coded paticnt How

Green ended patients go sweaight inte the wreen room quenc. Paticnts wait-
ing in this quene are waiting to be seen by g doctor in the steen Teem for
their initial eonsult which takes between 15 and 20 winutes (see Seetion
4.3). This consult is therefore modeled on o Uniform distribution with the
minirmam set at 15 and wasinmn al 40,

After this inftial consull, patients either exit the green voom or, if thesr
have had an x-ray laken, they will wait for chis result, Patients being dis-
chirged are cither eonepletaly discharged, ov they are given a specialiss re-
ferral, which racans they oxic the systen for the time being, bat vetirn at
g later stape. Figuve 5.2 <hisplays a sereenshot from Simnls depicting vhe
green coded paticnes’ pathway through the systen.
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Figure 5.2: Simul8 sereenshot of green pasliway

The wait for seray resuelrs is genervally abvony 30 mimwmes (refer to Section
4.5). Using the logic cutlined in Seetinn 5.2.1, the service time for groen
x-ravs was miodeled onoan Erlang 15 distribation with a parametsr valie of
2% Figure 5.3 displays a sereenshor from Simul® with the results from the
key performance indicators for 40 ronz of the sieulation:

Tal:le 5.3 shows that the average wait for x-ray results (s juso leas than
& minutes. 1f the pavameler value of 23 1= addesd to this time, we gbtain an
wpected waiting rime of just less than 30 winutes, The RRC fer the wait
for xray results is (005 which indieates chat vhese results are very consistent.
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Tahle 5.3: Simul8 resalts for green paticats

The average walt for a copsult is just more than 3 haurs, und the RRC for
this result is 0,01 which again indicates that chis result is very econsistent.
The average queue length for groen coded psatients is just over 4 peaple. The
average Tumber observed in the green gueue in reality was about 6 people
(rafer to Sectiun §.7). This discrepancy can be explained by the shift system
nsed in the model  As explained in Section 532, the medel uelnally Tuns
the green oo for longer than it aperates in eeality in order to atlend ta any
stray patients, This weans that there will be perlads where Lhere are vory
few patients in the line, which would accounc for the shight underestimation,

5.8.6  Yollow coded patient flow

Yellow coded] padients go straight into the vellow room queue after triaging.
Parients waiting in this(gueue are waiting to be seen by a doctor in the
vellow room for their initial consult which takes becween 15 and 40 mimres
[sie Section 4.5), This consult is therefore moddeled on a Uniform distribue-
tion with the manbmum set at 15 und maxinuim at 140,

After this initial consult, patients either exit the vellow arca, wail for x-
ray ar blood-Lest resilts, or wail for a specialist veferral. Less sovere patients
waiting 1o see a specialist will leave the system and eome back ac a later
stape, while the more severe patients will wail in the holding area or ante-
room. Similarly for patients wairing for Lest results; less severe pationts will
wait in the vellow room, and more severe paticnts will wait in the hiolding
area or ante-rvom. Figare 3.3 depicts the vellow coded pationts’ parhway
through the syatem,

The wait for x-ray resilia is generally abour 30 minutes, and the wait
fur bloodtest results is zenerally about 290 minutes (refer 1o Section 4.5).
Using the logic outlined in Section 5.2.1. the service rime far yellow x-rays
was modeled on an Erlang 15 «istiibusion with a parameter value of 30,

62



: Followlzizoh arge
Quaue farvallowflood  YellowBiood 2]
1]

1] HaldingDummy
Store 0
LA ] f f‘:}
Qisoye Tor e llowt ansult T!llnwnbn:qﬂ/ \\ :l’lllﬂwﬂg'-’”’/ﬂ

- P
uuua far Yo llowitRays Ytﬂnﬂﬂa/ \r}hglﬁﬂh

E—a U

Figore 3.3 Simul2 screenshot of vellow pacthway

while the serviee time for yellow bloadtests was modelled on an Evlang 15
distribution with 2 parameter value of 86, Table 5.4 displays a screenshot
from Simul3 with the results from the key perlopmance indicators for 40
runs of the simulation:
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Tuble 5.4: Sienal® results for wellow patients

Thie average yuouing time for bloodtest results is abour 199 minates
which, when added to the paramcter value of 86, results in a total bloodtest
turnaronnd time of about 285 minutes, The RRC for this result is 0.08 which
indicotes that the resnle is consistent. Similarly, if che pararmeler vidue for
x-rays is added to the average waiting time, it gives a total wait of just over
30 minutes wich an RRC of 0.04. The uverage writ for the initial consalt
is about 213 minutes, with an RRC of 0.04. In total, there are just more
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than 7 people queuing on average in the yellow room in the model which is
simnilar to the reality.

5.3.7 Ante-room patient flow

After triage, ante-room patients are sent straight into the ante-room, where
they wait on a trolley if there is one available. Ante-room patients are a
combination of red and orange coded patients, and the more seriously ill pa-
tients are seen first. The table in Section 4.5 shows that the initial consult
is between 30 and 180 minutes for red coded patients and between 30 and
150 minutes for orange coded patients. These are both modeled as Uniform
distributions in the model.

After the initial consult, patients either have: no more testing, x-rays,
bloodtests, or x-rays and bloodtests. After this, patients will then exit the
ante-room; either into the holding area, or to be discharged. Figure 5.4
depicts the ante-room patients’ flow through the system. This looks more
complicated than for the other patients becausé we have included multi-
ple service points for both orange and red coded patients. This is not how
the ante-room operates in reality, but this allows us to simulate the fact
that there are multiple doctors in the ante-room seeing patients. The Doc-
tor resource can be seen on the left of the diagram between the OrangeAnte
and RedAnte work centres. This resource will float between the OrangeCon-
sult and RedConsult work centres whenever a patient arrives at one of them.

As indicated previously in this chapter, the wait for x-ray results is about
30 minutes, and the wait for bloodtest results is about 290 minutes. Log-
ically, the wait for both x-ray and bloodtest results should also be about
290 minutes. All of these service times are modeled as Erlang 15 distribu-
tions with parameter values of 27, 83.75 and 51 for x-rays, bloodtests, and
x-rays and bloodtests respectively. We would expect the parameter values
for bloodtests, and x-rays and bloodtests to be very similar, as we are es-
sentially trying to simulate the same length of time passing. However, 25%
of anteroom patients only get their blood tested, whereas 45% of anteroom
patients have both x-rays and blood taken. Therefore, the parameter value
for bloodtests only is necessarily higher than that for both x-rays and blood-
tests because there are less patients passing through the “bloodtest only”
work centre. Table 5.5 displays a screenshot from Simul& with the results
from the key performance indicators for 40 runs of the simulation.

When the parameter value for x-rays is added to the waiting time from

Table 5.5, we obtain a total x-ray turnaround time of just over 30 minutes
with an RRC of 0.05. Using similar calculations, we can obtain a bloodtest
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Figure 5.4 Siinuls serecnshot of antesvoons patients’ flow throuegh system

turnaround time of Just legs than 290 minutes with an RRC of 0.08, and an
x-ray and bloodrest turnaround time of just over 290 minutes with an REC
uf 0.12. The RRC valnes for all ol these vesults indieate that they wre all
consistent, und should represent reality adequately in the maodel.

Louking at the quening time for red coded patients, we can see that the
average is 1537 with an RRC of 0.03. This is very low in eompurison to
uther waits in the syslem, and is o fair indicacion of reality. Howsver, red
coded paticnls can only b pricritized in the sinmmlation up to a point. Any
red eoded patisot arnving is given priovity to see the next available doetor.
However, in the simulution. doctors will not leave other patients in order to
actend to A highly eritical patient. In reality, this is ol always {he casc:
doctors in {he ante-room will somclinies leave less critical patients in ovdor
to stubilise a highly eritieal arrival. This was impossible to build into {he
macel, and 50 the average waiting time here is probably slightly higher in
the model than in reality. This should not really allect the gquening tine
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Table 5.5: Simal8 resulis for ante-room patients

for orange coded pasicnts in the modéel wlhich is about 118 juinutes with an
RRC of (.02,

If we add up all of the average gueve sizes in the ante-room, the voral
comies to by 1) patients. Tu reality, there arc normally sbiout 16 paticnts
in the unte-room. However, this can be explained ly the fact that some
putients who acrunally should be in the holding arca are instead waiting in
the unte-room due tothe lact thar there is not enough space in the holding
area. [ herefore 10 patients is about the average number of actual ante-room
patients in the ante-roon.

5.3.8 Holding area

Paticnts enver the holding arca from the vellow room or from the ante-room.
There are 2 tvpes of paricnts in the holding area: those waiting for a bed in
the main hospital. and those undergoing trial of therapy. Thase undergoing
trinl of therapy arc waiting for results or arc simply under observation, and
they will gencrally be discharged from the holding area if they are deemed
healthy, Those waiting for a bed in rhe main hospital generally need o see
a specialist first belore they can be admitted. Thercfore, from the holding
areq, paticnls are either discharpged, ov they wait for a specialisl, afler which
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they will get sent 1o o ward in the main hospital, and henee leave our system.

Figure 5.5 Simul8 screenshot of the holding area of the system

The average wait for a patient who is eventually discharged from the
holding area 15 about 13 hours. The average walt for patients who are ad-
mitted into the main hospital from the holding aven (the specialist referrals)
is normally about 2 hours less than this. This is becanse the paiients who
are eventually discharged will reccive all of their treatment in the bolding
area. while the other patients receive their treatment in the main hospital,

Table 5.6 displays o sercenshol from Simnl8 with the results from the
key performanee indicators for- a0 tons of the simitlation, The service times
for both TviadOfTherapy and Wait (refer to Figure 5.5) are modeled on an
Frlung 15 with |he paranieiers 61.25 and 60.25 respectively.

Ak dinoie Aoyt QR 3 T a3 1215

My (on-pees Qe Tene 740 4085 T4t
At ik Guairg Tims 45751 £54.10 7370
Mzl e Gooureg Tine 123322 1455 48 1EFR7E
Hobdinghi e Ayt e » size 47 e 1372
e (e Déro) Cusung lma  -363 HEE 43 I
oo m Qeving Tre Lot a5 Z4ETN
Mar rum Guens Trs 1530 2% 174i17 1850.07

Tahle 5.6: Simul8 results for hobding arca patients
Adding the parameter value to the time given in Table 5.6 we oblain a

total waiting time [or holding ares patients undergoing (riel of therapy of
just over 13 lours with an RRC of (.17, Similarly, (he wait for the specialist
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referrals is just less than 11 hours, with an RRC of 0.23. These are clearly
the most inconsistent results in the model. However, they are adequate for
the purposes of this model.

The average number of people in the holding area according to the model
is just over 21 people, while the table in Section 4.1.1 indicates that, on av-
erage, there are only about 14 people there. This can be explained by noting
that the overflow from the holding area usually lands up in the ante-room,
as described in the previous section.

Appendix B provides a summary of all of the parameter values discussed
in the previous four sections.

5.3.9 The complete model

After putting together the various components of the simulation model
which were described previously, the final model is depicted in Figure 5.6.

In order to test the validity of this simulation model, a few basic tests
were done using the parameters previously described in the chapter. Using
the treatment books described in Chapter 4, a count of the number of pa-
tients in each section of the ED over a month was constructed. These data
are shown in Table 5.7.

Table 5.7: Number of real patients in each treatment book over a month in
the ED

Total | Green Yellow Ante Holding
3909 951 1198 1760 1192

If Figure 5.6 is examined closely, it can be seen that some yellow coded
patients are admitted into the ante-room after being through the yellow
room first. These are generally cases where the doctor decides that the
patient is actually more seriously ill than was initially thought in triage.
Therefore, these patients would be counted in both the yellow treatment
book, and the ante-room treatment book, resulting in a double count. Re-
ferring to Section 4.4 it can be seen that 16% of all yellow coded patients
are admitted into the ante-room. Over a month, this would be about 152
patients. Therefore Table 5.8 presents a revised count of patients.

Then, the simulation model was run in Simul8 for 40 runs over a period
of a month, and results for key indicators were obtained. The indicators
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Table 5.8: Revised number of real patients in each treatment book over a
month in the ED

Total | Green Yellow Ante Holding
3717 951 1198 1568 1192

used were the total number of patients passing through key nodes. Re-
ferring to Figure 5.6, the nodes used were: GreenDummy, YellowDummy,
OrangeDummy, AnteDummy, and HoldingDummy. Looking at Figure 5.6,
all green coded patients pass through GreenDummy, and similarly for the
other types of patients with the other nodes. The results are shown in Table
5.9.

Low 95% Range Average Result High 95% Range
GreenDummy Mumber Completed Jobs 95818 Q6585 973.71
YellowDurmmy Mumber Completed Jobs 117385 118233 1190.70
OrangeDumnyy Number Completed Jobs 132182 133083 133883
RedbDummy Number Completed Jobs 20892 213863 21833
HoldingDumiy humber Completed Jobs 141469 142433 1433.86

Table 5.9: Simul8 results for key nodes for 40 runs of the simulation

Comparing Table 5.8 with Table 5.9, it can be seen that the average
results given out by the model are very close to reality for the green and yel-
low coded patients. When the average figures for the orange and red coded
patients are added up, we can see that the model is a close approximation
to reality in this case as well.

The only figure where the model is substantially different to the reality
is the one for the holding area. The actual number of 1192 patients passing
through the holding area is substantially less than the average of 1424 given
out by the model. In reality, around 32% of all patients in the ED pass
through the holding area while, in the model, nearly 39% of patients pass
through the holding area. In the model, as in reality, patients only enter the
holding area from the yellow room or from the ante-room. In Section 4.4,
an assumption was made whereby all patients leaving the ante-room for the
holding area were grouped together with all patients leaving the ante-room
to wait for a specialist. This assumption was made because most of the
patients wait in the holding area for a specialist. However, there are some
occasions in reality where patients will wait for a specialist in the ante-room,
which would account for the higher percentage of patients passing through
the holding ares in the model. It would be too complicated for the purposes

70



of this model to alter the patient split percentages to accommodate this
minority of patients. As the difference is not too great, we will note this
discrepancy, but leave it in the model.

71



Chapter 6

Sensitivity Testing

6.1 Brief overview

The simulation model described in the earlier chapters is not meant to be a
completely accurate depiction of reality. The ED at Groote Schuur is very
complicated, and any model cannot hope to capture all of this complexity.
Further, due to lack of data, certain simplifications and adjustments were
made as discussed in the previous two chapters. However, the model should
give us a general overview of how the system operates. With this in mind,
it is necessary to run some tests on the model, in order to assess where its
strengths and weaknesses lie.

The methods used here fall under the realm of model validation. This
is defined as “substantiation that a computerized model within its domain
of applicability possesses a satisfactory range of accuracy consistent with
the intended application of the model” [17]. The intended application of
this model is not to be used as an accurate prediction tool, but rather as
a helpful aid in order to identify factors influencing patients’ waiting times.
Therefore, it is not necessary to do extensive sensitivity analyses here. The
basic tests performed on the model will include:

e Face Validity Tests

e Animation and Tracing Tests

Internal Validity Tests

Parameter Variability-Sensitivity Tests

Extreme Condition Tests

e Model Structure Tests
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Face Validity Tests are when people knowledgeable about the system
are asked whether the model and its behaviour are reasonable. Animation
and Tracing Tests are when the model’s behaviour is examined at a slow
pace through the graphical interface. More specifically, different types of
entities are traced through the model in order to determine if the model’s
logic is correct. Internal Validity Tests are when several replications of a
stochastic model are made to determine the amount of internal stochastic
variability within the model. Parameter Variability-Sensitivity Tests consist
of changing the values of certain parameters in the model to determine the
effect on the output. Eztreme Condition Tests test the model’s reaction to
extreme and unlikely reactions of levels of factors in the system. [17] Model
Structure Tests are not really mentioned in the literature. However, for two
specific parts of this model it is desirable to build different versions and
then compare them in order to see which one is a more accurate depiction
of reality.

The first two types of test mentioned cannot really be recorded here.
For the face validity test, the animation model, along with the outputs of
patient waiting times at various points in the system, were shown to the
CLO and the Head of the ED at Groote Schuur. Both of them felt that,
while the results were not an exact replication of reality, they were a rea-
sonable approximation of the system. For the basic animation and tracing
tests, various patients were assigned different colours within the model and
these patients were followed visually. Again, the simulation seemed to be a
reasonable approximation of reality.

Looking back at Chapter 5, we can see that internal validity tests have
already actually been performed while the model was being built. The Result
Relative Consistency indicator defined in Section 5.2.1 measures the inter-
nal stochastic variability within stochastic areas of the model. Therefore,
the only tests which will be dealt with in this chapter will be parameter
variability-sensitivity tests, extreme condition tests, and model structure
tests.

6.2 Parameter variability-sensitivity tests

At the end of Section 4.4, there is a table which shows the percentage of pa-
tients getting each specific treatment (x-rays, bloodtests etc) for each of the
consulting rooms (green, yellow, or ante). It is mentioned there that these
patient splits are only estimates obtained after consultation with some of the
ED doctors as actual records of that information do not exist. Therefore,
in order to test whether this estimation will have any effect on the outcome
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of the model, we will use equal splits on all of the treatments, and note any
differences in the outcomes. The criteria used to test this will be the average
waiting times for each of the treatment paths, and the average overall time
spent in the system for each patient type. Table 6.1 shows the original and
altered splits used in the test, and the criteria results are given in Table 6.2.

Table 6.1: The original and altered splits

Room [ Consult Only X-Ray Blood Test X-Ray & BloodTest | Total
Green(Original) 60% 40% - - 100%
Green(Altered) 50% 50% - - 100%
Yellow(Original) 50% 15% 35% - 100%
Yellow(Altered) 33.33%  33.33%  33.33% - 100%
Ante(Original) 10% 20% 25% 45% 100%
Ante(Altered) 25% 25% 25% 25% 100%

Table 6.2: Criteria results for original and altered splits

Criterion | Original Altered
Queue for GreenConsult 186.75  186.75
Queue for YellowConsult | 213.39  213.39
OrangeAnte 118.23  119.70
RedAnte 15.37 14.89
Queue for GreenXRays 4.56 7.45
Queue for YellowXRays 0.99 2.55
Queue for YellowBlood 199.47  155.60
Queue for AnteXRays 3.54 4.90
Queue for XandBlood 239.12 31.34
Queue for AnteBlood 205.59  208.77
GreenDischarge 225.62  230.32
YellowDischarge 352.79  341.69
AnteDischarge 451.16  342.48

Looking at the results in Table 6.2, we can see that the difference in
the patient splits does not really alter most of the waiting times within the
model. The only times which are substantially affected are the wait for
bloodtest results for yellow patients, and the wait for bloodtest and x-ray
results for ante-room patients. In both cases, this wait is reduced when even
patient splits are used. This result is understandable for the ante-room pa-
tients if the table listing the splits is examined. In the original model, 45%
of ante-room patients wait for both bloodtest and x-ray results, and this is
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reduced to 25% in the alternative model. Obviously, less patients leads to
shorter queues which leads to lower waiting times.

However, for the yellow coded patients’ waiting for bloodtest results, the
split is reduced by less than 2%, and there is still a significant reduction in
the waiting time in the alternative model. It stands to reason then that this
criterion is sensitive to changes in the patient splits within the model.

The reduction in waiting time for ante-room patients waiting for blood-
test and x-ray results also leads to a reduction in the criterion AnteDis-
charge which effectively measures the average time that an ante-room pa-
tient spends in the system. This is also logical, as a reduced waiting time
in one part of the system for ante-room patients should lead to a reduction
in their time in the system. There is also a slight decrease in the average
time spent in the system for yellow coded patients, which again is explained
by the reduction in the waiting time for bloodtest results for yellow coded
patients. There is also a moderate increase in the average time spent in
the system for green coded patients which can be explained by the slight
increase in waiting time for green coded patients waiting for x-ray results.

6.3 Model structure tests

As mentioned in Chapter 5, the ante-room in the simulation model is con-
structed differently to its real-life counterpart. In reality, there is only one
ante-room. In the model, there are nine different consulting areas in the
ante-room, divided into six for orange coded patients and three for red coded
patients, with the different patients queuing separately for these areas. The
reasons for this were also given earlier. Additionally, the red areas have
priority when it comes to using a doctor. i.e. when a patient comes into a
red area, that area will get the next available doctor even if there was an
orange coded patient waiting before them.

6.3.1 Ante-room ‘layout’

In this sensitivity test, we will test whether this is the best number and
combination of areas. The criteria used to judge this will be the average
waiting time for orange and red coded patients. The results are given in the
following table with the red coded patients’ waiting times above the orange
coded patients’ waiting times:
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‘Areas’ Red

2 3 4

5 16.16 1468 14.46
128.62 129.38 120.42
17.13 1537 15.26
117.95 118.23 1198.6
7 16.9 15.85 15.1

11795 117.95 119.39

oo R e O
[=>]

This should be able to be examined using a factorial experiment with the
number of areas for each type of patient being the factors. However, seeing
as there is only one observation per cell, it is difficult to estimate the two
factor interaction. Using a test developed by Tukey, we were able to deter-
mine that there is not a significant interaction between these two factors [12].
Furthermore, any factorial experiment would only be able to tell us which of
the factors was significant, which is not relevant to the problem here which
is more subjective in nature. Instead, we are trying to determine the best
representation of the ED at Groote Schuur. It is worth remembering here
that, while orange coded patients are important, red coded patients are the
priority in the ED as they are the most critical. Therefore, the combination
which should be used should be the one with the lowest waiting time for red
coded patients, provided it does not affect the orange coded patients in too
dire a manner.

In practice, all of the combinations with more than five orange areas
are adequate for the purposes of our model. However, there is a quite per-
ceptible decrease in waiting time for red coded patients when the number
of red areas is increased from two to three at all levels. After that, the
gain becomes less apparent and there also seems to be a trade-off, with the
waiting time for orange coded patients becoming worse. It also needs to be
remembered that there are at most only six doctors in the ante-room at any
one time, so having seven areas for orange coded patients would be a case
of overkill. Therefore, the best combination would have to be the one with
three red areas and six orange areas, which is the original one we had been
using.

6.3.2 Simulation methods in ante-room

In this test, we will test whether it is not better to combine the red and
orange coded patients into one queue, and have them share commmon con-
sulting areas or service points. There would be a total of six areas, as that
is the maximum number of doctors at any one time in the ante-room. Red
and orange coded patients would then each be assigned a different label in
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the simulation in order to identify them, and the service point would apply a
different distribution for the consultation depending on the type of patient.
Red coded patients would be given priority and jump to the front of the
queue. This is a neater way of doing the simulation, but is more compli-
cated to set up. The results are given in Table 6.3.

Table 6.3: Criteria results for original and increased arrival patterns

Criterion | Original Shared Ante-room

OrangeAnte | 118.23 101.32
RedAnte 15.37 23.93

There is a quite perceptible drop in the time for orange coded patients.
However, as discussed previously, the waiting time for red coded patients is
our paramount concern, and this seems to increase by more than 8 minutes.
This is not acceptable, and so we must conclude that the original method is
preferable.

6.4 Extreme condition tests

The most important driver of the whole model is the patient arrivals. This
is the critical unknown factor in any ED, and one over which they have
absolutely no control. In Chapter 4, it is mentioned that the original data
used to compile the arrival rates were based on a CLINICOM survey, and
that these underestimate the true arrival rate by some 30%. Therefore, the
arrival rates used when building the model were a 30% increase on these
rates. In this extreme condition test, we will increase the arrival rates by
60% from the original CLINICOM statistics and see how the model reacts.
The results are given in Table 6.4, where it becomes apparent that this in-
crease in the arrival rates has a profound effect on the system as a whole.
It is easier to begin with those criteria which are not badly affected by this
change.

The queues for a consultation for both green and red coded patients do
not seem to be badly affected. Similarly, the queues to wait for x-ray results
by themselves for all patients also do not seem badly affected. Consequently,
the total time spent in the system for green coded patients, as measured by
GreenDischarge does not increase by a large amount,.

On the other hand, the queues for consultations for both yellow and or-
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Table 6.4: Criteria results for original and increased arrival patterns

Criterion mrigind Increased
Queue for GreenConsult | 186.75 258.12
Queue for YellowConsult | 213.39 3390.37
OrangeAnte 118.23 780.85
RedAnte 15.37 21.12
Queue for GreenXRays 4.56 4.69
Queue for YellowXRays 0.99 0.94
Queue for YellowBlood 199.47 378.27
Queue for AnteXRays 3.54 4.90
Queue for XandBlood 239.12 3609.73
Queue for AnteBlood 205.59 1443.83
HoldingArea 719.52 4682.88
AdmissionWait 594.1 4130.71
GreenDischarge 225.62 298.95
YellowDischarge 352.79 3591.08
AnteDischarge 451.16 3141.26
HoldDischarge 1221.04  7661.19
Ward 1095.50  7125.23

ange coded patients experience a huge increase in waiting times, as does the
waiting time for bloodtest results for ante-room patients. Additionally, the
waiting time for bloodtest results for yellow coded patients nearly doubles,
but this increase is not as severe as the ones previously mentioned.

However, at three areas in the model, the increase in waiting times seem
to be even worse than those previously mentioned. These areas are: the
wait for bloodtest and x-ray results for ante-room patients; and both sets of
waiting times for the holding area patients. These are measured by Queue
for XandBlood, HoldingArea, and AdmissionWait respectively. This fact
should be taken into account when designing any experiment around this
system. As a direct consequence of these increased waiting times, the time
spent in the system by yellow room, ante-room, and both types of holding
area patients increases substantially.
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Chapter 7

Model Experiments

7.1 Overview of experiments

Now that the model has been validated through the sensitivity analysis, it
can begin to be used in various experiments. As explained in Chapter 6,
this model is not an exact replication of the ED at Groote Schuur, but is
rather an approximation of the system. Therefore, this model should not be
used to make exact predictions about the system’s behaviour. Nevertheless,
such experiments still contribute to a broad understanding of the system’s
behaviour.

Seeing as there are essentially four different areas in the model, it was
decided to do separate analyses of each of these areas as there are different
driving factors in each of them. The criteria used to judge these analyses
will be the total time spent in the system by patients in these areas.

After consultation with some of the ED doctors, and analysis of the
model itself, several factors in each area were identified which were thought
to be critical to affecting patient waiting time there. A factorial approach to
experimentation was then adopted as it is reasonable to assume that there
will be interactions amongst some of these factors. Full factorial experi-
ments with three replications were conducted where it was possible, and in
one instance a half factorial design was adopted. For the purposes of this
research, it was decided that each factor would be tested at two levels. This
is illustrative of what can be done in more detailed future studies. The
factors chosen and their levels are listed in Table 7.1 (not all of them were
used in each experiment).

For the factors which altered the number of doctors in each room, it was

decided to use the existing level as the lower level for testing purposes. This
is because it is not feasible to have less than one doctor in the yellow and
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Table 7.1: The original and altered splits

Factor Lower Level Existing Level Higher Level
No. Patients Arriving -5% +/-3691 +5%
No. of Doctors in Green Room 1 1 2

No. of Doctors in Yellow Room 1 1 2

No. of Doctors in Ante-room 2-4-6 2-4-6 3-5-7
Bloodtest Turnaround Time 180mins 290mins 400mins
Holding Area Waiting Time 7hrs 13hrs 19hrs

green rooms, and reducing the ante-room doctors by one per shift affects
the model acutely, and is also not really feasible in practice.

It was noted in Chapter 6 that increasing the arrival rate had a dramatic
effect on three areas in the model and that this was not an accurate depic-
tion of the reality. These areas were: the two holding areas, and the wait
for x-ray and bloodtest results in the ante-room. Therefore, for experiments
where the arrival patterns were increased, the values for these areas were
adjusted downwards in order to more accurately reflect the actual behaviour
of the model. (Details of the adjustments to the parameters are included in
Appendix A.)

7.2 Green room patients

For the green area of the model, there were only two factors which were felt
to be driving the patient waiting time. These factors were:

e The arrival pattern

e The number of doctors in the green room

Seeing as there were only two factors, it was relatively simple to conduct
a full factorial test as there would only need to be four runs of the simulation
(multiplied by the three replications of course). Therefore a full 22 factorial
design was able to be used (details of which can be found in Appendix C).
The results of the ANOVA follow:

80



_“‘._a’-ai-._rlahln NS F I Effvc Size
Avvival Parrern(A) | 134080 BG843 0000000 2114
No of DactorsiB) | 52638.20 3411975 0000000 13249

_AB Interaction 3235.00 20030 0.000000 10,35

All of the effects were siguificant at 4 very low level This result is to
be expected from o simulation as there is & lot of information available
Therefore, for the purpeses of our 1est. it is a better exercize to look at the
sz of the offeeta. This gives o Lecter =ense of (he size of the role that esch
factor plays in determining waiting time for green coded patients, A graph
of these fuctors is presented in Figure 7.1,

Effuct Sizes for Sreen Patlents
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Figore 7 1: Graph of green faciors

Looking at Figure 7.1, it becomes apparent that the mamber of doctors
in the green yoom is deatly the over-nding factor in determining waiting
time for green eoded patients. In the extreme cose, the moadel sugpests a
reduetion of wairing time by oearly two hows following the introdaction
of an extra doctor in the green room. Hewever, this should not he taken
too literally; scffice it 1o say thae this fiuceor s the primary determinant of
waiting time for green coded pariens,

7.3 Yellow room patients

For the yellow area of the model, there weore three factiors which were felt 1o
i driving the parient waiting tine. These factors were:
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s The arrival pattern
s The number of doctors in the vellow room

¢ The hloodtest varnaronind time

Secing as there were three factors this time, cight rong of cach replica-
tion would be needed in order 1o estiniane all of the eflectz. This would be
a total of 24 runa. While this is twice the size of the previous experiment,
it i= 51l manageable, and it was felt that it would be better to do this as it
wenild allew all of the mteraction elfect= to be eqnimated as well as the main
effccts, Therefare a ull 27 factorial desion was able to be used {detail al
which ean be found in Appendix C). The results of the ANOVA [ollow:

Variablc | ME = P Effeet Size
Avrival Pattern{A] | 42078 1470500 0000000 54.64
No of Doctars{B) 188101 6473640  0.000080 137.06
Bloodtest Time(C) | 37214 12811.40  LOGDOU TH. T

AB Interaction 11531 206960 L0 14,84
AC Interaction 053 1057 00 © G QUG 22.56
ABC Tnteraction Phr 16.20 [J.(][][J{-]Sl 280

The BC! interaction was left out of the ANOVA table as this was the
omly eflec) which was not siznificant, For the same reasons eited earlier,
most of the effects here were sipuifieant at o low level, and so it was decided
ta rathea Yook at the effeet siaes in order to gen a better indication of the
drivers of vellow coded palienl wailing lime. A graph of these effect sizes s
displayved 1 Frgure 7.2,

Looking at Fignre 7.2, it becomes apparent that all of the main effeets
are fairly large, while the interaction eflocts are smal! enongh to be imnored.
at least for the purposes of understanding the primary system drivers. Tlow-
ever. the addition or reduction of doclors in the yellow room has an effisct
which is miore than twice that of the next lareest effect. This mdicates thar,
onee again, the biggest driver of patient waiting times is the number of doc-
tors in the ares. Interestingly enoucsh, this effect was actually noticed by the
ED staff witheut the ase of (his model, as thers wore ongoing cxperiments
with an addilional doetor in the vellow room at the tite of thiz rosearch.

7.4 Ante-room patients

Fur the ante-raom arca of the model, there were thres factors which were
fclt to be driving the patient waiting time. These factors wore:
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Effect Sizes for Yellaw Patients
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Flgnee 7.2: Graph of yellow factams

a The arrival pattem
o The number of docrors in ihe ame-room

o The Boodtest turnareund time

Sitnilurly to the design for the expetitnents on the yellew arca, it was
felt that it would be best to use a fll 29 factovial design hiere in order to
estintale all the wain and intersetion effecls pregent [detadly of which can

be found in Appendix C).. The ANOVA resulis for this experiment are as
fullows:

Variable \IS 5 p  ECilect Sizc
Arrival Pattern(A} | 339103 51400.80  0.000000 237.73
No of Dactors(3) 09135 1384.60  D.O0NDONON 39.02
Bloodtest Time(T) | 135138 2048410 0,000000 130,08

ADB Iuteraction 13884 210450 0.0000M) d8.10
AC Tnteruction l4nsil  21551.60  DA0OO00 133.22
3 Taferaction 13042 1977.00 0000000 46,62
ABC! Intevaction 3112 TTARD D.OODODO 29,159

All of the effecis here are significans, As explained before, this could be
duc to this heing u sitalation model and there belng & Lot of informacion
available. Onee again, it is more illuminating to examine the size of the
elfects, rather than simply observing the fact that they are significant. A
graph ol these sizes is depicted in Figure 7.5



Effect Sizes for Ante-room Patients

Figure 7.4 Graph of anre-room factors

Looking at Figure 7.3, it becomes dear that twe of the factors (arrival
pattern and bloedtest turmaround time) along with their Interaction (which
in this case is of the same ovder of magnitude 88 the main effects) drive the
waiting time for ante-room patiemts. Interestingly enough, the only main
effect which is not particularly large is that of the number of doctors in the
ante-rootn, which is & completely different resull from that of the previous
two arens where this change had the higgest elfect. A probuble reason for
this is thal. for the majority of [he day, there ate between 4 and 6 doctors in
the ante-room, while there i anly' | dactor in each of the green and vellow
rooms, Therefore increasing the number of doctors in either the yellow o
the green room by 1 amdénnts to o 100% incresse in manpower, whereas
increasing the number of doctors in the antecoom by 1| amounts to only
about a 25% increase in manpower,

The main driver here is the andval pattern into the T, This does muke
sense, in that roughly 42% of ED patients go through the ante-roor af
some stage in therr teeatment. This is obviously a lot more than for the
other rooms, and so any change in the arrival pattern should hove the most
effeet hore.

The bloodtest turnaround time also plays a big part in determining wait-
ing ume, Additionally. the intersction between these two factors is large.
As noted in Chapter 6, increusing the arrival rate serves to further increase
the turnaround time for bloodtest and x-ray results for unte-roum patients,
indicuting that the interaction effee! here is reinforcing, This was explicitly
compensated for in designing rhis experiment, so this interaction may in fact
hiave been dumpened slightly by this, and could be larger than is depicted.
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7.5 Holding area patients

For the holding area section of the model, there were five factors which were
felt to be driving the patient waiting time. These factors were:

The arrival pattern

e The number of doctors in the ante-room

The bloodtest turnaround time

The holding area waiting time

The number of doctors in the yellow room

This time, there are five factors which need to be tested. Therefore, in
order to measure all the possible main effects and interactions, there would
need to be 32 runs of the model multiplied by three replications, which would
be a total of 96 runs. This was felt to be a bit unnecessary, as significant
interactions higher than 2nd level are not very likely based on the previous
experiments. Therefore, it was decided to use a half factorial design as that
would mean only doing 48 runs, and not losing too much critical informa-
tion. The design used was a 257! with defining relation I = ABCDE (where
A, B, C, D, E are the five factors). This is a resolution V design which means
that no main effect or two-factor interaction is aliased with any other main
effect or two factor interaction (details of this can be found in Appendix C).
The results of the ANOVA are as follows:

Variable ‘ MS F p Effect Size
Arrival Pattern(A) 3862905 5460.29 0.000000 567.37
No of Yellow Room Doctors(B) | 28134 39.77  0.000000 48.42
No of Ante-room Doctors(C) 73255  103.55 0.000000 78.13
Bloodtest Time(D) 265117  374.75  0.000000 148.63
Holding Area Wait(E) 3031090 4284.50 0.000000 502.58
AD Interaction 58984 83.37  0.000000 70.11
AE Interaction 556968  787.29  0.000000 215.44
BC Interaction 5951 8.41  0.006690 22.27
DE Interaction 7319 10.35  0.002966 24.70
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Once agaim. only the significant effeces arc showm in the ANOVA tahle.
However, once again, most of the ellects are significont, which means that
we need o Jook at the effeet sizes in order to get o better feel for the results,

These are given in Fisure 7.4,
B A

Effect Sizes forHolding Ares Patients

sira

Figure 7.4 Graph of holding area factors

The effects of {wo factars stand out here: the anival pattem, and the
holding ares waiting time. Their interastion is the next biggest effeer which
indicates their influence hére. This resull makes sense. as obyviously the
holding area =wait i= zoing to have a big cffect on the time in the system
fisr holding arca patients. Additionalls. about 32% «f sl ED patients pass
throngh the holding wrea. 2o 1he arrival pattern woukl hiave a big influence
here as for the ante-room patients. [t was already noted in Chapter 6 that
increasing the arrival pattern had a marked effect on the holding area wait.
Indeed, this was even compensated for when designing this test. Therefore,
is with the earlier rest done on the ante-room paticnuts, this compensation
probably dampened the iteraction eflect. which was nevertheless still guite

large. Therefore, it can safely he saic chat che putient werival pactern and
the holding arca wait have e higgest effect on the time spent in the system

for holding area patiens.

7.6 Overview of results

Looking at the results presented in this chapter, we can begin to zain some
insights into the operation of the ED system. Firstly, it shoild be noted that
the arrival pattern of the patients has the largest effect on patient waiting
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times in both the ante-room and holding areas, and is a large factor in the
patient waiting times in both the yellow and green rooms. Therefore, any
effort made which will limit the flow of patients into the ED should have
a substantial effect in reducing the waiting time for all patients. This has
already been recognised by the management of the ED, and experiments
have been conducted with limiting the number of patients allowed into the
unit. Obviously, this does create some issues, as no-one wants turn away a
sick person. However, if it means that the unit can provide a better service
to the existing patients, then it may be a necessary evil. This is definitely
an area which warrants further research.

The next issue to emerge from the experiment results, is that increasing
the number of doctors in the yellow and green rooms by one has a marked
effect on reducing these patients’ waiting time. In Section 7.3 it is briefly
mentioned that experiments have already been conducted with adding an
extra doctor into the yellow room. This doctor is normally transferred from
out of the ante-room. Obviously, this is a contentious issue as the ante-room
patients require the highest degree of care. However, if the ante-room can
still operate effectively with the loss of one doctor, then it should greatly
reduce the wait for yellow coded patients. It would be interesting to then
look at transferring some of the green coded patients into the yellow room
in order to also reduce the green room waiting time. One could also look at
calculating the optimal times in which to do this transfer (i.e. finding the
optimal compromise between times when the yellow room desperately needs
a doctor, and times when the ante-room is able to spare a doctor). These
are areas where further research can be performed.

The final insight to emerge from this chapter is that of interaction ef-
fects. For both holding area and ante-room patients, interaction between
two main effects play a substantial role in the patients’ waiting times. For
holding area patients it is an interaction between the patient arrival pattern
and the holding area wait, while for ante-room patients it is an interaction
between the patient arrival pattern and the bloodtest turnaround time. In
both cases, the effect is reinforcing, and in both cases the patient arrival
pattern is one of the effects involved in the interaction. This means that
by controlling patient arrivals, as discussed earlier in this section, we could
obtain a more than expected reduction in patient waiting times for both
holding area and ante-room patients.
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Chapter 8

Conclusion

8.1 Overview of research

The purpose of this research was to investigate efficiency in the ED at Groote
Schuur hospital. It is not intended to be used as a definitive solution or to
propose explicit recommendations for the running of the ED. It is rather
intended to be regarded as a guide which shows the users likely areas where
any improvements in efficiency should reduce patient waiting time.

This research is completed as part of a course in Operational Research
in a development context. As such, a lot of emphasis is placed on apply-
ing traditional OR techniques in non-traditional (developmental) situations.
Looking at Chapter 2, we can see that most of the past work done in this
sort of field has been in a developed world context. However, this work was
undertaken in a context which was very much third world.

Simply put, it was incredibly difficult to obtain any sort of accurate or
consistent data. In actual fact, as mentioned in Chapter 1, the first project
which was undertaken had to be abandoned due to lack of data. Another
major hurdle was that it was very difficult to accurately map a patient path
through the system. Because the unit is so over-utilised, the staff are forced
to improvise where then is no space available. Indeed, the whole holding
area within the unit arose because, when the main hospital was full, there
was nowhere to put patients who were finished in the ED and who needed
to be admitted into the main hospital. This sort of problem would never
happen in a first world context, but is very common in a hospital such as
Groote Schuur. Because of the difficulty of obtaining data, and the inconsis-
tencies within the system, it was very difficult to build a completely accurate
model. The model which was obtained in this research was sufficient for our
purposes, but there is a lot of room for improvement. This will be looked
at more closely in Section 8.4.
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8.2 Review of methods

For the purposes of structuring the problem, we decided to use Soft Systems
Methodology (SSM). This was the author’s first experience in applying this
method to a real-world problem. We did not attempt a full SSM intervention
as this was not necessary for the purposes of this study. Instead, SSM was
used to identify key stakeholders and to help choose an appropriate method
for the actual problem-solving phase. In this regard, it was a very effective
~ technique. The only issue which became a slight problem was that, since all
of the stakeholders had a similar background and similar goals, their root
definitions were in turn rather similar. However, seeing as SSM was only
being used for a small part of the problem, this did not turn into an issue.

For the actual problem solving stage of the problem, it was decided to use
Discrete Event Simulation (DES), and in particular the Simul8 DES pack-
age. Once again, it was the author’s first experience at using the Simul8
package for a real-world problem. There are many specialist hospital DES
packages, but Simul® proved to be very adaptive and effective at modeling
the ED for the purposes of this research.

DES is surely the only OR technique which could be effectively applied
to this sort of problem. There are so many uncertainties and variables at
work here, that to try and quantify all of them in another way would be an
impossible task. Through DES, a working model of the ED was able to be
built, and once that was available, it became a fairly simple task to identify
areas which could be improved.

8.3 Review of results

Chapter 7 details all of the crucial areas within the ED where improvements
need to be made to reduce patient waiting time, and the details do not need
to be repeated here. However, at this point it is appropriate to examine the
achievements of this research.

When we began this research, this was a largely undefined problem along
the lines of “something not being right in the ED”. Through hours spent on
the floor in the unit, and extensive interviews with various staff members,
we were able to gain an insightful understanding of the system as it cur-
rently operated. Using this knowledge, we were then able to translate this
into a working simulation model which closely mimicked the system of the
ED. We then used this model to perform statistically sound experiments on
the system which enabled us to identify critical areas which needed atten-

89



tion. We could then combine this knowledge with the insight already gained
through examining the system to look at ways in which it could be improved.

To put it simply, this research began with a largely unformulated prob-
lem. We structured that problem, finding out exactly what it was, and then
found solutions for it in a statistically sound manner.

8.4 Possibilities for future research

This research was done at a fairly rudimentary level, and there is a lot of
scope available for future research to be undertaken here. An obvious way
in which to further the research is to improve the current sirnulation model.
As mentioned throughout this paper, the model which was built is not an
exact replication of the ED, and while it mimics the system to some degree,
there is a lot of room for more accuracy to be built in.

Section 8.1 discusses the difficulty of obtaining accurate and consistent
data for the ED. An obvious way to get around this is to spend a substan-
tial period of time in the unit observing and recording data. In this way,
accurate distributions could be built for the x-ray and bloodtest turnaround
times, as well as for the doctors’ service times. The anomalies in patient
flow mentioned in Section 8.1 could also be more accurately represented in
the model. As it stands, the behaviour of the doctors in the ante-room (as
discussed in Section 5.3.7) is not a strict representation of reality, so this is
another area which could be modified. Of course, the current model also
ignores the fact that patient flow alters depending on the day of the week
and the month of the year. If this were able to be built into the model, it
would increase its power exponentially, and enable it to be used as a pow-
erful predictive tool.

Section 7.6 mentions briefly that introducing an extra doctor into the
yellow room, and altering the yellow and green coded patient split could
result in reduced waiting times for both types of patients. Future research
could possibly look at tweaking these sort of values in a revised model, and
seeing what the results are. Another issue discussed in Section 7.6 was that
of limiting patient flow into the ED. It should be possible to use the model
to establish an optimal number of patients within the unit under certain
(changeable) conditions. The model could also be used to calculate the op-
timal times to transfer staff between sections of the ED. Alternatively, the
model could be modified and applied to a different part of the hospital, or
even to a different hospital itself for comparative reasons.

90



In summary, the work done here is adequate for the purposes of this
dissertation. However, it is not intended to have the final say in this matter,
but is rather intended to be a base upon which others can build and improve.
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Appendix A

Arrivals

In Section 4.3, it was said that for the patient arrivals, the null distribution
of the test statistic could be shown to be approximated by the y? distribu-
tion with degrees of freedom (df) being given by:

df =number of cells - number of independent parameters fitted - 1

The number of cells referred to in the above equation are the number
of occurrences of each number of patients which arrived in the given hour.
Looking at Figure A.1, this would be the ‘Observed Frequency’ column in
the table at the bottom which shows a total of 8 cells. However, in order
for the above approximation to be adequate, each cell should have at least
5 expected counts [18]. Therefore, in this figure, the first 2 and last 5 rows
should be combined to give 3 cells in total, resulting in 1 degree of freedom.
The rest of this section shows the output for all 24 values of ), along with
their cumulative distribution graphs and their degrees of freedom.

94



“arable: OG0, Digtriution:
CH-Souare 1222 = 1. 20333, d

Poizsen, Lamrhkda = 208452
T=1 [adusted;  p=031506

1o e : ;
130
B0 e 7 el
_ .
B0 //
=
g wl O ,
Q ; T e
= e = L %
S _ . fﬁj . ’ /,%
. _ . .
B i G R
z //%y, e {% o e
X 40t F : ’ = 1
2 - J % . //
3 / . é///f%”f"i .
7 o i
20 rJ o i ’I,.fjﬁ 7
- -
== = B
o o
5 ; G i ///// I
| 1 z a 4 i f E g
Catecary (upper Btz
Calegory |watiakee 0070, Distributior: Poizzon, Lambcla = 2,06 (0S4 rrival=)
Chi3igaare = 1 00332, df =1 (adpssted) | p=01 51506 :
Chaerved | Curmid mtive ?&nm Currid. %% Exaecied | Cumudatiee § Perrert (Cutrul % | Chzenwed-
Freguenzy | Cheerved | Cbaerved | Obzerver ; Frogquency | Fapected Expected | Expected
+= D00a00 2 2| 645161 G451E 3933370 303X 12E6707| 1268E0 1833
100000 12 14 387056 451613, B120000; 1205357 1613452 308825 387970
200000 - | 1S 20 1935484 B4S151 93244 2043581 2703850 65920 2382
3 00300 8 28, ZoA0E4S U036 STEBA0] 2620424 1860782 E45088 223158
4 000 i 23 3ZXW SI54B4| 2977252 2316143, DA0AM| 044338 49775
00000 | 1 3 322581 867742 12097 BOM0B1| 3896SE4| 28083 070930
£ 00000 a 3 000000, 967742]  0ATEGY  0A33R0. 130443 093030 042299
= nfirety 1] 3 325 10CCO000  ODJAEERAC2 31 00000 055613 1000000 053550

g3

Figure A 1: The results lor 0000



Rafedive Freguancy (5%

Mo

100

an

&0

70}

“Wariakes CH:00, Distribut on: Pciszcn, Lambds = 1 41335
Chi-Zquare test = 051677, df = 2 (aduzted) p=077230

=0 b

40
30
20

10

L

T
=
.
=
i
/ "
]
e 7
R o
o 1 2 » 3 i
Category Cppar limit=)
'v"nlriublcl o .E;IZI, Dést'ibu'.inn: Froiz=on, Lemibda =1 41 (Q94rrivals)
Chi-Sopgare = 024377, of = 2 fadiustad) , p = 077230

[ Petzert [ Cumul % Dheeread-
Category  [F : ecizd  Frpecled
== 000000 | | IETO0 241870 -1 4678
{0p000 | 1054228 1814025 0234 SOS1ES 1.3077d
200000 | 2569284 34538319 B20B01| 044741
200000 S926510 11 52657 B4 042673
= inifirity 00000 555321 1008000 073393

Figure A 2 The results lor 0100




erighe: (300, it one Foiszon, Lanibds = 1.23032

ChiSquarstest= 050627, & = * (adjusied) , p = 042920
10 - — - P

2

Figure A 3: The results for 02:00

ar



Varahby 77300, Distribulion Potszon, Lambdns = 1 13296

CheSouars test = C S7621, of = | [aducted), p= 030312
1 . . . . - :

FigireAd: The results [or 03:00

g8



£l

Q04 40) SNSIL YT, gV 2Ingg

S2CEV ) |0D0ODOL | CSBe9 |OOOOCIE  BSECIT  OEODDCI LBSZE 1€ [¥ S
PCLOE  SLIAE6  B9VIL TVOOHGL SRCCES  DMISE  SLIENRE OF .8 XD
OYELEET  0/#B5L 00BOLSE SIEYSET  BYBIE)L HIBLIS  SHA0EST 1T B | Ooood ||
ZiSCO0 |OGETEL |OJBECGE BZFHIZL mmm b GRSLE W Ll £k - DGO =]

¥ BRAIGEND | peassl)  hodarbal] LY R =)

Wanisd | sarung  Bslansgg
mmqn ;i = T B mwm_ﬂ.zﬁmu b= iR uﬂmmm I = AdRrb )|
(A ags0) oF 0 = BRguET 'UosEiod UoinELIE] N0 SKELE R,

-au._?_umﬂm AR Y H.Hu.ﬂ_u

[Euw)) dacdnd LioBajes
t £ & b u]

= 1 LT

1CE

parr

1 GF

145

RN
R
s

04

=
[

7

i

’ \\

. v

0g

1 CE

N

1 Cos

ootgin = d ' (pAlEnipe] | = 107 C00FE |- e adnriE D
SHSEET] = 2P0LET  LOSSIDS RN 'O0E al3edEA

(51 Aauanbisg 4 Se 2R




Yariakle 05 00, Caributior: Poizsar, Lenbca = 1 25306
Chi-Sougre tasd = 014747 ¢t =1 (adust=d) . p=070126

110 . —
10O b - ;/”/;/ w—
i
S0 p / ?/"7
&b / %
£ ol
A
§ Gl
= E
E :
-; 50 z
=
% a0 b /
z0 Z =
: i
b ﬁf#/ o
i o ¥
r/J
10 f Bt
. .
1] ﬁ -“"’/ =
& n 1 : E| 4
Categary (upper limits
Marinbie, 0500, Distribol on; Poissen, Lambda = 1 25 (OS24 vak)
Chi-Separe = 014717, o « 1 (acfustad) ,p -~ 07018
Obzeryad © Cumalative  Percent  Cumil % Expected  Cumulalive | Petzerf | Cumd %
category | Treausrey | Obssrvsd  Observed Obeerved Frequsnoy  Expected | Expecied |E:r;iect'eel
== 000000 | _E 3 2a80845 338065 44103
boooon | e 19 3548367 6126803 11 09184 FALERD]
200000 L] ¥ ZSAMB4S  BTOEER 0 GETE i BB BES | 027645
2 ifirsty 4 1 12E053E 1000000° 443358 31 00000; 1333416 100.0000 0433555

[Fignre A 6 The resules [or 03:00

Lek]



“atipkble: 05:0C, Distribation Polsson, Lambes = 08TIET

Chi-Sguatetezl = 07314 df =1 faclusted] | p= DETIRT

e
10
o | ,j/ i
X
&t [
i _r/ e
L mt S X
é' ,//‘ : o
£ 50 - e /’ J/
Ei- //:’ .-!{' /
5L z ;ﬁ
2z 7 e
E ETH ? ) = e f"// i
w
= ol i & / ///
o / i ! // 7 .
/ 2
i ; e
Ay A 7
e e // i
13 ¢ : o 2
o o
: = // Fe / |
-1 a 1 /! 3 4 5
Category fupper knis)
Variahble: 0800 Dys-bulion Foizgon, Lambda = BT TTHEAL ivals)
Ch-Sguar= = 07943, df =1 (adiusted) , p= 07367
Observed | Cumuatv= | Petcert [Cimid % | Ex | Camustive T Penen [ Cuml % | Ohsetved-
Cefeyoey | Frecusroy | Clserved | Sbssrved . | Expested |Ex Ecpeuied | Expeited
= 008030 18] 14 4515120 45 T 1Zo749q. 4179861 41516 1.00508
100000 g .23 B/OarH 2027569| 345403 783087 -2 0075
200000 21 0 32 52065 2819nu8, 1557514 0418330 207674
aﬂ@ﬂjq a, 30 000000 e57V42  14267E A G574, 4608 SETOX 40876
= fiety 1] 327561 1000000 : | 3100000 420726 1000000 062574

Figure AT The resulis for 06:00

101



“ataale 07, L0 Deatriaution; Polzson, Lambos = 2 09877
Chi-Syuare test =1 20136, d1 =1 (adusted) | p=027305

110 . - -
ez B
il P 7
ol I |
A i / o it
B0 -
= 7
5 o i .
£ i
3 | .
io5pf
L
% 40
1 4
30 e
; i -
an - ﬁ i;- T 2 4
A 7
! i o 1
0
A E 1 2 3 4 5 g 7 B 3 10
Catecary LJppet Ings)
“Wariable, 0700, Datributicn; Poizson, Lambds = 209 (8 Arivais)
CH-Souars = "III1 36 df =1 (acj_g.u_sﬂecj p= t 2?’:[!5
Clb;er?sii f‘urn:lstvs F'erq-er! Ciemul, % HIEXT }fi.mil.l:twa CPaccent  (Cumudl % | Oloserved-
Catecafy | Fresduency | Observed | Ooserved. Ohseryved | Eﬁuﬁﬂﬁ'f Expected |Expe|:¢nﬂ |Ex:rﬁ~ntad Expected
== 000000 g 8 QIS 290303 3E0R41S 30841 | 1228631, 123852 5ARIES
1.00000 3. 14 1642203  451E13 | 799537 @; 25759 | 3&.0445 -2.88533
200000 | s 35 M0jae  TLI83 BINTIS | 2700573| BS0S0L, 0262
200000 2 35 BA5161 BOB4ED  SB51aTA (AEEZ: 1667487, B30252 -2B5134
4 00000 1 B 3IR L8IETIO 3.tﬁ?‘|ﬂ$| Xop400: 983414 SIA194 -20871H
5.00000 3 26| 967742 935404 12662300 J037024) 414315 979665 171375
500000 a; 23| DOODO0 55484 046492 SOBIST3 144907 | 044340
Foouoo | o' M 0ooCDo,  9Es4e4; 0433640 3035437 0.4::432: 013464
2,000 1 3. 37561 9677421 003580 M 00ME: 011383 WEEES 09647l
2 Infinfty y 15 3. TR 0000 0010342 F 0000 003335 1000000 (9ASER

Figure As: The results for 07:00

102




Wanasbie DE:0C, Dishibadon Poiszor, Lambas » 393543
Chi-Sqere tect = 2 77602, (f = 2 (edutted) ,n = C 34348
M - . ' : ; ;

Rzinlive Froquency ()

4 . 1 2 3 ] 6 & 1 B 3 0 1N
Cetegory (upper limbs]

Vanable. 08 00, Dist-ikution. Poisson, Lambda = 2 63 (CAATVAZ)
msmm-ﬂ?ﬂ!ﬁ Haﬂiﬂd‘l o=0 26906

s i
7E7901 52 247710 068897
'll&JTﬁ 1984650, @4EI7S . 1‘}241

1958481 . 1052641 641433 -305319
24 54908, 1538917 79SiM A
WITH2 1008085 695930 2874

Figure A9: The results for 08:00

10



R elative Frequency ()

na

100

a0+
80
A
=
=] r

40

20

20

10 }

Sariable: 08:00. Distroutian: Poiszon, | anbda - 1 18337

Chi-Sguare fect = 1

Aan42, di =

Fiacusted

i, b= 061483

7
7
f;.r
/l.u"'
R

_

4

4
e
e
a E % B

Category (Lpper Imts)

;;yf

e

10 "

CHl-Squste =1 B4E43 df =3 (adisted] |, p=0EJ4ES

Narisile: 080:00, Distr butione Poisson, Laribda = 4 .88 (0524rsals)

Dhzeryed | Curulalive | Percent || Curd, 1 Expecied mmmewe Pevcent TCurul % Observed-

Catzeory | Ereguency | Observed | Observed | Ciaery Frﬁm:nuyl Esmecled | Expectes Expecter  Ewnecied

<o 000000 ol 0 0fonoD 0000 0349579 O5ag9a 112898  11280) -034995
100000 4 4 1290323 139032 1559256 191924 506212 64811 243074
200000 | 4 & 1280323 258065 3518175 543741 114895 175400, (046162
3 0nang 5 13 1612203 415355 5258350 1063576 1696242 345005 025835
400000 4 17 1230223 566357 5894438 1659020 1901432 535168 189444
500000 | 5 2 1842903 T0SEIT, 5265981 2187618 1705155 705683 -0.285%5
B.CH0 2 24 BASYS! TT4194| 3950974 DSE2645 1274282| £33 195027
f_l:_ll.‘.li:l[l_:[ 1 25 3225 BOEMSD| 2530361 PHASEED)  B.1E245] 01 4736 -1.53036
2.00000 R 28 BEIT4D 913223; 1.416226 29TIS04  4ST4R  96.04ES 158177
sooocg | 2 .3 6B45IGt| O6774]) 07068572 3048161 127998 BO30fE 129343
< Infinity 1, ¥, 3223, (oooo0l. 0318385 31 00000, 967231 1000000 04815

Fipure A 10k The results for 08500

104



]

7 PSHME

2 (acj.sted) p=0 SO0

Warnahle™ 10 M0, Bstohirnn Polzsan, | ambia

Ch-Sauare fest =1 3dRdd o1 =

.. /// 1//4//// /a

ﬁ///////
/7

=

Y

/ xé//// ,,,/// N\
////,%//////// NNNE

//f 1
Ak ,.
_,//,.

//////
///

TSN

,,////
ﬁ// 4/ "

NI

///////yfauf%y/f// -
%y//

/

,,/ﬂ..a

1o

& B R B

[ Aouanba 4 aspEsas

= T.2E (09hrrwalz)

Category funpe Imtal

| Cumalstive | Percent Cumul % | Obsereec-

Otizarveel Frecquercy . Expacted

| Bxpected  Expected  Edpected

002184

0.5618

0.0704

00284 D.O7IME
Q18034 D31V,

002183

a5

00000

D000

__.l.:... e

Chi-Sguare = 1.34644 of = 2 tadjusted] |, o - 0:5°00E

“Wariakie 10007, Deteikition Paizzan, L arrbids

[EE e

TCuru W Expected

Oksarver|

|
1]

A2

i

=401k

“o.8co0g_
00000

.

1
2

T
i}

Freqisrey . Cig

-g.1585"

075357 1.B5558

042478

24373

EE28E. 0167

214723 445925

1391668

B RFT4Z JE 4739 A ERSET B,

0875223

32258

GA515

333581

AE7244| BA4582 150724

347450

BIIA0R| 11 B2457 SEEG70. 0 EesED

1277238, 1430394 412008  .0.63422

e
11

417129
0 B3508]|
-2.44-57
3. 36393
045556

1025600

-1 E07RE
01347

0262

S50 .

13.45577| E94679

2490520| 1085143 603383

14233

AT 34GTT| TRIR03. 602124

173500
ra et § 0

O57742  SEMRGS 4 SOTER4,

4434222

pooDtn  BOG4SE. 2441571

BP.OSEA 1611008  PHESFTF| S198ED 9341

955404 0574400, 2053217 2314322 SESISA|

BUEB452 3363944

30 000000 957742 0136470, MEMTO| 044023, 995803

BEFT42 BT 7418 4171280
A225E1| OEFT4Z. (0544030  F04TE13 73800 963103

45161

1280323

]

3| 000000 67742 02U 7SI 00360, 84201

15 1290923 42387

27 B45161

18
.
25
A
30

0108151

015970 99 AROD

30 00CO00; S6FT4Z ODE1807F 30 95861

A09EI04 008526 @9.9453

Jonog  DOseT

e R
322581 1000000 D264 |
000000 100 0000

3l

i
9o = ~|wd - an l._ﬂ_ mlrl - alala o
£ 1 | i |

057357
0.4 63

1000000 -0

O GoEt

== 0OC00C

Categoey

100000

2 0000d

3 000p0
400000

.0

ncod
£ 0c0o

7 0noan

11.00000

120000

1300000

5.00000
3,00000
1noonng
1400000
15.00000

1600000
17 00000

2 Inanty

Figire 417 The resilts for 10:00
105



Warmkle 11 00, Costribution: Paizsar, Lambds = 0.00000
CH-Shuare lest = 25327658, di = 2 (adusted) p=031220
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Figure A.12: The resulls for 11:00
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Wariakte 1200, Cestribotiur: Puizsun, Lambus = 063571

Chi-Syusre test = 2.39159 df = 2 (adusled)  p=0.30246
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Figure A.13: The results Tor 12:00
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Yarmbla 1300, Distribution: Possson, Lambcls = £ TOE6E

Chi-Sog. are tast

51352, df = 2 (adiusted; o = 077356
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Figure A.14: The resubts for 1300
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Weatinkile. 14,00, Diztrib_tio Pricson,  6mbis = 5 535448
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Figure A 15 The resulss for 14:00
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Varisble 1500, D stibagicn: Paiveon, Lembea - 4 82571

Chi-Souare tost = 2AT0E/ of = 2 (adjusied) , p = 030561
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Figure A.1G: The resnla for 15:00
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Yarible 1600 Cistribiticn Fozzon, Lamads = 5 48357
CheSinrsare t2at =1 S4547 or = (adustec) | p= 0 5375
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Figure A17: The resulis for 16:00
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V'l 17.00 Cistrihon Posssony, Larhads » S 05006
Ch-Soue ¢ test = 030045, o = 2 (adisted) | p= 0 95923
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Figuare A 18: The results for 17:00
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Figure A% The results for 18:00
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Yarraok: 1500, Gasnbibion Pazson, Lambds = 164548
Chi-Souaee test = 1.98073, ot = 2 (aciusied) , @ = 037854
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Figure A 20: Toe resulis for 19:00
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Yarikle 2000, Crdribution Pofsson, Lammkda - 551339
Chi-Souare ted = 315156, df = 2 fedliuledy  p = 0.20635
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Figure A.21: Lhe results for 20:00
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Figure A.22 The results for 21:00
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Appendix B

Parameter values

Tahle B.1 lists all of the values used onoall of the work centres i the fi-
ual maddel. At the hegiuning of Chaprer 7. 6 was menticted that it was
necessary o acdiust some of the parametsr values when conducting some
of the cxperiments. Table B.2 lists those parameters which wore changed,
along with their altered values, "NA' and TAY refer to wormal arrivals and
erensed arrivaly respectively, and 1 and ‘D refer 1o incressed and cde-
creased values vespectively. 8o *NA/T would mean that the normal arvival
partarn was used, and the parancter Sor that particular work centre was be-
ing increased, As can be seen in the table, it was not necessary to perlorm
this fur all of the values.

Table By The parameter values nsed in the Goal medel

Node | Value  DHarribution
(reenConsulr | 10-230  Uniform
GroenXRayvs 25 Erlang 13
Yellow Consult 15 - 40 Unilerm
Yellow3lood 26 Frlange 15
YellowXliays A0 Erlang 15

OrangeConanlt | 30 - KD Uniform
RedConsult A0 - 180 Uniform

NandBlood 5l Frlang 1a
At eXBays 2y Erlaug 15
AnteBlood #4.75  Erlang 15
TrialofTherapy | 61.25  Trlang 15
Wait Ca02h Trlang 15
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Table B 2: The alvered parameter vialues used in {he experiinents

Node NA/T Na/mD IA/1 IA/D
YellowBload 76 g2 - -
XandBlood 475 5275 - 51.9
ArceNlood 4 RO

TrialofTherapy | 58.5 626 5623 5075

Table 8.3 lists the final inter-arrival Uimes for each hour which sere used
in the model. Along wich this, i also lists the inter-arrival times for each
hour which wers used when eomdneting the experiments in Chapter 7 {when
the arrivials were inerease and decreased).
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Table B.3: The incer-srrval times for coch hour

Mour | Origingd  Decreaseid  Lnereased
Dol | 22056 4152 1K1
01:00 32.52 f6).39 26.12
(12:00 AA.TT fii. 3 20,06
L300 1d.7l 2304 36.33
Ud:00 44.94 ul.a3 40.09
0500 A6.60 6213 2981
Q600 32.99 Oz 41 43.06
(7:0%) 22.01 40128 17.8%
{(18:00 11.73 21.78 9.53
00:00 10.20 19.12 536
1004 6.6 11.81 517
11:00 RIT 1071 4.69
12:00 i 12,55 G548
1300 £ 58 1397 3,04
eI 7.78 1444 .32
| 5:00) .54 17.71 7.7h
16501 .42 1563 684
7:00 917 17.03 7.45
180U &4 18.45 N7
19.00 12.66 23.31 10.20
2000 8.2 1543 .76
21:00 13.13 248 HL67
22:00 ix.11 33.63 14.72
2300 J___!TUH- 31.63 13554
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Appendix C

Experimental designs

I'his section vantains the experimental designs including the results for cach
mun of each replication for the experiments conducted in Chupter 7. More
details of these designs coan be found in [12],

1 £ ol 4
Repicstz | Arrivals | Doctors J_Gt_oerﬂscﬁurge
| 0 e | .5 20896
1 1 1 8717
- 1 1! 2404
4 1 1 1 arr3
B 2 4 4 209.06
| T2 1, 1 8 %2
7 2 £ Y 24088
8 2 ¢ N 1 97 75
g 3 -1 1 209.25
10 3, Al 1 8685
"l 3| 1 A 240.65
12 35! 1 1 97 74

Figure C.1: The-cxperimental design for the green area
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| Bl b 4 5
Reqlicste | &rrivals Doctors | BlocdTims | *VellewDischarge
sl 1 -100000 100000 1 00000 T 3E
s B ICIIIEIEI -1.00000 -1.00000 JB83 A5
= 1’ .1.00000 1.DIII|:IU -1 00000 14622
4] 1 100000 100000 100000 %555
_______ 5 1 -1.00000 -1.00000 =1,00000 260 87
; E] 1 100000 -100000 100000 4883
! 1 100000 400000  1.00000 a0
al 1 100000 100000  -1.0000D 1655
9 2 100000 -1 00000  1.00000 33565
.10l 2 100000 -100000  -1.00000 3837
1) 2 100000 100000 (-1.00000 14527
12 2. 1.00000, 1.00000.( " 1 00000 264.47
WE L 2 100000 -100000,  -1.00000 281 12
14 2 100000 100000, 1.00000 491 09
B 2 -100000 100000, 100000 20359
16 2 1.00000 1 .00000 -1.00000 16616
17 3_-1,00000 -100000 1 00000, 331 63
T il 3 100000 -1,00000  -1,00000 382,48
19 3 100000 100000 -1.00000 144 74
______ | 3100000 100000  1.00000 %125
2 -~ 3 -1.00000 -1.00000  -1.00000 279.09
2 3 1.00000 -1.00000 1.00000 456 59
I 3 100000 100000  1.00000 204.11
_M 3, 100000 100000  -1.00000 167 69

Figure C.2: The experimental design for the yellow arca
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1 2 3y 5
Sephcats Artivais | Doctors i BlioodTime | AnteOischaroe

1 1 -100000 100000 100000 25€.93
2| 1 100000 160000 -1 00000 441 45
__________ i 1 -100000 100000 -1 A0000 26343
4 1 100000 10000 160000 65955
1, IO 1 -100000 -1.00000  -1,00000 3373
- B 101100000 -1.000000  1.00000 72853
7 11 100000 4.00000 100000 14262
B 1 100000 100000  -1.00000 334.96
3 2 100000 400000 1.00000 257 53
10 2 100000 400000 100000 43914
11] 2 100000 100000  -1.00000 26953
12 2 100000, 100030 100000, 656 24
j 1] AR 2 -1.00000 -1.00000  -1.00%00 33657
14 2 100000 40000 4200000 21
3 15 2 -400000. 100000 100000 34187
16 2 100000 10000070 "1 00000 3343
17 3 100000 1000000  4.00000 2556
18 3 100000 106000  -1.0000C 436 591
______ 18 3 100000 100000 .4 ,00000 267 49
20 3, 100000 100000 4.00200 649 95
11 3 100000 -100000  -1,00000 333 06
o 3 400000 100000 100000 72512
29 3 .100000 100000 4 00000 340.46
24 3. 100000 100000 =1 0000 334 28

Figure C.3: The experimental desien for the ante-room area
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I | 2 3 3 5 B | 5

Repicate | Arrvals  YelowDoctors  Anfeloctire BloodTice  Holdingait ¢ HolciDis.charge
1 1 -1.00000 4.00000 100000 -1.00000 106000 Bal G4
____________ 2| 1, 1.00000 -1 nonAad A 00000 -1.00000 -1 00000 592 56
R 1| -1.00000 1 00000 0100 -1.00300 -1 A00n 572 53
3 1100000 1 00000 A 00000 -1 00000 1 0000 1587 72
§ 1| -1.0C000 -1.00000 100000 -1,00000 1 0000 537 41
& 1. 1,00000 A 00oa0 | o000 1 .00000 1.00000 155032
7 1| -1.00000 1 0000 100000 -1.00000 1.00000 786 42
) 1. 100000 1 00060 | COO00  1.00000 -1 D000 747 Al
g 1| -1.00000 -1.00000 R« 441 1 1 0000 EE7 6
10 10 400000 1.00000 400000 1.00000 1.00000 181017
Ea i 1 -1.00000 1 00000 A 0o 4 00000 | 00000 93325
B 1] 1.00000 1 00000 400000 1.00000 -1 00005 161
111111111 13 1| -1.000CA0 1 000 100000 100000 1.C0000 a4 17
14 1 1.00000 -1.00000 100000 100000 1,00000 1078 58
15 1 -1 00000 1 00000 100000 1.00000 -1.000090 553 62
16 1. 1.00000 1,ANA00 100000 1 CAoo 1 o0 16601
17 2 -1.00000 -1.00008 400000~ -1.C 0000 100000 927 57
15 2 1.00000 -1 00000 -.00050 <1 0000a -1 0000 91157
14 2 100080 1.00000 100000, -100000 -1 A0NOO 530,75
B 2 1.00000 1 00000 -1.00000. -1 ANOOD 10006 1648 95
21 2 -1 00000 -1.00000 1.090000,  -1.00000 4 00007 547 31
IR 2 100000 -1 1 in 1000000 -1 90000 1.00000 160717
2% 2 -1.00000 1 Q000G _1.00000, -1 000AD 1.00Na0 BR% T4
24 2 100000 1.00000 100000 -, Oueuy -4 oL 75983
- 2 -1 00000 -1.00000 400000 1.00000  -1.00000 634,11
% 2 100000 -1,00000 -100000  1.00000 1.000C3 1872.03
27 2 -1.00000 1.00000 -1.00000  1.00000 1.00900 866,24
23 2 1.00000 - 1.00000 -1.00000 100000 -1.00060 1107 59
28 2| -1.00000 -1.00000 100000 1.00000 1.na0an 436,34
3 2| 100000, -1.00000 100000 100000 -1.00000 109391
| 2| -1.00709, 1 00000 1.00000 1 .00000 -1 ncan S0% 4%
_____ 3 2 100000 1.00000 100000 1 .00u00; {.00000 1721 56
33 3, -1.00000 -1.00900 -100000  -1.00000 400000 B4 11
4 3 1.00000 -1.00000 400000 100000 100000 871 55
35 3 -1.00000 1.00000 400000 100600 1.00000 568,41
___________ 6 3 1.00000 1.00000 2100000 -1.00000 100000 1567 .42
37 3 -1.00000 -1.00000 100000 -1.00000  -1.60000 535 7
.. @8 3 1.00000 -1.00000 100000 -1.0000Q 1,00000 1526 78
30 3| -1,00000 1 A000g 100000 -1.00000 1.00000 776.05
40 3 1.00000 1.00000 100000 100000  -1.00000 72034
4 3 100000 -1.00000 400080 100000 100000 68203
LR 3 1.00000 -1.00000 -1.00000  1.00000 1.00000 1796 E1

Figure C.4: The cxperimental design for the bholding area






