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Abstract 

The main aim of this thesis is to analyse and optimise a public hospital Emergency 

Department.  The Emergency Department (ED) is a complex system with limited 

resources and a high demand for these resources.  Adding to the complexity is the 

stochastic nature of almost every element and characteristic in the ED.  The 

interaction with other functional areas also complicates the system as these areas 

have a huge impact on the ED and the ED is powerless to change them.  Therefore 

it is imperative that OR be applied to the ED to improve the performance within the 

constraints of the system.  The main characteristics of the system to optimise 

included tardiness, adherence to waiting time targets, access block and length of 

stay.  

 

A validated and verified simulation model was built to model the real life system.  

This enabled detailed analysis of resources and flow without disruption to the actual 

ED.  A wide range of different policies for the ED and a variety of resources were 

able to be investigated.  Of particular interest was the number and type of beds in 

the ED and also the shift times of physicians.  One point worth noting was that 

neither of these resources work in isolation and for optimisation of the system both 

resources need to be investigated in tandem. 

 

The ED was likened to a flow shop scheduling problem with the patients and beds 

being synonymous with the jobs and machines typically found in manufacturing 

problems.  This enabled an analytic scheduling approach.  Constructive heuristics 

were developed to reactively schedule the system in real time and these were able 

to improve the performance of the system.  Metaheuristics that optimised the system 

were also developed and analysed.  An innovative hybrid Simulated Annealing and 

Tabu Search algorithm was developed that out-performed both simulated annealing 

and tabu search algorithms by combining some of their features.  The new algorithm 

achieves a more optimal solution and does so in a shorter time.   
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Glossary 
 
Accident and Emergency – Equivalent to Emergency Departments 

ATS – Australian Triage Scale 

Attending – Specialist doctor working in the Emergency Department 

Balking – Leaving a queue, generally because the person feels like the wait is too 

long for the service provided 

Bulk bill – A doctor may directly bill Medicare for the patient‟s treatment.  However 

the amount received is generally less than if the patient pays directly. 

Consultant – A doctor who specialises in a certain field of medicine, not necessarily 

working in the Emergency Department, but who may be called upon to 

consult patients within the department 

DNW – Patients that did not wait for treatment but balked in the queue 

ED – Emergency Department 

HMO – Health Maintenance Organisation 

HPH – Health Promoting Hospital 

Inpatient – Patient who is admitted as a patient to the hospital  

ICU – Intensive Care Unit 

Intern – First year doctor 

LOS – Length of stay 

Matlab – A high level language and interactive environment that enables you to 

perform computationally intensive tasks faster than with traditional 

programming languages 

OR – Operations Research 

Outpatient – Patient treated by the hospital but does not require admission.  There 

are generally designated outpatient clinics 

Phlebotomy – Performing a blood test 

Registrar – More senior doctor than residents and intern but junior to consultants 

Resident – Second and third year doctors 

Tardiness – The time waited in excess of the due date 

Triage – The process of sorting patients according to their need for emergency 

treatment 

USC – Usual source of care 

WT – Time a patient waits from arrival in the ED to initiation of treatment 
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1.1 Introduction 

This research proposes to increase the efficiency of a public hospital Emergency 

Department (ED).  The research will analyse current strategies, queuing policies, 

patient paths, and resource usage.  It will approach the situation with innovative 

methods that include treating the ED as a flow shop scheduling problem and 

develop heuristics and metaheuristics to enable scheduling of the ED.  The main 

aspect of the study is to increase the flow of the system. 

 

Chapter one gives an overview of the problem and its complexity.  Chapter one also 

gives an overview of the Australian Health System of which the ED is a part and an 

overview of Australian EDs generally and gives specific characteristics of the public 

ED being studied.  Chapter two gives a literature review of EDs, specifically what 

has been proposed as problems in the ED and solution strategies used so far.  

Chapter three gives the results from the simulation model that replicated the system 

and was also used to determine the outcome for variations to the system.  Chapter 

four gives the analytical model for the system including variables, constraints and 

objectives.  Chapter five shows the constructive heuristics that are used for reactive 

scheduling in the system.  Chapter six gives all the details of the metaheuristics 

used for this system.  Initially the simulated annealing algorithm is explored.  The 

tabu search algorithm is then investigated as an alternative to simulated annealing.  

Hybrid solutions including our own code developed (Diefenbach-Kozan Algorithm) 

are given in this chapter.  The conclusions are given in Chapter seven. 

 

In this chapter the interaction of the ED within the Australian health care system is 

investigated.  It looks at how the ED is not an isolated system but must interact with 

other systems.  A factor that impacts treatment time in the ED is the training of 

physicians as time must be taken to explain details and procedures as well as give 

the student physician time to learn and do tasks themselves.  This is a necessary 

part of the training of doctors.  A number of interactive organisations and services 

are utilised when Australians access health care from a public hospital ED.  Some of 

these are also accessed in a similar manner when using private hospital emergency 

care.  This chapter also gives an overview of the ED system with information on the 

characteristics of the ED. 
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1.1.1 Overview 

The ED is a non-terminating complex system with stochastic demands for its finite 

and specialised resources.  The ED has a variety of limited resources that need to 

be allocated effectively to ensure they are used to their optimal capacity and that 

there are sufficient resources to meet the demands of the system.  These resources 

include: 

 

 Staff (physicians, nurses, and support staff); 

 Skills; 

 Time; 

 Equipment; 

 Beds; 

 Money; and 

 Diagnostic subsystems (e.g. blood tests and x-rays). 

 

The ED is required to meet all demands in the system in a timely manner to avoid 

increasing the risk of health complications to waiting patients and to minimise 

distress and pain.  The efficiency of the ED system requires optimisation.  

Performance indicators used to measure efficiency are discussed in section 1.3.7. 

 

The objectives of the study are to: 

 

 Develop an understanding of advanced OR techniques – specifically 

resource constraint scheduling methods; 

 Improve the patient flow through the ED by eliminating potential 

bottlenecks; 

 Improve the utilisation of resources;  

 Develop meta-heuristics for resource-constrained job shop 

scheduling problems with stochastic demand and service times; 

 Develop both a reactive schedule;  

 Develop a deeper understanding of advanced scheduling techniques, 

and to 

 Innovatively model the ED as a flow shop scheduling problem. 
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The expected outcomes of the study are: 

 Develop a greater understanding of the ED system using simulation 

techniques, which will also be used to understand changes in the 

system; 

 Develop an optimisation model that can be used as a long term 

planning tool; 

 Develop constructive heuristics to improve the system by reactive 

rescheduling; 

 Apply Simulated Annealing and Tabu Search Algorithms to the flow 

shop scheduling problem to improve the system; and to 

 Develop hybrid algorithms to improve the system and to increase the 

speed of the programs. 

 

The expected improvements to the ED are: 

 Understand the system better, including the gaps in knowledge; 

 Understand the effects of change to the ED using the simulation 

model particularly for bed variations and physician staffing levels and 

shift times; 

 Better definitions of the problems in the ED. 

1.1.2 Complexity of the Problem 

The ED has limited resources and stochastic demands.  These resources, which 

include staff (physicians, nurses, and support staff); skills; time; equipment; beds; 

money; and diagnostic resources, require efficient allocation to ensure the essential 

demands of the system are met.  Suboptimal and inefficient allocation of resources 

may cause either wastage or an inability of the system to meet its demands.  

Wastage is both expensive and causes other areas within the ED, hospital, or 

greater community to be devoid of needed funds and resources.  The system will be 

analysed to determine bottlenecks and improve the patient flow through the ED.  

Connelly and Bair (2004) described the complexity and intensity of data analysis for 

their discrete event simulation model of an ED and developed patient paths from 

historical data.  Their model also requires flexibility as patients can have treatments 

occurring simultaneously and may have steps rearranged.  The interaction the ED 

has with other wards, the operating theatres, community groups, other hospitals, 

and outpatient departments cause optimisation of the system to be inhibited if these 

connections are not also optimised.  These external systems are often out of the 

control of the ED.   
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Gallivan (2006) reviewed the concept of patient progress modelling and the 

complexities of solving the resulting large linear systems of differential equations.  

Markov processes are used with dummy phases and an absorbing state by 

assuming length of stay can be modelled using a Coxian phase-type distribution.  

Times for each state were modelled and patients either proceeded to the next phase 

or were absorbed with a pre-determined probability.  The distribution of times to 

reach the absorbing state is the length of stay distribution.  Essential data included 

the admission system (planned or unplanned); the different paths that patients 

follow; frequencies of each path; and the distribution of times for each process within 

the defined path.  Patient progress modelling in health care, involved in determining 

length of stay in hospital, may be extended to length of stay in the ED.  Gallivan, 

Utley, Jit and Pagel (2006) proposed a simpler alternative to solving these large 

systems of differential equations.  Their applied method exploited the special 

structure of the matrices and determined acceptable estimations.   

 

The complexity of scheduling systems with stochastic demands and processing 

times is also reported by Patrick and Puterman (2007) with particular focus on 

resource constrained systems within the health care industry.  When a system is 

required to interact with other systems, complexity is greatly increased.  

Improvements within the studied diagnostic medical facility occurred when there was 

some flexibility in demand requirements.  Only a small flexibility was required for 

both inpatients that were able to delay CT scans for one day, if needed, and for a 

subset of outpatients who could attend unused timeslots at short notice.  Green et 

al. (2006) also studied diagnostic imaging facilities and highlighted the complexity of 

the situation of stochastic systems particularly as there is pressure from hospitals for 

very high utilisation levels of these scarce resources.   

 

The complexity of a teaching hospital must also be noted.  Ensuring a balanced 

level of staff that allows junior doctors to learn by being an active part of the ED, and 

by not under or over staffing, as both situations lead to reduced patient experience, 

is an important part of the system to maintain.  Additionally, human inhibitions to 

increased flow of the system must be considered.  For example there are elements 

of thought throughout the department that if non-urgent patients are treated within 

reasonable times and their waiting time is reduced then they will continue to present 

to the ED.  However if their stay is excessive and unpleasant they will not return.  

Cushman and Witting (2003) investigated the aspect of a teaching hospital and the 
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complexities that add to the problem as both understaffing and overstaffing result in 

junior staff not receiving sufficient hands-on training. 

1.1.3 Justification of OR being applied to the Emergency Department 

The question to consider initially is whether operations research (OR) is of any 

benefit to the ED?  It is discussed here that the ED is in need of optimisation of its 

resources and that OR  techniques applied will not only benefit the ED but are 

essential, and that it would be detrimental to the ED, the hospital, and the 

community to not apply mathematics to this situation. 

 

OR has years of experience in similar situations in other industries and the same 

advanced techniques that these industries (for example manufacturing and the 

armed forces) have relied on for over fifty years can be successfully applied to 

health care.  OR can still take into account human aspects while modelling the 

system mathematically to derive an optimum solution.  Wherever decision making 

has to occur, OR has tools or the methodology and also the innovativeness to 

develop new tools to assist the decision maker reach the optimal solution. 

 

The ED needs to be operating as smoothly and as robustly as possible as there are 

many external systems that impact the operation of the ED.  The Wellness Institute 

(2005) proposes that if there is a fracture in the (Canadian) health care system the 

ED will be where the signs will be seen.  The ED needs to be operating as efficiently 

as possible in order to minimise the impact from other systems and to be able to 

cope with unforeseen crises such as possible terrorist attacks - including 

bioterrorism - and Avian influenza, as suggested by the Australian Government 

Department of Health and Ageing's 2003-2004 Annual Report (2004).  The ED is a 

system where demand must be met and if that demand is not met effectively the 

health of Australians is put at risk, and thus it is essential to have the system 

operating efficiently.  

 

OR is a scientific approach to decision making seeking to optimise system 

operation, according to Winston (1994).  Hillier and Lieberman (1995) document that 

OR arose out of a need to manage and optimise resource allocation, strategic and 

tactical problems during World War II, with the efforts of the scientists involved being 

integral to a number of major battles.  OR then grew by expanding on strategies 

used in the war and developing new techniques to solve similar problems in 

industry.  OR endeavours to optimise systems within the confines of the system 
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while providing scientific and innovative solutions and improvements to the system.  

Morse and Kimball (as cited in Little, 1991) defined OR as “a scientific method of 

providing executive departments with a quantitative basis for decisions regarding the 

operations under their control” (pg. 532).  Solving real life problems was the basis 

for the emergence of OR.  The very nature of its beginnings as an applied science 

substantiates its influence and importance in industry (Little, 1991).   

 

OR techniques have been utilised in health care for over half a century.  In 1945 the 

Hill-Burton legislation opened the doors for OR to join forces with other fields that 

led to the emergence of the health services research field (Flagle, 2002).  The 

application of OR in the health services field was put forward by Bailey (1952).  

Decision making, resource allocation, and planning have all made use of OR models 

(Brailsford, 2005).  OR has been applied to a wide spectrum of areas within health 

care with a collation of applications given by Brandeau et al. (2004).  Areas covered 

included operations management, clinical applications, and public policy and 

economic analysis.   

 

OR was applied to the supply chain management of blood banks by Pierskalla 

(2004).  Some of the complicating factors of blood banks that necessitate the 

application of OR for optimisation are: blood being a perishable commodity; the 

stochastic nature of supply; the growing percentage of unacceptable blood and the 

screening processes for determining unusable blood; the variety of blood types; 

stochastic demands at a number of locations; the preparation of the different 

components; and the collection, transportation and distribution problems. 

Additionally there is the general need to minimise costs and the significant 

requirement to avoid shortages.  Each community blood centre benefited from OR to 

decide the optimal inventory levels, an inventory allocation policy when shortages 

occurred, trans-shipment policies between hospitals where shortages occur in the 

overall system, and reallocation of unused blood allowing it to have a greater 

chance of being used elsewhere before it expires.  Looking at the system as a whole 

(the entire supply chain) enables a greater optimisation of resources, minimises 

costs and wastage, and reduces the chance of shortages.  Few real life systems 

work in isolation and looking at the greater picture enables a more detailed analysis 

and a more effective optimisation process. 

 

Henderson and Mason (2004) developed software for the strategic management of 

the ambulance service including dispatching policies, ambulance vehicle station 
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points and numbers and times for ambulance operation.  This study created a 

simulation model using the data collected automatically by a computer-aided 

dispatch system (CAD).  The model needed to take into effect the abnormal terrain 

of the area it studied (Auckland, New Zealand) and the different speeds at which an 

ambulance travels depending on the level of the emergency to which it is 

responding to and the time of day.  The shortest paths were predetermined in order 

to speed up the actual running of the program.  The simulation model was used to 

aid in decision making regarding alternative uses of the resources.  Alternatives 

evaluated by the software included a designated non-emergency patient transfer 

service, an alternate dispatching method, and various location options for 

ambulances.  A particular difficulty of vehicle models are the stochastic nature of 

travel time due to normal interactions, such as traffic lights and time of day, and 

unexpected events causing delays at both a single vehicle level or an area level, 

such as accidents or bad weather.   

 

Hospitals and the health care industry have had to increasingly reduce costs over 

recent years.  They will benefit from OR to enable objective decision making for 

management to allocate scarce resources and in hospital capacity planning (Ashton 

et al., 2005; Harper and Shahani, 2002; Harper and Pitt, 2004; Leonard et al., 2005; 

Royston et al., 2003; van der Meer et al., 2005).  As well as analysing and 

optimising individual sectors of the health care industry, the health care system as a 

whole needs evaluation and the application of OR to optimise and investigate the 

whole system (Brailsford et al., 2004; Edwards et al., 2005).  Excessive waiting 

times, inefficiencies, and scheduled surgeries are a common problem within 

hospitals.  The combination of reduced government subsidies and service fees and 

the increasing demand on the system necessitate OR to be employed in the 

capacity planning and management of hospitals.  The major measures of hospital 

capacity that need efficient allocation include beds, personnel, operating theatres, 

and diagnostic equipment.  Hospital departments are interdependent and the 

system as a whole needs to be tackled to manage bottlenecks within the system of 

both fixed capacity resources (e.g. inpatient beds; ED beds; diagnostic equipment) 

and variable capacity resources (e.g. nurses; physicians; support staff).  Occupancy 

levels have traditionally been used to calculate bed numbers and the error in this 

method is multifaceted.  Firstly, bed occupancy is generally recorded at midnight, 

which is the lowest level of the day, and occupancy throughout the middle of the day 

can reach levels of up to 20% greater than at midnight due to the phenomenon of 

the “23-hour” patient.  That is, patients may be discharged late at night and their bed 
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not filled until morning, creating a false level of utilisation.  Secondly, this does not 

take into consideration the stochastic nature of the demands on the system.  Thirdly, 

procedures are not generally scheduled on the weekends and therefore the 

occupancy rates are a lot lower however the reported rates are the averages.  

Finally, seasonal trends are not accounted for with this method of bed number 

determination (Green, 2004).  

 

The ED will benefit from the application of OR techniques with the optimisation of 

the allocation and scheduling of the resources listed previously with waiting times 

and tardiness being the main performance indicators targeted for improvement.  The 

outcome will be to effectively utilise the available resources in the ED, while meeting 

the standards for the ED.  Other benefits will be to increase patient satisfaction, 

public confidence and enhance the hospital's profile.  In addition, more effective use 

of resources, including time and equipment, will help to reduce the level of stress felt 

by staff in the ED, which is traditionally a very high-stress environment.  Creating a 

less stressful working environment will increase staff satisfaction, reduce staff 

turnover rates, and create a better experience for patients as they are being treated 

by less stressed staff.  

 

The health budget per capita per annum ranges from less than $15 in the world‟s 60 

poorest countries to around $2,000 in most of the industrialised world to $4,500 in 

the United States.  The United States, despite its budget per capita being more than 

double most of the rest of the world, ranked 37th in overall health system 

performance while France, spending approximately half as much as the US, ranked 

first.  Health costs are continuing to rise, with health care spending increasing on 

average 9% a year per person in the US from 1960 to 2001.  Regardless of the 

wealth of the nation, public resources for health care are inadequate to meet the 

demands of the citizens, and this necessitates the efficient allocation of these scarce 

resources using OR techniques (Brandeau et al., 2004).    

 

Arrival patterns are an important research aspect for the ED as staff can be 

scheduled according to peak demand periods and regular demands of the system 

can be predicted.  Time series methods were applied by Cerrito et al. (2005) to 

estimate the random pattern of arrivals to the ED with three main parts of the model: 

economic modelling, simulation, and forecasting.  The application to the ED of 

transactional time-series methods was a natural progression from previous uses in 

the areas of the stock market, customer arrivals, and customer waiting times as the 
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ED has randomly arriving patients requiring different treatment times and who often 

require queuing.  The methods given are not limited to the ED and can be extended 

within the hospital setting for admissions, discharges, and length of stay.  The study 

used data from a computerised system recording arrivals, length of stay, complaint 

and diagnosis.  It was noticed that there was a considerable increase in treatment 

times from 10am.  This was further analysed and the increases in treatment times 

were noticeable only for patients being discharged while the average length of stay 

for admitted patients was fairly stable throughout the day.  It is around 10am that the 

number of patients presenting to the ED increases substantially, and it is proposed 

that treatment time is linked to overall patients in the system (including the waiting 

room) as both levels tend to drop simultaneously in the late afternoon.  There is a 

moderately positive correlation between number of presentations and length of stay.  

Arrivals were found to be cyclic over a 24 hour period, which should be used to 

determine resource allocation including scheduling of personnel.  Although there 

was little change in the data regarding differences in performance over the days of 

the week, anecdotal evidence suggests Mondays (and if not the Monday then the 

Tuesday) are busier days in the ED.  This is something that could be explored 

further. 

1.1.4 Emergency Department Overcrowding 

ED use has been increasing dramatically for several decades, with the over-

utilisation of EDs attributed to non-urgent presentations.  Patient treatment in the ED 

is the most expensive place to get treatment within the health care system and 

substantial efforts have been made to limit the access to emergency care.  Not only 

do non-urgent cases cost significantly more to be treated in the ED, but physicians 

and administrators have been concerned about the safety of patients requiring care 

when resources are stretched due to overcrowding.  The cause of overcrowding in 

EDs is not solely the result of the use of the ED by non-urgent cases but by the 

increase in patients with serious illness and injury.  Federal laws require patients to 

be treated at public EDs regardless of ability to pay; thus leaving the ED as 

essentially the only place where all patients can access free medical care.  Although 

this promotes a healthier community it burdens hospitals financially as the 

reimbursement from the Australian government often fails to cover direct costs, and 

has put financial pressures on EDs and hospitals.  The role of the ED has evolved 

over the last few decades with the ability to offer support to a vast number of 

disadvantaged groups due to accessibility and 24 hour availability for all.  This 

necessary evolution may place a further pressure on the ED, which will require 
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additional resources to become a health promotion organisation rather than a 

disease treatment centre.   

 

Another problem with ED overcrowding is the lack of a standard to define 

overcrowding.  Mitchell and Krmpotic (2008) define overcrowding as “a situation in 

which the identified need for emergency services outstrips available resources in the 

ED” (p. 126). Other descriptions used include, but are not limited to: 

 Excessive waiting times; 

 Lengthy waiting times for urgent cases; 

 Delays in treatment times; 

 Delays in patients awaiting transfer to an inpatient bed; 

 Use of non-treatment areas for medical care; and 

 Patient – bed ratios. 

 

These definitions are numerous and at times vague and open to interpretation - 

varying from hospital to hospital, state to state and nation to nation.  Overcrowding 

needs to be at least nationally defined in order to: align EDs; set standards; 

measure improvements; enable resource allocation; and aid in research by having a 

standard measure for comparison and goal setting.  Increasing demand contributes 

to ED overcrowding with the main culprit being seen as access block.  Access block 

is where patients, who are being admitted to the hospital as inpatients from the ED, 

are being prevented from leaving the ED due to no available hospital beds.  

Hospitals are running to a higher capacity to be financially stable and this is causing 

problems for emergency admissions, inpatients, and elective surgery patients.  

Overcrowding contributes to excessive waiting times, rushed consultations, stressed 

staff, deficiencies in specialised clinical staff, reduced patient comfort and 

satisfaction, use of hallways for treatment reducing privacy and equipment available, 

and has detrimental effects on teaching programs.  Solutions proposed to ease ED 

overcrowding are expensive, complex, and resource intensive.  An increase in 

inpatient capacity is vital to the overall flow of the hospital, accompanied with 

efficient bed management.  Additional management strategies include information 

on appropriate ED use by the public (outside of the ED setting); information related 

to reason for visit, future treatment, and future use of the ED at the time of the visit; 

connecting patients to an alternative medical facility for usual treatment; effective 

discharge policies; improved funding; and reforms in the health care systems 

(Knapp et al., 2004). 
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Fatovich (2003) discusses overcrowding in the ED: 

 “Spare bed capacity is essential for the effective management of emergency 

admissions. At least one study has found that if hospital bed occupancy rates 

exceed 85%, then bed crises occur. In fact, the Guinness Book of World Records 

now has a category for longest wait on a hospital trolley! The official record currently 

stands at 77 hours 30 minutes, although anecdotes report longer times. It is 

paradoxical that other departments within a hospital cannot exceed 100% 

occupancy, and yet the ED, which may contain some of the most seriously ill or 

injured, is allowed to exceed the safe level of 100% occupancy.” (pg. 527) 

 

It is imperative that OR is applied to the ED given that it clearly has a high demand 

and limited resources.  If the hospital itself is satisfied with overloading the ED, then 

the ED needs to improve the utilisation of its resources in order to lessen the risk for 

waiting and treated patients.  In this thesis the focus is on optimising the ED as that 

is the system being studied and the only one able to be changed by the ED 

management.  However, the hospital as a whole clearly needs to be investigated. 

1.1.5 Limitations of the model 

There are limitations with this model that include data collection, understanding of 

parts of the system, and the difference between night and day in the hospital.  The 

data collected is limited in its accuracy in that staff can retrospectively change 

treatment times, this occurs due to the pressure to meet targets, without the 

understanding from management that not meeting targets may be outside the 

control of the ED with the current policies and resources.  Although the ED was well 

understood there were relationships and occurrences that were not fully understood 

or able to be modelled, such as, when senior staff do treat patients to keep the ED 

flowing, rather than just be advisors to junior staff.  Additionally not modelled was 

the tendency to use observation beds and diagnostic beds as overnight beds to 

keep patients awaiting transfer to an inpatient bed to try clear the ED.  What 

requires more understanding is the difference between night and day in the hospital, 

not only with the level of staff, but the access to diagnostic imaging, inpatient wards, 

and allied health professionals.  Patients may stay in the ED overnight just waiting 

on a specialist consult or an allied health consult. 

 

The application of the metaheuristics to the real life ED would require a more in 

depth study of arrival times and treatment times in order to have a more stable 

system.  The metaheuristics were not applied to a stochastic system which would be 
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inclusive in future study or be applicable to systems within the hospital that are more 

deterministic in arrivals such as the operating theatres. 

1.2 The Australian Health System 

This section looks at the Australian Health Care System with focus on how the ED 

and the hospital fit into it. 

1.2.1 Impact of the Emergency Department being Interactive 

Hughes et al. (2005) studied the hospital bed occupancy rates.  Within the hospital 

setting the overall utilisation may be optimised by controlling the rate at which 

patients are admitted to a unit.  The complexity of the admission control process 

increases with the degree of inter-dependency between units within the hospital.  By 

controlling the admissions rates, the hospital can achieve greater rates of bed-

occupancy, increase staff utilisation, and reduce the number of delayed and 

cancelled admissions.  It was proposed that a method for evaluating admissions 

control was required.  A realistic approach was taken to determine exactly what 

aspects could be controlled and what aspects were predictable, and those 

occurrences that were not able to be predicted in advance.  An investigation into 

variables and their impact allowed for the inclusion and elimination of variables in 

the model.  The workload of each system impacts all systems that interact with it, 

and the fluctuation in workloads cause both under-utilisation and over-utilisation that 

can possibly decrease the quality of patient care. Most frequently the variation in 

workloads were found to be from causes that were scheduled in advance, either 

from staff holidays, operating theatre refurbishments, or the tendency to schedule 

similar surgeries on a particular day of the week.  It is recommended that further 

analysis be applied to variables that cause irreversible resource allocation decisions, 

as many of the imbalances in the system were caused by events known in advance 

and had a predictable outcome. 

1.2.2 Function of the Hospital within the Health Care System 

The „health promotion‟ concept was introduced by the World Health Organisation 

(WHO) at the First International Conference on Health Promotion in 1986 with the 

outcome of the Ottawa Charter for Health Promotion (1986).  It described health 

promotion as “the process of enabling people to increase control over, and to 

improve, their health”.  The Charter recognised the need for coordination from 

governments, health sectors, voluntary and non-government organisations, local 

authorities, industry and the media for successful implementation of health 
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promotion.  It recommends that health promotion strategies should take into account 

the individuality and needs of the local area and meet demands of the social, 

cultural and economic systems in the area.  Health promotion aims to: 

 

 Build healthy public policy,  

 Create supportive environments,  

 Strengthen community actions,  

 Develop personal skills, 

 Move into the future, and 

 Reorient health services. 

 

This charter was the basis for the shift in the focus of the hospital‟s role in the 

community. 

 

Johnson and Baum (2001) describe the role of the hospital as evolving from a single 

focus on disease treating to having more emphasis on health promotion and note 

the changes as an Adelaide hospital shifted focus.  It has previously been proposed 

that hospitals need to embrace a healthier community attitude and not continue 

functioning in isolation.  Hospitals are in a position to change their focus and 

improve health promotion due to a number of factors including the concentration of 

health service resources, professional skills, medical technology, and an 

authoritative and respected role within the community.  The study at an Adelaide 

hospital found that a reorientation of the hospital had positive health outcomes for 

patients, their families, staff, the organisation, the physical environment, and the 

community.  The health promoting activity focused on disease management and 

prevention by using strategies of health counselling and education and connecting 

care relationships between staff, patients, their families / carers, and community 

supports.  In addition, a health promotion focus included input into education and 

support in the community by developing health education resources and undertaking 

health promotion projects for targeted audiences in the community.  A health 

information centre was established with an online health information extension.  A 

health promotion focus for the hospital incorporated promoting healthier lifestyles for 

its staff and included staff immunisation, a women‟s health clinic, nutritious staff 

meals, and aerobics activities.  Implementation of several programs for 

organisational health included the occupational health and safety program, an 

infection control policy, and a no-smoking policy.  It was recommended that the 
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hospital should also focus on a healthier community by considering its waste 

management strategies (Johnson and Baum, 2001). 

 

Pelikan et al. (2001) also report on the concept of the Health Promoting Hospital 

(HPH).  They propose that the hospital should consider the following when 

considering a health promotion strategy, as introduced by the WHO (1986):  

 The hospital as a physical and social setting; 

 The HPH as a workplace; 

 Provision of health services; 

 Training, education and research; and 

 The hospital as an advocate and „change agent‟. 

 

The hospital environment affects all who come into contact with it – patients, visitors 

and staff - by its health promoting / disease producing character.  A health 

promotion strategy should include ecological outcomes of the hospital functions, 

architecture and design, strategies to decrease cigarette smoke pollution and aids to 

encourage and support quitting, developing competencies for health promotion, and 

encouraging participation by staff and patients.  Health promotion of staff is 

important for an overall HPH and aspects requiring consideration include health of 

hospital staff, working environment, staff education and inclusion of staff 

participation in the health promotion and other aspects of their workplace.  The 

hospital‟s main function is as a provider of health services.  This includes not only 

treatment of disease but also education, prevention, and rehabilitation.  The hospital 

should aim to encourage patients to be active in their health management and focus 

on patient empowerment.  Effective communication, counselling and training are all 

essential to achieve these goals for a HPH.  Both the consideration of health 

promotion issues in the education of staff, and a focus on health development in 

research should be part of the education and research sector of reorientating the 

hospital.  Within the community, hospitals can promote health by reporting health 

statistics, organising specific programs, liaising and working with community groups, 

nutrition counselling, and planning.  For a healthier community outlook it is 

advantageous for the hospital to incorporate a health promotion approach into all 

decision processes. 

 

Hospitals have evolved over the last twenty years from a disease treating building to 

an active and major player in health promotion within the community with a focus on 

information, prevention, treatment, rehabilitation, connecting supports for patients, 
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and helping patients be empowered regarding their own health (both current and 

future). 

1.2.3 How the Emergency Department Interacts within the Hospital 

The ED is often referred to as the front door of the hospital.  The ED interacts with 

every part of the hospital transferring its patients potentially to all wards, the 

Intensive Care Unit (ICU), operating theatres, and outpatient departments.  Staff 

from the ED also respond to trauma within the hospital grounds (any resuscitation or 

emergency medicine required of staff, patients, and visitors); having specialised 

training in emergency medicine and treatment.  The ED also interacts with the 

ambulance service, community health centres and private and government 

organisations and is the hub of the health community.  From the given data 39.8 % 

of patients requiring surgery in the operating theatres in Qld hospitals were 

emergency (or non-scheduled) patients.  Approximately 31 % of patients treated in 

the public hospital ED were admitted as inpatients to the hospital.  How the ED fits 

into the health system is shown in Figure 1-1.  

 

 

Figure 1-1 Relationship between ED and the Australian Health System 

1.2.4 Medicare Australia 

The Australian health system is a mix of public and private sector health care and is 

widely regarded for its effectiveness and efficiency.  Medicare Australia, previously 
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the Australian Government‟s Health Insurance Commission (HIC), funds the health 

system through the following avenues: 

 

 Medicare - Australia's universal health care program; 

 Pharmaceutical Benefits Scheme; 

 30% Private Health Insurance Rebate; 

 Special Assistance Schemes; 

 Australian Childhood Immunisation Register; 

 Australian Organ Donor Register; 

 General Practice Immunisation Incentive Scheme; 

 Practice Incentives Program; 

 Rural Retention Program; 

 Claims processing and payments for the Department of Veterans‟ 

Affairs and Hearing Services; and 

 Family Assistance Office. 

(Medicare Australia) 

This is provided in order to offer access to health care at an affordable cost or for no 

cost, through subsidies and the public hospital system, while supporting Australians' 

choice to use private physicians and specialists.  All Australians are eligible for the 

services provided by Medicare, along with those issued with permanent visas, and 

residents of New Zealand.  Medicare also provides limited access to health cover for 

travellers from countries where there is a Reciprocal Health Care Agreement.  The 

purpose of Medicare Australia is to improve Australia's health through payments and 

information.  The focus of Medicare Australia is meeting customer needs and 

delivering health programs to the Australian community.  The customers consist not 

only of the general public as health consumers, but also include, although not limited 

to, health professionals, private health bodies, state health agencies, and 

researchers.  Medicare Australia does not provide the actual health care, but rather 

provides funding and information.  The state health departments are responsible for 

implementing the actual health care and the running of their health systems 

(Medicare Australia, 2005). 

1.2.5 Queensland Health 

Queensland Health is responsible for distributing funds, implementing, and 

maintaining a health system as required for the health of Queenslanders, with the 

mission being “Promoting a healthier Queensland”.  In regards to the hospital 



34 
 

system, Qld Health endeavours to provide „healthier hospitals‟ that are integrated 

with community based services and provide high quality acute and emergency care 

for all without discrimination.  Qld Health offer treatment based on evidence-based 

decisions, policies, and programs; with a strong emphasis on continuous 

improvement and quality assurance (Qld Health, 2004). 

1.2.6 Australian Emergency Departments 

The traditional and primary function of the ED is to provide timely, accessible, and 

appropriate emergency health services to patients with acute illness or injury.  This 

purpose has been expanded to provide an array of services to meet community and 

hospital needs.  The ED is considered the front door of the hospital and is a primary 

care centre for patients not using a General Practitioner (due to a variety of reasons 

including financial situation, availability, and satisfaction), and a 24 hour service with 

a policy for treating everyone who presents (The Audit Office of New South Wales, 

1999). 

1.2.7 Private and Public Hospitals in Australia 

The Australian health care system ensures that all Australians have adequate 

access to health care and provides treatment free of charge at public hospitals and 

supports other avenues of funded care as previously mentioned.  Private hospitals 

are a growing industry with the recognition that there is a market for medical 

services with greater choice regarding treatment and physicians, shorter waiting 

times, greater staff to patient ratios, and more environmental comforts.  These 

services come at a price to the patient but are being made more and more attractive 

to consumers as these costs can be partially offset with private health insurance and 

the government rebate. 

 

Public and private hospitals are not exclusive systems as not only is there instances 

when the public sector funds treatment at private hospitals, private patients are still 

entitled to free treatment at public hospitals, and there is an intermediate option of 

treatment that allows private patients to choose (and fund) their treatment and 

physicians, but be treated within a public hospital in order to reduce costs. 

1.2.8 The Emergency Department as a Training Centre 

Investigating changes within the ED needs to take in aspects other than a goal to 

reduce waiting times.  Teaching hospitals need to also focus on the training of 

residents and the importance of patient exposure to the resident.  It was shown that 
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residents tend to see more patients per shift as the academic year progresses 

(Cushman & Witting, 2003).  A teaching hospital wanting to focus on reduction of 

waiting times considered the impact of rostering an additional attending in the ED.  

The concern was that an additional attending physician may reduce the number of 

patients that the residents saw, which would be detrimental to their training and 

efficiency.  It was felt that the residents were competing for patients while being 

simultaneously scheduled, thus reducing the number of patients seen in the ED.  

The suggestion was to have a staggered resident schedule as opposed to 

simultaneously working, in order to increase patient exposure.  The hospital 

recorded data of the number of patients the residents treated before any changes 

were investigated (with 2 attendings and 2 residents) and then observed the data 

after initiating changes for 2 alternative scenarios: triple attending coverage, 2 

simultaneously scheduled residents, and triple attending coverage and staggered 

resident scheduling. In the first alternative situation there was no statistically 

significant difference to the number of patients seen by the residents.  An 

explanation offered for this was that residents work to their capacity irrespective of 

the patient volume while attendings tend to see patients primarily after residents 

have reached their capacity.  The staggered scheduling actually produced a 

decrease of patients seen per shift by residents with a mean decrease of 0.7 (95% 

CI = 0 to 1.3).  The authors are unsure of the reason for this since the acuities of 

patients seen were similarly distributed, but suggest that perhaps the reduction of 

peer pressure negatively influenced the number of people seen.  EDs within 

teaching hospitals need to carefully implement changes as over-staffing can be 

equally detrimental to a resident's learning experience and exposure as can a 

consistently high level of patients and demand on an attending, as this reduces 

opportunities for bedside teaching (Cushman & Witting, 2003).  This study highlights 

the advantages of simulation models by their absences.  A simulation model could 

have investigated effects of additional staff without disruption to the ED's staff, 

although may not be able to reflect human influences in the system such as peer 

pressure, but would have been a good starting point. 

1.3 Emergency Department System 

Modelling the ED will require analysing and understanding the variables, processes, 

and resources within the system, as well as the interactions with other systems.  

This chapter analyses the specific characteristics of the public hospital being 

studied.  Some of the characteristics match up with EDs internationally (such as 

arrival time frequency) and others are more specific to the hospital under study 
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(such as age presentations due to no paediatric services).  A detailed patient flow 

chart is given and all aspects of patient characteristics and resources are analysed.  

The data gathered was from the public hospital ED being studied and one year‟s 

(March 2005 – February 2006) worth of data was analysed. 

1.3.1 Patient Flow 

Patients flow through the ED along individualistic paths according to their disease, 

acuity of disease, and status of diagnosis.  These general stages, which may be 

simultaneous, repeated, skipped, or out of order depending on the patient, are: 

   Arrival 

   Triage and Registration 

   Record Retrieval 

   Physician Assessment 

   Initial diagnosis and treatment 

   Imaging Studies 

   Laboratory Studies  

   Treatment planning 

   Nursing activity 

   Procedures (e.g. suturing and casting) 

   Request for specialist 

   Specialist Consultation 

   Decision to discharge or admit as an inpatient 

   Request for inpatient bed 

   Transfer to inpatient bed 

   Discharge from the ED 

 

A flow chart of how patients move through the ED is given in Figure 1-2.  .   
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Figure 1-2 Patient Flow Chart 

 

Figure 1-3 shows how patients spend their time in the ED with the targets as set out 

by the new 3-2-1 Procedures.  The 3-2-1 Procedures is a new incentive in the ED 

where patients that are ultimately admitted as inpatients to the hospital have targets 

of “3” hours to be treated in the ED, “2” hours of waiting for a specialist consultation, 

and “1” hour of waiting for a bed.  One problem with having this in the ED as a target 

is that “2” and “3” are outside of the control of the ED, and if they are not met it 

affects the ability of the ED to meet the “3”.  The ED controls the treatment length to 

a degree but waiting for specialists and waiting for a bed.  Additionally the ED aims 

to have 80% of discharged patients departed within 4 hours from arrival and less 
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than 20% of patients transferring to an inpatient bed having a length of stay greater 

than 8 hours. 

 

 

Figure 1-3 Emergency Department Patient Time Intervals 

1.3.2 Arrival Characteristics 

Arrival into the ED is recognised as the point of first contact with staff in the ED.  

Theoretically there should be no time between arriving and being registered by 

administrative clerks and being triaged.  This, however, is being further analysed as 

it has become apparent during observation of the system that there are often delays 

between arriving and being triaged, particularly for sub-acute patients, when the 

stochastic nature of the system causes a bottleneck at the point of triage.   

 

Arrival Mode 

Patients arrive at the ED by several modes.  These include self transport, 

ambulance (road, fixed wing, and helicopter), or brought in by other organisations 

such as community organisations, police, or prison officials. The policy of the ED is 

that it is unable to turn away presenting patients and must treat anyone who 

presents for treatment; therefore the only control mechanism for slowing arrivals 

down is to redirect ambulances to alternative hospitals before they arrive.  

Ambulance arrivals make up almost 41% of arriving patients and therefore diversion 

could be an effective tool to reduce pressure on an overcrowded ED.  However 
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there are other problems associated with ambulance diversion, reducing its 

attractiveness, including: 

 patients still coming through the ED if needed to be admitted at their local 

hospital after attending an alternative ED due to the regional admission 

policies in Qld Health.  This process causes additional demands on 

transportation resources, additional waiting times for patients, and multiple 

ED visits and use of resources when a single visit could suffice; 

 distance to alternative hospitals: patients may have longer waits for ED 

treatment than is recommended due to transportation to alternative facilities, 

and many hospitals do not have the option of nearby hospitals; 

 ambulances are taken out of their region thus creating a void in their 

designated region while transporting to an alternative ED and travelling back;  

 patients having difficulty being transported backhome if taken to a hospital 

further from home than they were anticipating and not being admitted, 

particularly during night hours. 

 

Arrivals mode data is given in Figure 1-4.   

 

 

Figure 1-4 Arrival Mode 
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Arrival Frequency 

Arrival rates are dependent on time of day with a greater percentage of patients 

arriving during normal waking hours.  Frequency of patients arriving over each hour 

of the day for a period of one year is given in Figure 1-5. 
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Figure 1-5 Arrival Frequency throughout the Day 

 

The arrival times were grouped into three time slots to model the arrivals as shown 

in Table 1-1.  The times were classified into these bands to enable arrivals during 

both peak and slower periods to be represented and also to allow time periods to 

have enough data to accurately model the arrivals.  Future studies will aim to 

include greater detail of arrival patterns with more available data.  The average 

hourly arrival rate is the average hourly percentage of overall arrivals in the given 

hours. 

 

Table 1-1 Arrival Time Classifications 

Time 

Classification 

Time Percentage of 

Arrivals 

Average Hourly 

Arrival Rate 

Night Midnight – 9am 20.79% 2.31% 

Day 9am - 7pm 58.96% 5.90% 

Evening 7pm - Midnight 20.25% 4.05% 

 
There was no statistically significant difference between the means of the arrivals for 

the different days of the week, having studied similar arrival numbers throughout the 

year, although there is a slight increase on Mondays.  The distribution of the arriving 
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patients throughout the day was also similar for each day of the week as given in 

Figure 1-6.  Figure 1-7 depicts the cumulative distribution functions (CDF) of 

patients arriving throughout each day of the week, showing very little variation in 

percentage of overall patients for the day having presented by time of day. 
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Figure 1-6 Arrivals by Day and Time 
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Figure 1-7 CDF of Arrival Time for Days of the Week 
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Daily arrival frequencies were normally distributed with a mean of 117.14 and 

standard deviation of 12.57. The normal distribution (X ~ N(117.14, 12.572)) and the 

arrival rates from the data are given in Figure 1-8.  Figure 1-9 verifies the 

assumption that daily arrivals are normally distributed with the aforementioned 

parameters using a Quantile - Quantile (Q-Q) plot.  
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Figure 1-8 Daily Arrival Frequency Distribution 
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Figure 1-9 Q-Q Plot of Daily Arrivals 

 

The daily analysis has revealed that the number of patients arriving on any given 

day is normally distributed and has little variation month to month, season to 
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season, and even day to day.  Therefore the arrival patterns will be modelled with 

each day being considered the same as any other day; with the time of day having 

more input than the day itself. 

 
Presenting Conditions and Diseases 

Patients present to the ED with a variety of conditions, ranging from mild to severe 

in nature, and in any state of diagnosis.  When patients present to the ED the triage 

nurse assigns a complaint code depending on either the main presenting condition, 

or the condition with the most pressing need for treatment.  The complaint codes 

used by the ED are given in Table 1-2. 

 

Table 1-2 ED Presenting Condition Codes 

ED Code Complaint 

1 Multi-trauma 

1000 Blood/Immune 

2000 Cardiac/Vascular 

3000 Diabetic/Endocrine 

4000 Drug/Alcohol/Poisoning 

5000 ENT/Oral 

6000 Environmental/Temperature 

7000 Eye 

8000 Gastrointestinal 

9000 Injury 

21000 Neurological 

22000 Non emergent/Reviews 

23000 Obstetrics/Gynaecology 

24000 Paediatric 

25000 Pain 

27000 Psychiatry/Behavioural 

28000 Regional problems 

32000 Respiratory 

33000 Urology/Reproductive 

35000 DNW prior to triage 

73000 Renal 

 

The frequency of these conditions is given in Figure 1-10.   
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Figure 1-10 Complaint Code Frequencies per annum 

 

When patients have been treated, disease codes are assigned according to the 

International Classification of Diseases (ICD-10) from the World Health 

Organization.  The ICD-10 classifies diseases within a number of general sub-

categories using an alpha-numeric system.  Generally speaking, subcategories are 

synonymous with an alpha character, with further breakdowns represented by the 

numeric part (from 00 to 99).  Using the internationally recognised groupings of 

diseases/conditions, the presentations to the ED were grouped into 63 categories 

that allowed both grouping of similar diseases while keeping the categories‟ sample 

size sufficient to model variables such as inter-arrival times, treatment times, and 

ATS categories.  The disease categories used in the model are given in Appendix 1.  

A histogram of arrivals according to their category is given in Figure 1-11.  Although 

on presentation to triage the exact condition has not yet been determined and only 

the complaint codes are assigned, the model uses the determined categories to 

represent the disease at an early stage in the model, in order to replicate the 

accuracy of the system.  Historical data of the frequencies, inter-arrival times, and 

treatment times of the categories allows for a more detailed analysis of the system.  

The system more accurately reflected treatment times and distributions were 

statistically significantly fitted for each category when using the new 63 categories.  

Distributions were not able to be fit for all the data when using the broader current 

categories.   
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Figure 1-11 Category Distribution 

 
 
Interarrival Times 

Patients arrive randomly throughout the day with different rates during different 

periods of the day as previously mentioned.  Statistical distributions were 

determined for each disease category in each time period.   

 

An example of an interarrival distribution is given using category 2607, wrist and 

hand injuries, arriving during the day hours.  Throughout the year there were over 

1000 arrivals during this time period.  The histogram of the interarrival times is 

shown in Figure 1-12.  The best fitting distribution for this data set (using Stat:fit) 

was a Weibull distribution with shape and scale parameters being 1.02 and 217 

respectively.  The Weibull distribution for this data is as follows: 
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Hand and Wrist Injury Day Arrivals
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Figure 1-12 Interarrival Times for 2607 Day Arrivals 
 

The Quantile - Quantile plot (QQ plot) validates this selection as shown in Figure 

1-13.  The distribution was also accepted with a 5% significance level using the 

Kolmogorov Smirnov goodness-of-fit test.   

 

 

Figure 1-13 QQ Plot of 2607 Day Arrivals 

 

The cumulative density plots for both the historical data and the fitted distribution are 

given in Figure 1-14 showing a very close match of the data and the distribution. 
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Figure 1-14 CDF Plot of 2607 Day Arrivals and Fitted Distribution 

 

Inter-arrival times were determined using matlab code written for this purpose.  

Stat:fit was used to fit distributions to the data for each group.  The shifts cause the 

generator blocks to suspend when not „on‟ so the determining of the distributions 

had to reflect this condition.  Interarrival times were determined in each time bracket 

for each category assuming no time had passed since the end of the previous 

similar time period.  The distributions used are given in Appendices 2 - 4.  Category 

2607 was simply chosen as an example because “hand and wrist injuries” did not 

require any additional medical information for understanding that would distract from 

the distribution fitting.  The distributions for treatment times and arrival times fit the 

data much better with the use of the new 63 categories as opposed to previous 

studies which mainly used triage categories, or the option to use broad presenting 

conditions. 

 

Registration 

Upon arrival into the ED patients are registered by the administration staff who enter 

patient details into the system.  Patient charts are organised by the triage clerks who 

arrange for any prior medical records at the hospital to be sent to the ED.  When 

patients are registered the computer system used (EDIS – Emergency Department 

Information System) highlights patients who are waiting to be triaged for the triage 

nurse to then perform her role with the registration completed. 
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Demographics of ED Presentations  

A small demographic study of the patients presenting to the public hospital follows..  

The study included one year‟s worth of patients presenting to the ED, a total of 42, 

238 presentations.  The system may encounter patients of any gender, age, 

ethnicity, level of need for treatment, arrival mode, and disease/condition.  The 

histogram of patients‟ ages is given in Figure 1-15.  The public hospital does not 

have a paediatrics unit which explains the particularly low arrivals in the 0 – 16 year 

old ranges. 
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Figure 1-15 Ages of Presentations to the ED 

 

The percentages of each age group are given in Figure 1-16.  This plot shows that a 

higher percentage of the ED population is between the ages of about 20 – 40 years 

old and above 65 years old than that in the general population.  The ages between 

40 – 65 are represented in line with the general population.  Patients in the age 

range 0 – 19 years are understandably under-represented.   
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Figure 1-16 Age Comparison of ED with General Population 

 

The general population in Australia has an almost even split between female and 

male.  However there is a variation from this ratio in presentations to the public 

hospital ED as shown in Figure 1-17. 
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Figure 1-17 Comparison of Patient Arrivals by Gender 

 

Male presentations surpass female presentations in each category (see Figure 

1-18).  
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Figure 1-18 Patient Analysis by Gender and Triage Category 

 

The imbalance in gender presentation may be due to the lack of an obstetrics/ 

gynaecology department at this ED, or possibly due to the nearby Women‟s 

Hospitals. 

1.3.3 Australasian Triage Scale 

When patients arrive in the ED the first point of call is the registration desk and 

triage.  Triage is the process of sorting patients by need for emergency treatment.  

There is theoretically no time between arrival and triage however ambulance arrivals 

are given priority and sometimes sub-acute patients may wait several minutes 

before being triaged.  The Australasian Triage Scale (ATS) is used in Australia using 

a five point scale as given in Table 1-3. More details can be found from the 

Australasian Triage Scale Guidelines (ACEM, 2005). 
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Table 1-3 ATS Categories 

Triage 

Category 

Max Waiting 

Time 

Acuity Description 

1 0 min Immediately life threatening 

2 10 min Imminently life threatening 

or 

Important time-critical treatment 

3 30 min Potentially life threatening 

or 

Situational urgency 

4 60 min Potentially serious 

or 

Situational urgency or Significant 

complexity or severity 

5 120 min Less urgent 

or 

Clinico-administrative problems 

 

Specially trained nurses perform the initial brief consultation with the arriving patient 

and assign the patient a triage category based on the need for emergency 

treatment.  At this time the nurse may perform minor procedures including first aid 

and pain relief, order x-rays and blood tests as outlined in procedures by hospitals 

as to what situations allow for nurse initiated diagnostic studies.  This initial 

consultation includes a brief description of the presenting condition, relevant history, 

current medications and performing minor procedures, including first aid and pain 

relief, to reduce suffering and prevent further damage while waiting.  This 

information is used to triage the patient and to pass on to the treating doctor.  From 

observation, nurse-initiated diagnostic studies were not used as a regular policy.  

Investigation into the benefit of nurse initiated diagnostic studies should be 

performed.  The proportion of each ATS category at the public hospital is given in 

Figure 1-19.  Different nurses may assign different triage categories to the same 

patient and training should be regularly conducted to ensure triage categories are 

being assigned consistently. 
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Australasian Triage Category Distribution

1.69%
14.25%

47.38%
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Figure 1-19 Triage Distribution 

 
The probabilities of each ATS category were determined for each disease category 

from the data.  Some conditions are more likely to have patients arriving in more 

urgent need for care than other categories.  Therefore the ATS attribute in the 

simulation model is assigned dependent on the disease category of the patient.  The 

percentage of ATS for each category is visually displayed in Figure 1-20.  The actual 

percentage values are attached in Appendix 5. 
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Figure 1-20 ATS by Disease Category 



53 
 

1.3.4 Queuing Characteristics 

Arrivals queue in a single queue that is independent of arrival mode.  Patients 

arriving by ambulance are directed to the waiting room if they are not at the top of 

the queue; this occurs when the patient has a higher triage assignment than those 

already waiting in the waiting room.  Ambulance arrival itself does not assign priority 

or increase a patient‟s priority.  Previously in Queensland, ambulance arrivals were 

always seen prior to patients in the waiting room, regardless of triage category.  This 

resulted in higher acuity category patients, who had self-transported to the ED, 

waiting for treatment while patients misusing the ambulance services for minor 

ailments were put at the top of the queue.  This policy needed changing as it 

prevented patients being seen in order of need for emergency medical treatment – 

particularly with the introduction of a free ambulance service for all in Queensland.  

The original system would be more likely to work if ambulances were ideally used 

solely to treat and transfer patients with an urgent need for emergency treatment.  

However, ambulance services are still used for non life-threatening cases, as is the 

ED. 

 

The queue for admission into an ED bed is primarily a priority based queue with the 

lower the ATS assignment, the higher the priority.  Within a triage level patients are 

seen on a first come first serve basis, or as more commonly known in queuing 

theory, First In First Out (FIFO).  Patients may move ahead in the queue as patients 

ahead of them are treated, remain in the same position as patients are treated and 

higher priority patients arrive, or fall backwards in the queue if more higher priority 

patients arrive than are entering the ED treatment area.  We define this queue as a 

triage-FIFO queue (TF). 

 

Figure 1-21 shows the placement in the queue of three patients arriving at the same 

time.  The top line represents the arrivals that have just entered the system with the 

bottom line representing patients waiting in the queue.  The arriving Category 1 

patient has their treatment initiated immediately.  The arriving Category 2 patient is 

placed ahead of the Category 3 patients waiting, but behind the Category 2 patients 

that have already arrived.  The Category 5 patient that has just arrived is placed at 

the end of the queue.  Patients may have their triage category reassessed and their 

place in queue correspondingly changed if their condition deteriorates after arriving 

and waiting.  This queuing policy is to ensure that patients get treated in order of 

their need for treatment. 
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Figure 1-21 Queuing Diagram 

 

The ED has recently changed its queuing policy to treating all sub-acute patients as 

one group and seeing these patients in order of arrival.  Category 1 patients are still 

seen immediately and transported on arrival straight into the resuscitation rooms.  

Category 2 patients are transported into an available bed if available or transferred 

to a corridor bed and await treatment in an available corridor space.  The Category 2 

team on duty are paged and attend to these patients within ten minutes of entering 

the ED.  Category 3 patients are broken into two main categories – urgent, and with 

higher probability of admission, or sub-acute.  The sub-acute patients wait in the 

waiting room as before and the high Category 3 patients are seen when there is 

both an available doctor and acute bed.  The sub-acute patients are seen in order of 

arrival in the sub-acute treatment areas.  However there was no system 

implemented to compare the performance of the system before and after the 

change.  OR can help in this situation by providing objective and mathematical 

outcomes to measure and compare. 

1.3.5 Treatment Times 

Patient treatment times are stochastic in nature and depend upon a variety of 

factors including disease condition, acuity of disease, available resources including 

diagnostic imaging and phlebotomy resources, interns‟ access to supervisory 

physicians, level of treating physician, and patient load of treating physician.  

However for this study we were only able to obtain an overall treatment time that 

included all processes. 
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Treatment times were modelled according to disease category with a best-fit 

distribution being determined for each of the 62 Categories.  It should be noted that 

the patients that did not wait for treatment (DNW) were not modelled for a treatment 

time although future research will endeavour to determine the time wasted by the 

ED resources by patients that DNW (over the year of data 7.37% of patients did not 

wait for treatment.  This is unacceptably high.  We were unable to capture patients 

that then returned later as the data was de-identified).  A more detailed analysis 

would include the diagnostic resources in the model along with a complete 

breakdown of patient paths.  This level of detail is unavailable at this stage and 

therefore all the factors influencing treatment times are modelled as one overall 

treatment time.  A major part of the future research will be to determine patient paths 

for each disease category and determine treatment time distributions for procedures 

allowing a more detailed treatment time analysis and treating the ED in an 

innovative way to schedule patients using job shop techniques. 

 

An example of the process is given using Category 1501 – Diseases of the Nervous 

System.  The distribution that best fit this data was a Gamma distribution with scale 

and shape parameters of 160 and 1.64 respectively.  Figure 1-22 shows the data 

distribution and the fitted distribution.  The distribution for the treatment times for the 

disease categories is attached as Appendix 6.  The treatment times were analysed 

in the simulation model to ensure the generated treatment times accurately reflected 

the actual treatment times.   
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Figure 1-22 Treatment Time Distribution - 1501 
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1.3.6 Admission Status 

Patients may require admission as an inpatient to the hospital for further treatment, 

observation or recovery after their medical emergency has been treated in the ED.  

The probability of admission decreases with the decrease in the urgency of the need 

for emergency treatment.  Figure 1-23 shows the probability of each category of 

patient being admitted to the hospital after treatment in the ED. 
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Figure 1-23 Admission Probabilities 

1.3.7 Post Treatment Waiting Times 

Patients may be unable to leave the ED when their treatment has been completed 

due to several factors, mainly: 

 waiting for transportation by ambulance to an alternative hospital, care 

facility, or home, 

 waiting for reviews from consultants external to the ED, or 

 waiting for an inpatient bed to become available. 

This time between readiness for discharge from the ED and physical discharge is 

defined here as the Post Treatment Waiting Time (PTWT). 

 

Patients waiting for an inpatient bed, particularly for an Intensive Care Unit (ICU) 

bed, use up not only a bed in the ED, but additional physician time and perhaps 

more critically, additional nursing care.  Patients waiting for transfer to an ICU may 

require almost one to one nursing care and may consume the entire resources of a 

nurse who may otherwise tend to a number of patients simultaneously.  Blockage at 
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this point can have an effect that ripples throughout the ED and causes significant 

delays for patients in the waiting room.  Inpatient access can be blocked for a variety 

of reasons including surgical patients requiring unexpected inpatient stays, 

inpatients having complications resulting in an extended hospital stay, unbalanced 

surgical schedules, and an unexpected number of additional admissions to the 

hospital.  The ED has no control over these circumstances and patients waiting for 

transfer stay under the care of the ED until they can be properly admitted and 

treated in an inpatient bed.  Patients may also need to be admitted to specific wards 

for specialised treatment that may increase the likelihood and length of waiting for a 

hospital bed.  Hospitals may take a number of measures to reduce the number of 

waiting patients, including: 

 transferring patients ready for discharge to a transit lounge;  

 regular reviewing of patients to determine potential discharges; and 

 ensuring that beds are readied for the next patient within 30 minutes of 

discharging the prior occupant in high demand situations. 

ED usage of the transit lounge is limited due to distance from the ED.  Consideration 

should be given to the use of a small discharge lounge in the ED keeping in mind 

space constraints, the cost of space (a limited resource in high demand in the ED), 

and the number of patients for whom this would actually apply.   

 

PTWT must be included in the model to reflect the system.  PTWT is only calculated 

for patients that are being admitted to the hospital as inpatients.  The PTWT is 

added to the Treatment Time to determine the Length of Stay (LOS) in the ED.  

Historical data was used to calculate the PTWT distribution and to determine the 

PTWT for the model.  The PTWT did not fit a standard distribution so an empirical 

table was formed to determine the times for the simulation model.  Figure 1-24 

shows the distribution of PTWT.  Almost 70% of patients have a PTWT of 3 hours or 

less.  New policies with respect to access block in the ED have targeted for patients 

to wait less than 3 hours once the ED physician has finished treating the patient and 

determined the need for inpatient treatment.  Currently, 50% of patients awaiting 

inpatient admission wait for more than 2 hours for transfer after their ED treatment 

has been completed. 
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Figure 1-24 Distribution of Post Treatment Waiting Times 

 

The PTWT did not fit a standard distribution, consequently an empirical table (Table 

1-4) was formed to determine the times for the simulation model.   

 

More detailed analysis of PTWT is suggested for further studies and requires a 

greater cache of data.  PTWT may be dependent on a combination of factors 

including target ward, time of day, day of the week, level of care required, and 

expected length of stay as an inpatient.  The length of stay in the ED equals the 

waiting time, treatment time, and post treatment waiting time.  Access to an inpatient 

bed is not determined by the ED and is controlled by the bed management team 

who do not consider triage category, length of stay, or PTWT. 
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Table 1-4 PTWT Empirical Data 

PTWT (min) Probability PTWT (min) Probability 

0 0.062060987 250 0.013635237 

10 0.036691183 260 0.01313941 

20 0.021733741 270 0.011982481 

30 0.027353111 280 0.009916536 

40 0.033468308 290 0.009090158 

50 0.039666143 300 0.007437402 

60 0.041566813 310 0.007354764 

70 0.043880671 320 0.007024213 

80 0.051648624 330 0.007106851 

90 0.046690356 340 0.006528386 

100 0.048756301 350 0.00636311 

110 0.04578134 360 0.006197835 

120 0.042558466 370 0.004792992 

130 0.041897364 380 0.004627717 

140 0.038178663 390 0.003966614 

150 0.034459962 400 0.003140236 

160 0.03189819 410 0.003801339 

170 0.030493348 420 0.002231221 

180 0.026857285 430 0.002065945 

190 0.024047599 440 0.002065945 

200 0.023055946 450 0.001322205 

210 0.018097678 460 0.001404843 

220 0.017188662 470 0.001239567 

230 0.014874804 480 0.000495827 

240 0.017767127 500 0.002396496 

 

1.3.8 Measures of Performance in the Emergency Department 

The following performance indicators can measure the efficiency of the ED: 

 

 Waiting Time 

 Ambulance Diversion 

 Resource Utilisation 

 Tardiness/Lateness 
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 Access Block 

 10am Patients Awaiting Transfer Snapshot 

 
Waiting Time 

The waiting time is defined as the time between a) arriving in the ED and being 

triaged and b) being admitted to an ED bed with the initial consultation.  The 

Australasian College for Emergency Medicine (2000) has waiting time thresholds for 

Australian EDs to meet.  The EDs are expected to attain at least the levels indicated 

for the percentage of patients seen within the recommended response times as 

given in Table 1-5.  The waiting times, the percentage of patients seen within the 

guidelines, and the average waiting times are all eligible performance indicators. 

 

Table 1-5 Waiting Time Performance Thresholds (ACEM, 2000) 

Australasian 

Triage Scale Category 

Recommended 

Response Time 

Performance Indicator 

Threshold 

Category 1 Immediate 100% 

Category 2 10 minutes 80% 

Category 3 30 minutes 75% 

Category 4 60 minutes 70% 

Category 5 120 minutes 70% 

 

The public hospital ED does not perform to the standard expected of Australian EDs 

and only meets the threshold for Category 1 patients.  The waiting time performance 

is given in Figure 1-25.  For example, Australian EDs are expected to have 75% of 

Category 3 patients seen within the recommended waiting time (30 minutes) and the 

ED studied had only 30.26% of Category 3 patients seen within the 30 minutes.  The 

overall is the total percentage of patients that reached their target. 
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Figure 1-25 ED Waiting Time Performance 
 

The percentage of patients seen according to a variety of factors was investigated to 

determine influencing factors on performance and observe any patterns in this 

performance indicator.  WT performance was determined for arrival hour of day, 

arrival time by time cluster, day of the week, month, season, disease category, 

admission status, age and gender. 

 

Data for WT performance based on arrival hour was analysed and the results shown 

in Figure 1-26.  There are obvious dips for Categories 3 – 5 and the overall 

performance between the arrival hours of 10am – 2pm and 5pm – 9pm.  These dips 

are used in the fast track investigation for additional doctor resources during these 

times of poorer performance.  Investigation into these dips is left for future study with 

initial thought that possible system performance is being affected by shift breaks and 

handovers that are common and frequent during these times.  Additionally, access 

block in the hospital may affect patients arriving during periods of already high 

volumes of patients waiting for transfer to an inpatient bed and therefore a stagnant 

ED results. 
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Figure 1-26 Waiting Time Performance by Arrival Time 

 

The performance of each month was compared (see Figure 1-27) to see whether 

there were any significant differences between months of the year in ability of the 

system to meet demand acceptably.  It appears that the system was performing 

better in March 2005 and slowly declined through the year until about November 

when the performance started to increase again.  Further investigation into this 

behaviour is necessary to determine the cause of this variation, since the numbers 

of arriving patients were similar across all the months.  The result could be from 

different practices in the earlier months of the data collection or possibly from what 

is known as the “winter bed crisis” where added strain is placed on the ED (and 

whole hospital) during the winter months due to staff illness and an increase in 

patient presentations. 
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Figure 1-27 Waiting Time Performance by Month 

The monthly trend could be linked to seasonal performance.  The WT performance 

for each season is given in Figure 1-28 showing an increased performance in 

Autumn by Categories 2 – 5 and the overall performance (Category 1 has 

consistently high and of sufficient performance).  This could be linked to season but 

could result from unknown changes in policy or procedure around April 2005.   
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Figure 1-28 Waiting Time Performance by Season 

 

Figure 1-29 shows the arrival patterns of each season and diminishes the theory of 

arrival times affecting the performance of the ED. 
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Seasonal Arrival Times
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Figure 1-29 Seasonal Arrival Times 

 

There is a small difference in WT performance between the genders with a small 

percent of males being seen quicker than females as shown in Figure 1-30. 
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Figure 1-30 Waiting Time Performance by Gender 

 

A difference is also noted in WT performance between patients being admitted and 

not being admitted.  In every category patients that were eventually admitted to the 

hospital as an inpatient had a higher rate of being seen within the guideline times as 

shown in Figure 1-31.  Although this difference is small it is consistent and raises the 

question, are there priority queues occurring within the triage categories?  Perhaps 

patients arriving by ambulance are being given preferential priority to patients of 
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similar categories that have self-referred.  Perhaps five categories are not enough to 

sufficiently triage patients. 

 

Waiting Time Performance by Admission Status
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Figure 1-31 Waiting Time Performance by Admission Status 
 
 
Ambulance Diversion  

An ED cannot turn away or refuse service to anyone presenting to the ED and 

requesting medical assistance.  Ambulance Diversion is the only control an ED can 

exercise over the flow of incoming patients through its doors.  This presents the 

option of diverting ambulances to nearby hospitals when the ED is overcrowded.  In 

Australia this practice is not as common as overseas countries with more dense 

populations, and therefore a closer proximity for major hospitals, but it is an option 

for inner city hospitals in severe overcrowding situations.   

 

Although the three major hospitals in Brisbane (P.A.H., Mater Health Services, and 

the Royal Brisbane and Women‟s Hospital), are proximally located they each cater 

to a different geographical region within the greater Brisbane area and patients 

requiring inpatient admission are transferred back to their regional hospital once 

stability has been achieved.  Therefore, unless there is an immediate potentially life-

threatening risk for patients to enter a crowded ED, unnecessary diversion only 

results in additional use of ambulance resources and still results in the patient 

entering the original ED for inpatient admission anyway. 

 

Ambulance diversion has been used in previous studies as a performance indicator 

for both total number of hours on diversion status and total number of days the 

status is activated. 
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Another system that may be used is called ramping.  This is often the stage before 

diversion and requires ambulance officers to remain as the treatment provider in the 

ED corridors or in ambulances outside, until a doctor can treat the patient.  This is 

suboptimal as not only does it take scarce resources from the ambulance system 

but it also indicates that the ED system urgently needs resources and efficient use 

of these resources.  Unfortunately ramping is not captured by EDIS (ED Information 

System – the program used to capture ED data) and the system may appear to be 

performing acceptably as patients‟ arrival times are put into the system as the time 

the ambulance officers depart, therefore not recording the lengthy times the 

ambulance officers are in the ED treating the patient. 

 
Resource Utilisation 

Studying resource utilisation can highlight bottlenecks in the system.  Simulation 

techniques are useful for determining bottlenecks, particularly for bed numbers.  A 

lack of change in efficiency with a change in bed numbers may indicate the 

bottleneck lies elsewhere.  It is a common perception of the public and media that 

bed numbers must be increased to improve flow in the ED.  However, there may be 

other more volatile resources that necessitate the system as a whole be 

investigated, not just one aspect or resource. 

 

It is important to investigate bed numbers and whether there are inadequate, an 

excess, or an adequate number of beds for that ED.  The utilisation percentage of 

beds in the ED is an important performance indicator.  Physician utilisation is also 

an important aspect to study to determine whether the resources are being under or 

over utilised and whether delays are being caused by an imbalance in this resource 

and its interaction with the system. 

 
Tardiness 

Job shop scheduling techniques generally aim to minimise the makespan (or total 

throughput time).  Since the ED is a continuous system with stochastic demands this 

objective is not achievable.  Alternative scheduling objectives include minimising the 

tardiness or the number of tardy jobs.  It might be possible to consider a 24hr 

timeframe for the makespan finishing early morning in the early stages of the 

development of the model.  Perhaps aiming to have all patients treated before the 

morning shift arrives could be a performance target to be investigated. 

 



67 
 

The tardiness is the total sum of all the late times.  That is, the difference between 

actual finishing time and the job deadline, for jobs finishing later than their deadline.  

For the ED scenario this could be either the sum of the differences between waiting 

times and the waiting time guidelines, or the sum of the differences between actual 

length of stay in the ED and the expected stay, for stays exceeding the expected or 

average stay for that particular condition and category.  The number of tardy jobs is 

a main indicator in the system.  In the ED system, this could be interpreted as the 

number of patients who were waiting longer than the recommended times, or the 

number of patients whose overall stay in the ED was longer than the predetermined 

standard for their condition and category. 

 

Essentially the tardiness performance indicator takes into account total length of all 

delays where the number of tardy jobs counts the late jobs, not taking into 

consideration the severity of delay for individual jobs but treating all lateness as an 

equally poor outcome.  Additionally the tardiness or number of tardy jobs can be 

weighted by triage category.  The tardiness and number of tardy jobs performance 

indicators are measures of waiting time performance.  Figure 1-32 shows the 

calculation of tardiness and waiting time. 

 

 

Figure 1-32 Tardiness 

Access Block 

Access block is a measure of the percentage of patients requiring inpatient 

admission that have a length of stay (LOS) in the ED greater than 8 hours.  Not only 

is this delay suboptimal for the patient but they use up critical resources in the ED 

and prevent the flow of patients through the ED.  The target for access block as 

determined by Qld Health is a maximum of 20% of patients.  From the 12 months of 
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data analysed the overall access block was 44%.  The access block for each triage 

category is shown in Figure 1-33.   
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Figure 1-33 Access Block by Triage Category 

 

There are a number of objectives that can be optimised in the ED.  Often these 

objectives compete against each other and a weighted multi-criteria objective 

function results.  Objectives include minimising: 

 unused bed time 

 use of overflow treatment areas 

 unused doctor time 

 tardiness 

 number of tardy jobs 

 waiting room queue 

 resource costs 

 ambulance diversion 

 access block 

 waiting time 

 10am snapshot waiting patients 

Objectives can also include maximising the utilisation of resources (mainly doctors, 

nurses, diagnostic resources, and treatment areas).  Other objectives that are 

harder to measure include quality of care and longer term health outcomes.  They 

are not studied here but should be considered. 
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1.3.9 Resources 

The ED has a number of different resources required to meet the demands of the 

system.  These include physicians, nursing staff, beds, equipment, and diagnostic 

equipment and staff.  Currently, detailed information is only available on doctor and 

bed usage.  Further study will investigate a more detailed analysis of patient 

demands with regards to nursing time, diagnostic needs, and how treatment time is 

spent.   

 

Physicians 

Physicians are a major resource in the system being necessary for commencement 

of treatment; ordering diagnostic tests, procedure decisions, performing procedures, 

and the discharge decision.  Doctors with a range of experience make up the group 

of physicians in the ED.  These are: 

 

 Interns (1st year); 

 Junior house officers (JHO)/Junior Residents (2nd year); 

 Senior house officers (SHO)/Senior Residents (3rd year and above) 

 Registrars – advanced trainees in emergency medicine 

 Consultants – specialists in emergency medicine 

Physicians must finish treating their patients before leaving at the end of the shift or 

get the patient to a stable point where handover to oncoming doctors can occur.  

This has several effects on the system including doctors coming on shift not starting 

to see patients immediately, with the possibility that the ED was already treating 

patients at its capacity and additional doctors do not increase the flow due to other 

resources not increasing.  Doctors may be hesitant to start treatment on patients 

who may have an expected treatment time longer than they have left in their shift.  

From an administrative point of view overtime is to be avoided when possible.  

General queuing rules may be broken by doctors towards the end of shift to ensure 

leaving on time.  This may allow the continuation of flow if patients remain to be 

treated but it may cause the flow to stop towards end of shift as doctors may take 

this time to do other duties such as chart writing, literature reviews, or research.  

The patients‟ physician requirements depend mainly on their triage category, but 

also on an individualistic treatment needs basis, and are given in Table 1-6.  The 

data related to physician use and rosters came from staff specialists in the ED. 
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Table 1-6 Physician Requirements for Patient Treatment 

Category Physicians Required 

Category 1 Consultant x 1 

Registrar x 1 or 2 

Resident x 1 or 2 

Category 2 Registrar/Consultant x 1 

Resident x 1 

Category 3 Doctor x 1 (any level) 

Category 4 Doctor x 1 (any level) 

Category 5 Doctor x 1 (any level) 

 

Due to the experience of the different doctor types, each level of doctor has a 

different capacity to meet demand.  Interns can see 7 patients in a shift and can 

treat 1 – 2 patients simultaneously.  Interns are limited to treating Category 3 – 5 

patients only.  Junior residents can see 9 patients in a shift and treat 2 – 3 patients 

simultaneously.  Senior residents can see up to 12 patients in a shift and treat 2 – 4 

patients simultaneously.  Junior and senior residents see Category 3 – 5 patients on 

their own, consulting as necessary with supervisory staff, and form part of the team 

that diagnoses and treats Category 1 and 2 patients.  Registrars and consultants 

see their own patients and consult for and supervise the junior staff. 

 
 
Beds 

The other major resource that was modelled was the quantity of ED beds.  The 

terms „treatment area‟ and „bed‟ are synonymous and are used interchangeably.  

There are a variety of treatment areas; each with different equipment and space.  

There are four Resuscitation beds (Type A) that are reserved only for Category 1 

and 2 patients requiring resuscitation or who present with multi-trauma.  These 

rooms are fully equipped and are underutilised on purpose in order to ensure that 

patients with life threatening conditions are able to receive immediate treatment.  

There are 13 acute beds (Type B) that cater for Category 2 – 5 patients.  These are 

generally only used for higher category patients and patients with a high probability 

of admission.  Category 3 – 5 patients may also be seen in any of the 5 sub-acute 

beds (Type C).  Two minor procedure beds (Type E) are available to treat Category 

2 – 5 patients.  In addition to these 24 permanent beds there are additional 

treatment areas for use in times of overcrowding.  There are 13 corridor spaces 
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(Type D) with limited equipment available for stretchers to be placed with access to 

a power and oxygen supply.  There are also 3 Recliner Chairs (Type F) that are 

used for minor treatment procedures. 

 
Resource Allocation Policy 

Both beds and physicians are assigned on a priority-FIFO basis to arriving patients.  

After a patient has been assigned both a treatment area and a doctor, pre-emption 

may occur during treatment with either a bed reallocation for a higher priority patient 

or doctors adjourning treatment on a patient if they are more urgently needed for 

emergency treatment of another patient.  Patients are generally treated by interns 

and residents with the supervision of the registrars and consultants.  Registrars may 

treat patients directly but tend to keep this load low as to remain available to consult 

as required and for initiation of treatment of higher category patients. 

 

Doctors are assigned to higher category patients with the most available senior 

physicians assigned to the case.  Interns however are never assigned to these 

patients.  Category 3 – 5 patients have doctors assigned to them in reverse seniority 

order, while maintaining the aim to spread the patient load across all physicians.  

This system aims to have physicians available with the necessary experience for all 

patients. 

 

Patients may also be shifted from one treatment area to another if required by a 

patient with more urgent needs.  Category 2 patients being seen in a resuscitation 

room are shifted to an acute bed once their condition has stabilised if Category 1 or 

2 patients will be arriving that require the resuscitation room.  Patients may also be 

shifted from an acute bed to the corridor if an arriving patient needs a monitored 

acute bed and they no longer require the equipment available in an acute bed. 

 

The ED has its own x-ray facilities available 24 hours a day with hospital CT and 

MRI facilities available that are shared with inpatients and outpatients.  Blood testing 

facilities are shared with the rest of the hospital but the ED has priority in the lab.  

Nurses are assigned at the start of their shift to specific treatment areas.  Nurses 

perform procedures as specified by the doctors and provide general nursing care.  

Nursing treatment may also be pre-empted if required and utilisation of nurses and 

ability to provide treatment is affected by level of patient acuity and patient care.  

When patients arrive, the flow of the ED is positively affected by spreading the 

workload of patients over the nurses and doctors.  A critical factor in balancing 
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nursing load is to assign patients to beds at triage with consideration of nursing 

workload. 

 
Resource Analysis 

Figure 1-34 compares patient arrival frequencies to physician units on duty 

throughout the day.  The spread of physician hours does not reflect the spread of 

patients presenting to the ED.  However, as previously mentioned, doctors on during 

day hours are being under-utilised, and shifting more doctors to this time will not 

increase the throughput of the ED unless beds are added. 
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Figure 1-34 Comparison of Arrivals and Physicians on Duty 

1.3.10 Balking 

Balking is when people choose not to wait (or to continue to wait) because the wait 

is not worth as much as the service/reward at the end of the queue.  It is a common 

occurrence in service stations, fast food restaurants, and unfortunately in the ED.  

Balking is common at the ED due to a number of reasons but is commonly attributed 

to waiting times, or perceived waiting times, and level of discomfort due to condition.  

Patients may opt to leave the queue at any stage.  Patients may balk on arrival to 

the system if the queue looks too long.  There is currently no data regarding the 

number of arrivals who leave the system here as they are never actually entered 

into the system.  Additionally patients balk between being registered and triaged.  

Most common is the occurrence of patients leaving the ED while waiting in the 

queue for treatment.  Factors that might contribute to leaving include excessive 

waiting, perceived waiting time remaining, not prepared to wait the current waiting 
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time for presenting condition, uncertainty of position in queue, uncertainty of 

remaining waiting time, frustration of both seeing patients come in after and be seen 

before, and of the waiting room queue not moving at all due to bottlenecks in the 

system not seen from the waiting room.   

 

Future study will include investigation into the characteristics of balking within the 

system.  Currently the system averages just above 7% spiking to 12% on occasion 

for patients who did not wait for treatment.  One objective of the study is to reduce 

the patients that do not wait for treatment to the target level as set by the ED. 

1.3.11 Stipulations of the Model 

Modelling the system often requires assumptions to be made to mathematically 

represent the system and to simplify the system into a workable form.  It is important 

that the assumptions simplify the system while maintaining validity.  The key factors 

of the system include: 

 Arrival patterns are dependent on time of day, but not on day of the week, 

month, or season; 

 Doctors finish treating the patients they were seeing when their shift ends 

until these patients are ready for departure.  Doctors arriving on shift 

commence treating patients waiting at the top of the queue; 

 Patients who did not wait for treatment do not affect performance indicators 

such as waiting time performance.  If these patients return after leaving they 

are treated as a new arrival, losing their original place in the queue;  

 Patients form a single queue irrespective of arrival mode; 

 Overflow beds were only used if required for initiation of treatment for 

Category 2 patients; 

 Treatment times were assigned dependent on disease category with the 

exception of Category 5 patients who were assigned a treatment time based 

on their non-urgent status and tendency to quicker ED visits; 

 The waiting room is a priority-FIFO queue with patients being seen in order 

of their need for emergency treatment and then in arrival order within a triage 

category; 

 All patients are considered equal for placement to an inpatient bed after ED 

treatment has been completed – this queue is not based on triage category 

but rather transfers depend on availability in the target ward and is 

determined external to the ED; and 
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 Pre-emption occurs, when resources are more urgently needed, during 

treatment procedures and consultations – this is not specifically reflected in 

the model, due to insufficient patient path information, but is reflected in the 

overall treatment times and is left for future study.  Doctors can be 

interrupted for more urgent care needs and have to return to the current 

patient at a later date.   

 

This chapter has provided an overview of the Australian health care system and of 

the role of the ED within it.  Information was given about the attributes required for 

an ED as well as the importance of using the ED as a training facility even though 

this impacts throughput times.  This chapter investigated in detail the characteristics 

of patients and resources in the ED.  It considered patient flow as well as arrival 

characteristics and resource utilisation.  The stipulations of the model were given.  

This chapter analysed all aspects of the ED and enabled the author to develop a 

verified and validated model. 
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This chapter gives a literature review of the ED.  The main aspects included here 

are reviews of EDs studied, and include problems known within the ED and the 

different methods that have been explored to improve the system.  The chapter 

addresses the inability for patients to flow through the system and why this flow is 

hindered.  Access to inpatient beds, variations in surgical need for ICU and inpatient 

beds, and the non-urgent use of the ED are all studied as well as ways of defeating 

this problem such as introduction of technology in the ED, fast track units, balancing 

of surgical schedules, and bed capacity planning. 

2.1 Literature Review of the Current System 

In order to understand the system as well as current approaches and factors that 

affect the flow of patients in EDs, an exhaustive literature review was undertaken. 

2.1.1 Factors Affecting the Positive Flow in the ED 

The flow of patients through the ED is affected by a variety of factors including the 

inability for patients to exit the system due to the interaction and dependence on 

other systems (within and external to the hospital), availability of resources to the 

ED, and the use of the ED as a diagnostic facility by patients (generally on public 

waiting lists) who are seeking free medical treatment.  Some of the situations that 

may hinder the flow are able to be controlled and managed within the ED and others 

are well outside the control of the ED and an optimal solution must be achieved by 

trying to minimise the impact of these processes and working within the confines of 

the ED system. 

2.1.2 Lack of Ability to Let Patients Flow Outward 

Knox (2004) discusses the ED and particularly a snapshot of Australian EDs.  A 

significant problem to the flow of the ED is the inability to allow arrivals to enter the 

system due to being unable to release patients already in the system.  The inability 

for patients to flow out of the ED due to difficulties accessing inpatient resources 

often results in extended LOS in the ED and commonly results in access block.  In 

Australia this is particularly a problem as shown by a snapshot of EDs around the 

nation on several times, undertaken by the Australasian College for Emergency 

Medicine.  On August 30, 2004 at 10am the snapshot showed an incredible need for 

better efficiency and flow in the EDs and hospitals in general.  Patients who were 

waiting for an inpatient bed who had been treated sufficiently in the ED were taking 

up ED beds and thereby the system was unable to receive new arrivals that were 

waiting in the queues.  The survey consisted of 82 hospitals and reported that 47% 
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of patients in the ED at that time were waiting for an inpatient bed and that 83.5% of 

those waiting had been doing so for more than 8 hours.  The implication of this is 

that 39% of all ED beds are taken by patients waiting for an inpatient bed and had 

been in the ED for more than 8 hours.  

 

Not only are patients waiting for inpatient beds in order to be discharged from the 

ED, but patients awaiting ambulance transfer to either home or an alternative care 

facility often spend considerable time from discharge to actual vacation of the ED 

bed.  These patients become a lower ranking in the ambulance queue due to 

emergencies requiring transportation towards the hospital taking priority. 

 

Since the ED is not an isolated system but interacts and impacts on other systems it 

is important not to simply shift the problem from the ED to another area of the 

hospital community.  Lane et al. (2000) showed that a reduction in the number of 

hospital beds does not increase waiting time for emergency admissions, but 

drastically increases the number of cancellations for elective surgeries.  The study 

arose out of lengthy waiting times for admission as an inpatient. Suggested reasons 

for the Accident and Emergency crisis include: hospital closures; an inability for 

patients who are well enough to leave the hospital to be discharged due to a lack of 

community care resource; elective surgeries being cancelled (potentially 

aggravating the patient's condition and thus requiring emergency admission and 

greater care and an increased length of stay); and the hospital's desire to have an 

increased bed occupancy rate that leaves inadequate slack to cope with variations 

in admissions demand.  A simulation model was created to test the sensitivity of 

waiting times to bed numbers, and the interactions with the entire system.  It was 

shown that elective surgery numbers were extremely sensitive to the number of 

hospital beds while the admissions via the ED had unaffected waiting times.  The 

simulation model was also able to show that an increase in ED admissions did not 

significantly impact the hospital's flow.  By increasing visits to the ED by up to 5% 

there was an increase in elective surgery cancellations, although not as prevalent as 

with bed closures, and an increase in patient's waiting times for initial consultation, 

with the extra demand on the system.  The final scenario that was simulated was the 

effect of a 'crisis day' that had an increase of patients entering the ED by 13% for 24 

hours.  The model followed hospital protocol for doctors' additional hours due to the 

crisis and showed that the system did not settle until 5 days after the crisis day 

(Lane et al., 2000). 
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McAnderson-Spencer (2002) discussed a scenario where patients at Providence 

Medical Center, Kansas City, experienced a reduction in delay time due to several 

implementations, one of which being the creation of a discharge waiting room for 

patients who have been discharged by their physician and are awaiting 

transportation.  This system freed up beds, allowing the flow through the ED to 

increase.  Patients were also not being discharged from the ED and transferred to 

an inpatient bed due to beds being vacated but not cleaned.  This is particularly true 

during the night hours when cleaning staff are not rostered on.  Nurses have to 

clean rooms in-between normal patient care and this task is often given lowest 

priority due to the needs of the current patients in the unit.  A solution for this is to 

have support staff available 24/7 to clean vacated rooms speedily and allow nurses 

to focus entirely on patient care, as trialled with positive results by Providence 

Medical Center (McAnderson-Spencer, 2002).   

2.1.3 Access Block 

Access block is defined as the situation where patients who require inpatient 

admission have a length of stay in the ED of greater than 8 hours.  Stuart (2004) 

evaluated the impact of access block on the ED system including a cost analysis of 

this problem.  Access block results in decreased efficiency in the ED, decreased 

quality of care, increases in inpatient length of stays, and an increased risk for 

adverse affects.  The objectives of the study included determining ED activity and 

the cost of access block.  The costs were determined for patients ultimately admitted 

as inpatients.  These costs had two main categories: emergency treatment costs 

and post admission decision costs.  The percentage of medical staff costs 

decreased in the post admission costs while nursing costs accounted for an average 

of 66% of these costs, up from only 17% of the emergency treatment costs. 

 

Cameron and Campbell (2003) gave an overview of the causes and effects of 

access block on the ED, the hospital, and the greater community.  Access block can 

cause poorer outcomes for patients and impedes efficient hospital functioning.  

Although there is no single simple cause for access block there are correlations with 

the increase in access block and decreasing bed numbers, decreasing community 

care facilities, and changes to the hospital workforce, social aspects, and attitudes 

of the community.  The review puts forward that this is a problem that needs to be 

nationally addressed and systematically managed within the health care community. 
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Access block was studied by Richardson (2002) with the focus to investigate the 

relationship between access block and inpatient length of stay (IPLOS).  Richardson 

reports that access block caused overcrowding in the ED and resulted in increased 

waiting times, reduced efficiency, and diminished quality of care.  Using the ACEM 

(2004) definition of access block (occurring when total ED length of stay  8 hours) it 

was shown that patients who were access blocked had an inpatient stay of 0.8 days 

greater than patients without access block not including time spent in the ED.  This 

IPLOS was relatively independent of patient diagnosis and acuity on arrival but the 

effect was seen more in patients who arrived in the wards outside of normal hours.  

Possibilities given for this relationship include that the access block patients may 

have been sicker and therefore required a longer treatment time in the ED and also 

as an inpatient; arrival time may affect both ED and inpatient LOS due to accessing 

resources, particularly diagnostic; alternatives to inpatient stays used for patients 

expected to have short IPLOS when levels of access block are high; and difference 

of treatment and care in the ED and wards.  The strong link between IPLOS and 

EDLOS and arrival time to the wards was reported with the suggestion that inpatient 

reviews and other ward activities don‟t occur normally outside of business hours, 

thus having an effect on both IPLOS and resulting in ED overcrowding. 

 

Liew et al. (2003) also examined the relationship between ED length of stay 

(EDLOS) and inpatient length of stay (IPLOS) using admissions data from three 

Melbourne hospitals over a period of one year.  EDLOS is affected by a number of 

factors but access block has been shown to cause prolonged EDLOS.  The 

difference between the state average inpatient LOS for each diagnosis-related 

group (DRG) and the IPLOS were compared with EDLOS grouped across 4 main 

time categories in (hours): EDLOS  4; 4  EDLOS  8; 8  EDLOS  12; and 

EDLOS  12.  The study showed that independent to, and after adjusting for other 

factors (such as age, gender, and time of presentation), extended EDLOS is related 

to excess IPLOS.  As EDLOS increases (primarily when considered to have access 

block) the likelihood is that the patient will have an excessive IPLOS (that is, greater 

than the state average for the DRG).  This is extremely relevant information to 

hospitals as funding amounts are derived from the state averages and not the actual 

IPLOS.  However expenditure is based on IPLOS and hospitals are then forced to 

meet the difference themselves.  The need to increase patient flow and reduce LOS 

in the ED is vital to the finances and flow of the entire hospital.  It is suggested that 

early interventions in the ED while patients are waiting for a bed may reduce IPLOS 
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(such as referral to allied health groups and sub-specialties) and that aiming to 

reduce EDLOS is beneficial and critical to the whole hospital. 

 

Forero et al. (2004) reported access block as leading to ED overcrowding resulting 

in a reduction in quality of care and efficiency and considered it a main challenge to 

Australasian emergency medicine.  The authors studied a three year period of data 

from 55 EDs across New South Wales and analysed the access block for four 

different calculations of access block.  Additional to the ACEM definition of total 

EDLOS greater than eight hours, two NSW definitions relating to active ED stay and 

PTWT respectively, as well as a simple PTWT delay were analysed and compared.  

It was noted that regardless of the definition used, access block increased each year 

and also increased with age, and there was significant variation of access block 

dependent on type of hospital, mode of arrival, time of arrival, triage category, age 

and gender.  Access block across NSW EDs is between 30% and 40% and results 

in poorer outcomes for patients and increased inpatient stays yet initiatives so far 

have failed to positively affect access block.  As noted by Fatovich (2003), although 

the ED can contain seriously ill and injured patients it is often expected to operate at 

above 100% capacity whereas other wards, generally where patients are already 

stabilised, do not exceed 100% capacity.   

 

Fatovich et al. (2005) investigated the relationships between access block, ED 

activity, ambulance diversion, and ED overcrowding using EDIS data from three 

major metropolitan hospitals in Perth over two years.  Overcrowding in the ED 

impairs the functioning of the unit, prolongs pain and suffering of patients, increases 

IPLOS, decreases quality of clinical care and increases fatalities, and has been 

described as the key problem facing EDs.  The study showed strong relationships 

between access block and both ambulance diversion and excessive waiting times 

and agree with international studies that find ED overcrowding is principally due to 

inpatients remaining in the ED, which has been linked to both inadequate bed 

capacities and having occupancy rates too high to allow for the stochastic nature of 

admissions from the ED.  Fatovich et al. (2005) also noted that the low acuity 

patients are not the cause of reduced flow in the ED but that one access blocked 

patient can prevent up to 24 low acuity patients being seen in that time.  

Suggestions to improve patient flow include increasing acute bed availability, 

enhanced home care and access to nursing homes, improvements in access to 

diagnostic and supervisor resources, faster transfer to inpatient wards, improved 

management of chronic disease in the community, and prevention.  The importance 
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of allocating resources to reducing access block in EDs as a priority is stressed by 

the authors. 

2.1.4 Inadequate Staff and Indirect Patient Care 

Not only does a shortage of staff in the ED impact the ability of the system to flow, 

but a shortage of nurses (in particular) on wards can cause wards to be operating at 

less than capacity with unoccupied beds unable to be used.  Temporary closure of 

beds on wards throughout the hospital, but particularly in the Intensive Care Unit, 

stops the admittance of patients to the general hospital creating a bottleneck in the 

ED.  There is currently a widespread nursing shortage with hospitals having difficulty 

finding experienced nurses.  This is being attributed to increasing professional 

opportunities within and outside of nursing, declining nursing school enrolment, 

growing demand for nurses and an increasing preference for part time employment 

(Schriver et al., 2003). 

 

With current federal regulations, nurses are now spending almost half of their time 

on indirect patient care tasks (Johnson & Stair, 1998).  The majority of this time is 

being spent on paperwork that must be done throughout the shift as opposed to 

previous times when all reporting was done at the end of a shift uninterrupted.  

Computer technology has helped reduce this time somewhat but due to the amount 

of paperwork required and the varying levels of computer competency, this reporting 

still takes considerable time, which is time away from the actual patient.  The ED is 

traditionally a very stressful environment for nursing staff.  It is a high-paced 

environment that is often operating over capacity, and has the threat of mortality.  It 

requires nurses that can work under intense pressure, can think quickly on their feet, 

and with specialized training.  EDs find that university graduates are inexperienced 

in general and are unable to be effective and efficient in the ED.  More experienced 

nurses are required who often receive additional and regular updated training.  It is a 

problem obtaining and retaining nurses in the ED due to the working environment 

with no additional financial benefits as opposed to working in a less stressful area. 

2.1.5 Surgery Blocks Scheduled by Surgeons 

One suggestion to helping smooth the ED is to more effectively smooth surgeons' 

schedules.  Generally speaking, surgeons have the freedom to set their own 

schedules and use their allotted theatre blocks as they choose.  This can cause 

irregularities and spikes in use of beds in the intensive care unit.  Smoothing out 

surgery schedules and the probable need for an ICU bed after surgery can free up 
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beds on a regular basis for transfer from the ED (Barnard, 2002).  This analysis also 

reported of a Wisconsin hospital that forced cancellation of scheduled surgeries 

when the ICU reached its critical point capacity.  This resulted in a dramatic 

reduction of overcrowding in the ED and an increase in the satisfaction of its nursing 

staff. 

2.1.6 Non-urgent Emergency Department Use 

Due to the increase in the gap here in Australia between Medicare and the 

physicians' fees, and the lack of doctors who „bulk bill‟, Australians are opting for 

free treatment at EDs, particularly those suffering financial hardship.  It is hard to 

find doctors who will bulk bill, or even just charge the gap at the time of consultation, 

as most want their total amount up front leaving the patient to obtain a partial refund 

from Medicare.  This coupled with surging medicinal prices brings people to the ED 

due to a lack of funds to see their doctor.  Patients are also using the ED when they 

could be treated by a GP due to insufficient alternative facilities.  Patients are opting 

to wait at EDs for a few hours when on lengthy waiting lists for specialists or for 

specialist and rare equipment such as Magnetic Resonance Imaging (MRI).  They 

come to the ED with the hope of being diagnosed and treated without having to wait 

up to 2 years on the public health waiting lists for specialists.  This information has 

been gleaned from talking to a number of doctors, nurses and patients in the ED.   

 

EDs are being flooded with people seeking treatment for non-urgent conditions who 

have a primary physician whom they can afford.  People are using EDs as their 

usual source of care (USC) or due to dissatisfaction with their usual USC or simply 

to get a second opinion (Sarver et al., 2002).  Sarver et al., (2002) also report on 

another set of patients being those who have a usual source of care (USC), but due 

to their physician's schedule are unable to be seen for days.  Doctor's are trying to 

minimise this by having consultations outside normal business hours and being 

available for their clients after hours.  This has eased some pressure off the ED but 

now that there is the ever increasing gap between what Medicare contributes and 

what doctors‟ charge, patients are opting for treatment at EDs as opposed to seeing 

a GP. 

2.2 Current Contributions, Approaches, and Studies 

There are a number of propositions and research into overcrowding within EDs and 

several suggestions as to the improvement of these systems.  More detail about the 

current approaches follows this section.  Current approaches, analyses of, 
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recommendations for increased ED flow, waiting time reductions and whole systems 

approaches to increase emergency care include: 

 

 fast track options (Brailsford, 2004; Cooke et al., 2002; Fernandes et al., 

1996; Simon et al., 1997; Connelly and Bair, 2004a; Ellis and Brandt, 1997; 

Counselman et al., 2000; Connelly and Bair 2004b; Landro, 2001); 

 computerisation of the system and introduction of new technologies 

(Canadian Association of Emergency Physicians and the National 

Emergency Nurses Affiliation Inc, 2000; Landro, 2001; Gonzalez-Martinez et 

al., 1997; Nozar, 2003, Edwards, 2005; Leonard, 2005); 

 insurance companies rewarding GPs for after hours care, increasing client 

co-payments, and offering 24 hour medical help lines (Page, 2001); 

 increasing access to a usual source of care (Sarver et al., 2002; Murnik, et 

al., 2006); 

 OR techniques being applied to surgery schedules balancing patient 

admissions and bed management policies (Vasilakis et al., 2007; Stahl et al., 

2004; Basson et al., 2006; Barnard, 2002); 

 observation units (McAnderson-Spencer, 2002) 

 increased access to diagnostic facilities (Canadian Association of 

Emergency Physicians and the National Emergency Nurses Affiliation Inc, 

2000; Green et al., 2006); 

 continuum of care with the community and effective discharge policies (New 

South Wales Health Department, 2001); 

 overall hospital bed occupancy level capacity planning (Bagust et al., 1999; 

Harper and Shahani, 2002);  

 simulation models (Groothuis et al., 2002; Bagust et al., 1999; Connelly and 

Bair, 2004; Ashton, 2005; van der Meer et al., 2005); and 

 Staffing issues (Heins and Euerle, 2002). 

 

There are other reasons for hospital management to desire an improvement in the 

flow of the ED and these can include financial gain, smoother running of the 

hospital, and a less stressful and pressured environment for staff.  Private hospitals 

are more focused on the financial aspect of the system, particularly in the United 

States of America, where hospitals compete for patients' business and therefore 

desire improved flow in order to increase customer satisfaction to effectively have a 

good business transaction with the customer, and to encourage repeat business.  
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Public hospitals here in Australia are heavily regulated and must aim to meet 

guidelines and regulations and still aim to increase customer satisfaction whether for 

that reason alone; or to reduce stress on staff; or to increase the public's perception, 

trust and confidence in the hospital.  The bottom line is that if the flow through the 

ED is increased, customer satisfaction will increase, costs will be minimised and 

both private and public hospitals will benefit. 

 

Some suggestions as to why EDs tend to bottleneck and have excessive waiting 

times include staff and bed shortages, an inability for the patients to flow out of the 

system, unavailable specialists and physicians, financial situations and patients 

using the ED as their Usual Source of Care (USC).  When trying to improve the 

system it is also important to remember to work within the confines of the system 

and to understand that some of the barriers to increased throughput are inflexible or 

at the very least have limited flexibility.  This particularly comes into play when it is 

considered that the ED is a system that is within, and interacting with, other 

systems, and it may or may not be possible to influence these outside factors.  It is 

important to maximise ED efficiency while also endeavouring to look at the system 

failure that results in ED overcrowding.  The Canadian Association of Emergency 

Physicians and the National Emergency Nurses Affiliation Incorporated recognize 

that generally the cause of overcrowding within the ED is often outside the realm 

and control of the ED and recommend a number of strategies for the whole health 

care system including the following: 

 

 Computerization of the system; 

 Increased access to immediate diagnostic testing to improve 

patient flow; 

 Expansion of long term care facilities to reduce the number of 

patients in hospitals awaiting placement; 

 Development of pilot projects in innovative ED care including 

rapid diagnostic testing, use of nurse practitioners, and linkage to 

community health centres; 

 Development of innovative home care models; 

 Expand available training programs for emergency staff; 

 Create funding opportunities for research into ED overcrowding; 

and  
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 Develop services to inform the public regarding expected 

services of the ED  

(Canadian Association of Emergency Physicians and the 

National Emergency Nurses Affiliation Inc, 2000). 

2.2.1 Fast Track Units 

Generally patients who have been triaged as categories 4 and 5 are left to wait in 

the waiting room until all higher priority patients have been seen (Wysocki, 2002). 

This group of patients have the highest waiting times and yet account for between 

30% and 50% of arrivals in the ED.  In order to improve flow and reduce excessive 

waiting times for these patients, hospitals are experimenting with "fast-track" (FT) 

units that are primarily for seeing patients who have relatively minor ailments and 

require only a short treatment time.  Oakwood Health Care System has initiated the 

fast-track system with huge success of reaching their goal of seeing all patients 

within 30 minutes of arrival.  Due to the success of the fast track units Oakwood are 

striving to reduce this wait even further to an incredible 15 minutes.  Fast track units 

allow patients who don't require much treatment to be in and out of an ED bed 

quickly. 

 

Simon et al. (1996) studied the use of a fast track area in urban paediatric EDs.  It 

was remarked that although continuing to see non-urgent patients in the ED 

reinforces these presentations, most don‟t have access to alternative primary care, 

and it does little to stem the flow in non-urgent presentations.  The triage 

classifications were from 1 to 7 with low acuity (category 1 and 2) patients being 

redirected to the FT area when it was operable.  The FT system saw relatively 

stable mean wait times even with the steadily increasing demand, less resources 

were used on these patients as compared to when they were seen in the main ED, 

and both the low acuity and high acuity patients had increased flow through the 

system. 

 

Simon et al. (1997) evaluated the benefits of implementing a fast track system for 

non-urgent patients in a paediatric ED.  The fast track system was researched due 

to a rapid increase in demand and limited resources with the desire to not deny care 

even for patients presenting to the ED for non-urgent reasons.  The FT area was 

implemented for 8 hours every day from 4pm to midnight.  All patients were triaged 

at one point into three categories: emergent (seen immediately); urgent (seen within 

30 minutes); and non-urgent (seen within 60 minutes).  The savings by treating non-
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urgent patients in a fast track system were considerable for this ED that had 63% of 

non-urgent patients.  The FT also increased patient flow, patient satisfaction, and 

allowed ED physicians to focus on high acuity patients. 

 

The quality of care and ED efficiency were evaluated by Sanchez et al. (2006) with 

the implementation of a fast track system in a tertiary care adult ED.  Patients who 

were able to be seen by physician assistants or nurse practitioners (about 30%) 

were redirected to the FT area between 8:30am and 11:00pm with physician support 

as needed.  The FT area had significant beneficial impacts on both waiting time 

performance (50% increase) and length of stay (10% decrease).  Patients who did 

not wait (DNW) for treatment decreased by over 50% and both revisit and mortality 

rates were unaffected.  Sanchez et al. (2006) stated that patient satisfaction and 

flow increased without detriment to patient outcome. 

 

Nash et al. (2007) studied the change of a minor care unit (8 beds) in an ED to a FT 

area staffed by nurse practitioners (NP).  Although the minor care patients were of 

lower acuity they often had extensive diagnostic studies and treatment procedures  

and at times halted the flow of the minor care unit.  The aim to increase patient 

satisfaction (by decreasing wait times) was targeted through decreasing length of 

stay, overcrowding, and patients that leave without being seen.  The changes in the 

ED were not as expected with the authors‟ thoughts that this may be due to overall 

increase in demand on the system, new NPs without previous ED experience, and 

slow changes to processes and policy by existing staff.  However patient satisfaction 

surveys indicated a high satisfaction with treatment and wait times and there was 

also a decrease in DNW patients.  The study only analysed the first three months 

the FT unit was opened, during which time there were probably aspects of the 

system still settling down and being worked out.  The results suggested the ability of 

the system to have more positive improvement and it was recommend to study the 

system for a further period of time after the settling period to better determine the 

overall efficiency of the system. 

 

Ellis and Brandt (1997) evaluated the use of physician assistants and nurse 

practitioners (NP) in FTs and EDs focusing on patient wait times (strongly linked to 

patient satisfaction) and economic benefits of treating lower acuity patients in a 

separate area with middle level staff.  The use of FT and both physician assistants 

and nurse practitioners across the United States was studied by telephone surveys 

to determine the benefits, limitations, and public perception.  The outcome was 
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positive for the use of NP and physician assistants with a number of hospitals 

continuing the practice, and a large fraction of the hospitals not currently using these 

physician extenders were planning to implement changes in the next couple of 

years. 

2.2.2 Technology 

A number of hospitals are trying to increase the efficiency of their EDs with the 

introduction of technological advances ranging from basic computerization to quite 

advanced technological systems.  The Wall Street Journal (2001) reports on a 

number of hospitals that are changing the way they manage patients by creating 

paperless EDs and controlling flow more efficiently by utilising web-based systems 

for ambulance routing and instant access to laboratory and imaging results.  The 

Methodist Hospital in Indianapolis has introduced a wireless system, New Wave, 

which tracks patients, staff and equipment.  Status reports are updated every 15 

minutes on computer screens that allow for easy detection of the progress of 

patients, particularly pointing out patients that have been waiting excessive time for 

initial consultation with a doctor and for admission to a ward once the decision has 

been made.  New Wave allows for automatic intervention when the ED is at 150% 

capacity that alerts hospital officials, other hospital departments and increases the 

number of laboratory and imaging staff while delaying elective surgeries.  Another 

program, EMSystem, tracks bed availability in metropolitan hospitals and diverts 

ambulances accordingly.  The Wall Street Journal (Landro, 2001) also mentioned 

fast-track systems that are targeted at reducing waits for minor emergencies, non-

urgent visits and reviews. 

 

Computerization of the hospital system in general has been referred to widely as it 

increases information retrieval.  Gonzalez-Martinez et al. (1997) offers computer 

software to assist in increasing the quality of service in an ED.  Automatic Resource 

Scheduling System (ARSS) uses a real time picture of the system load, condition 

and behaviour and generates demand forecasts, production plans and schedules.  

ARSS works to minimise waiting and service times, increase resource utilisation and 

to improve working conditions for employees.  A graphical user interface is also 

being designed to show visual indications of the system's performance. 

 

Technology can be employed in a variety of ways to increase patient care and 

simultaneously reduce waiting and service times.  Nozar (2003) reports on 

automation of the consultation process specifically and its beneficial input to patient 
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care.  It allows physicians to focus on patient care by reducing paperwork and 

enables patients to be better informed.  First Consulting Group are working on 

electronic medical records, which allow a patient's history to be viewed almost 

instantaneously.  Victory Springs have created Smart E-records, which manages 

everything from medical records, to appointments, to viewing laboratory and imaging 

test results, to printing out information for patients relating to their condition and 

treatment.  It also allows doctors to investigate potential medicines and their 

contraindications by the patient's bedside effectively and efficiently with up to the 

minute information on drugs and conditions with wireless technology (Nozar, 2003).   

 

Technology is becoming more and more prevalent across the health sector and 

Leonard et al. (2005) studied the benefits of a computerised information 

management system in a palliative care centre.  Advances in technology have 

allowed for an effective decision support system to be developed using a main 

database to record patient details, treatment, and medications, as well as staff 

resources, billing information, medication information, and other relevant 

information.  The use of personal digital assistants (PDAs) allowed workers treating 

patients in their homes to have the latest information regarding the patient and their 

condition and to update the computer records at the time of the appointment.  This 

allowed all workers to have current information on a patient and enhanced 

communication, effectiveness, and utilisation of time.  The use of technology in 

health care allowed providers to access patient health care information at any time.  

Additionally, having all patient information on hand allows providers to treat patients 

more efficiently, particularly on short notice.   

2.2.3 Access to Usual Source of Care and Post Treatment Support 

The American health care system is a user pays system with patients required to 

pay for their own health care or health insurance (Murnik et al., 2006).  However, 

almost 20% of the country is uninsured, largely due to financial situations.  EDs are 

required to treat these patients if they present needing emergency treatment, and 

are then rarely reimbursed.  It is current policy in many western countries that a 

patient will not be refused emergency medical treatment based on their ability to 

pay.  The medically uninsured often use the ED as their primary source of health 

care and tend to delay treatment until their condition has advanced to a more 

complicated and costly state.  It was proposed to analyse the effects on the ED of 

referring these patients to a primary care provider for future treatment and services.  

Prior interventions have had limited success possibly due to access difficulties.  
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Murnik et al. cited previous studies have shown a reduction in hospitalisations but 

not ED presentations.  Follow up appointments were only attended 25% of the time 

at the University of New-Mexico ED.  The appointment procurement procedures 

were inadequate for the area as most patients did not have a phone and the 

appointments were only able to be booked during business hours, leaving patients 

discharged during the evening and night unable to make an appointment or receive 

a follow up call for one.  Murnik et al. (2006) proposed assigning ED patients to a 

community health provider (through federal funding to a consortium of six provider 

organisations in the area) for use as a primary care facility.  The consortium, the 

Community Access Program for Central New Mexico (CAP-NM), developed systems 

to share medical information.  A web-based program was designed and 

implemented, to assign patients to a family medicine clinic and to schedule, at any 

time of the day or night, follow up appointments.  The website allows the discharge 

clerks to assign patients to a clinic accessible to their residence or workplace and 

can allocate appointments.  The patient then receives a computer generated 

appointment sheet with appointment date and time, services provided by the clinic, 

and a map to the clinic.  The results of this system were that patients referred to a 

clinic were less likely to return to the ED, particularly for those who had previously 

used the ED only infrequently.  Limitations on the effectiveness include co-payments 

required at the clinics whereas ED visits are free; and the legal status of many users 

of the ED who can remain relatively anonymous at the public hospital ED. 

 

Sarver et al. (2002) investigated non-urgent use of the ED and the association with 

these visits and dissatisfaction with one's usual source of care (USC) and perceived 

access difficulties to one's USC.  It was noted that there was an association 

between the USC's ability, difficulty in scheduling an appointment, difficulty reaching 

the USC by phone, long waiting times for an appointment and the non-urgent visits 

to the ED.  Their findings indicated that if patients believe that their USC is not 

meeting their needs then there is a greater tendency to use the ED for non-urgent 

visits.  There were no recommendations on how to address this problem but the 

suggestion was made to improve satisfaction with and access to a USC.  Sarver et 

al. discouraged heavy penalties from insurance plans fearing it will penalize patients 

who feel they cannot receive quality care in a timely fashion from their USC (Sarver 

et al., 2002). 

 

The New South Wales (NSW) Health Department (2001) are committed to ensuring 

effective discharge and have created a policy that encourages hospitals and the 
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community to share responsibility for patient care.  NSW Health aims to uphold 

continuity of care, with optimum outcomes for patients being achieved through 

adequate information and sufficient communication to patients, carers and service 

providers within the community.  Improved discharge practices are focused on 

patient care.  A positive effect is the improvement of bed usage, and more 

specifically to our purpose, the discharge from an inpatient bed as soon as the 

decision is made, therefore helping increase the flow of patients through the entire 

hospital, including the ED.  NSW Health endeavours to achieve this goal with two 

implementations including a risk screening process and the development of a 

discharge plan.  The key aspect to this system being beneficial is the timing of these 

two phases.  For patients with booked admissions, the risk-screening tool is to be 

completed before admission, and for emergency patients or critical care patients the 

tool is to be completed within 2 days of admission or transfer from the critical care 

units.  This allows for communication to begin prior to discharge for post-discharge 

care, speeding up the process from being medically able to leave the hospital to 

having the required information, General Practitioners being involved, post-

discharge further medical treatment organized, transportation home, and in-home 

care arranged. 

 

Treating patients as outpatients when possible can reduce the use of both the ED 

and inpatients beds and is a more cost effective and preferred method of treatment.  

Catalano et al. (2003) investigated the link between psychiatric emergency services 

and inpatient admission rates for psychiatric patients.  It is reported that there are a 

significant number of patients admitted who could otherwise be treated by outpatient 

care.  The proposal was to test three hypotheses using time series methods: 

 a reduction in outpatient services would result in an increase in weekly 

admissions to psychiatric emergency services; 

 a greater effort to identify and treat acute mental illness would result in 

an increase in weekly admissions; and 

 when emergency services included post release case management 

weekly admissions would decrease. 

The closure of a clinic had inconsistent results but did see an increase in voluntary 

admissions about 4 – 5 weeks after closure.  The 4 week effects were anticipated as 

a delayed reaction due to the „cheque effect‟ and the „prescription renewals effect‟ 

which are the increase of admissions due to excessive alcohol and drug use after 

receiving payments/social security, and patients using the clinic for medication 

renewals respectively.  The proactive approach to identify and treat homeless 
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people with acute mental illness saw an increase in voluntary admissions and the 

end of the proactive program coincided with a decrease in involuntary admissions.  

Enhancing post release management resulted in fewer admissions in men, 

immediately and noticeable in voluntary admissions but lagging in coerced 

admissions.  More involuntary female patients were treated with this program with 

no change in voluntary admissions.  The suggestion of the authors is that moving 

from triage to definitive treatment in the ED for psychiatric patients results in a better 

outcome. 

2.2.4 Incentives to Contain Emergency Department Use 

The American Medical News (Page, 2001) investigated another approach to 

overcrowding within EDs, and put the blame on "prudent layperson" laws that had 

been recently introduced.  These laws required health insurance companies to pay 

claims for patients who believe they are in great pain or in a medical emergency.  It 

enables for patients to use "buzz words" and receive treatment from the ED for 

matters to which they could see a General Practitioner for a much-reduced cost.  

Aetna (a health insurance company) are trying to reduce patients presenting to the 

ED for non-urgent care by increasing client co-payments, rewarding doctors for after 

hours care and offering 24 hour medical help lines. 

 

Christianson et al. (1987) reported on the changes in the health care system 

particularly on the pressures for non-profit hospitals with funding policy changes.  

The increasing pressure to contain costs, uninsured patients, prospective pricing 

based on diagnosis-related groups (DRGs), threats of loss of business from health 

maintenance organisations (HMO), and competition from for-profit hospitals have all 

had a large impact on non-profit hospitals.  The Arizona Health Care Cost 

Containment System (AHCCCS) was set up by the state as a prepaid competitive 

health care system for indigent patients.  The study recorded and analysed how 

non-profit hospitals reacted to, how they expected to participate in the scheme, and 

how they eventually participated over the course of the program.  The AHCCCS 

required hospitals to make bids for one-year contracts for indigent patients at the 

start of the study, forcing hospitals to enter into accepting financial risks for unknown 

demands in order to win contracts.  Although hospitals hired consultants and put 

considerable efforts into the bidding process there was still substantial confusion.  

Non-profit hospitals had three levels of participation to consider in the program.  

Level one (the minimum level of participation) included providing emergency 

services with reimbursement on a fee-for-service basis by the state or winning 
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bidder of those enrolees.  Being subcontractors with winning bidders and providing 

inpatient, some outpatient, and emergency care services was the intermediate level.  

The highest level of participation involved being a contracted service provider.  

Winning bidders were then expected to control and reduce costs by several 

methods.  One such method suggested was to reduce the hospital utilisation of 

enrolees in the program in order to receive a greater cost than required to be spent 

on that patient.  Non-profit hospitals expected a rise in paid hospital days as a result 

of AHCCCS if the hospital was a primary contractor, and so if they could reduce 

hospital utilisation (primarily length of stay), then they would benefit financially.  

There were substantial risks to the hospital by participating in the program including 

inaccurate cost estimates, inability to manage according to the plan, the number of 

indigents that would enrol with the hospital, and the stochastic nature of 

presentations and demands.  There was not a high level of enthusiasm within non-

profit hospitals for the program.  Initially there were no non-profit hospitals 

controlling the contracts but by the end of the fourth year non-profit hospitals had 

changed strategy and held three out of the five primary contracts.  The program 

evolved over the four years to better manage the problems that became evident with 

the design.  Overall the hospitals saw an initial negative financial impact (although 

most thought this might improve over time) due to the system but felt that there was 

an improvement in the overall quality of care for the indigent population.  The 

authors saw the non-profit hospitals change position throughout the study and 

thought this might be due to a change in the overall hospital environment within the 

community, a more realistic assessment of benefits and costs, and a negative 

experience as subcontractors only. 

2.2.5 Balancing Surgical Schedules 

The Knight Ridder Tribune Business News (2002) reports regarding Eugene Litvak's 

research into overcrowding within the ED.  Litvak concluded that the lack of 

available beds throughout the hospital restricts the ability of patients to flow out of 

the ED.  The number of available beds in the hospital had huge day-to-day swings 

that caused the chaos in the ED.  It was concluded that these swings in available 

beds came not from the random variation from ED admissions, as has been 

previously thought, but rather from unevenly scheduled elective surgeries.  In private 

hospitals, particularly within the American health system, surgeons have the 

freedom to set their allocated blocks of surgery time as they see fit.  This caused 

huge swings in Intensive Care Unit beds as some weeks surgeons may schedule a 

number of surgeries that require an ICU admission while other weeks the surgeries 
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scheduled may not require overnight admission or the surgical blocks may not be 

used to capacity, leaving these beds free.  Surgeons have always used the hospital 

as their place of business and there has been no integration between surgeons and 

between these surgeons and the hospital system.  There has been an improvement 

in flow since hospitals started scheduling surgeries themselves, according to 

completion times, with the use of operations management theories.  Another 

surprising result was achieved when a Wisconsin hospital gave the ICU nurses 

authority to close the ICU as they saw fit with regard to its capacity being reached.  

The ED turned away only 2.8% of people as opposed to the previous 12% and 

cardiologists and heart surgeons who tracked their income loss from not being able 

to admit patients reported a decrease in loss, and finally, the hospital defied the 

national nursing shortage figures by the nursing vacancy rates dropping from 10% to 

a staggering 2% (Barnard, 2002). 

2.2.6 Bed Capacity Planning 

It is common for hospitals to determine bed capacities and occupancy levels using 

simplistic measures and averages.  Harper and Shahani (2002) show that this is an 

unacceptable method for the complex stochastic nature of hospital systems.  OR 

techniques were applied to model the system and show the effects of variations in 

the system using simulation techniques.  The authors developed a simulation model 

that showed that there was not a single optimal level of bed occupancy at the 

hospital but that an acceptable occupancy level that resulted in acceptable refusal 

rates was found to be a complex function of hospital size, LOS variability, and 

patient mix.  The use of simulation had the added benefit of visually showing 

managers the effects of inadequate analysis of the complex system and the effects 

of occupancy levels.  It is also important to consider the relationship between bed 

occupancy levels and refusal rates. 

2.2.7 Observation Units and Day Wards 

Although it may seem that additional beds may be the answer to the ED's problem 

this is often not practical and many hospitals have bed shortages that arise from not 

meeting a growing population, ward closures due to budgetary constraints, or 

closures of near-by hospitals that dramatically increase the demands on the 

hospital.  McAnderson-Spencer (2002) reports on several tested ideas to help 

increase the flow through the ED.  Providence Medical Center, Kansas City, created 

a post-cardiac intervention care unit, which is operational during the day to monitor 

outpatients from the vascular lab.  This unit has freed up ICU beds as previously 
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these patients were monitored in the ICU or the telemetry unit.  Due to a closure of 

another local hospital and an expected weekend influx of 80,000 people into the 

area, Providence also created a 12-bed non-urgent care facility open for the busiest 

12 hours of the day.  This extension of the ED helped to have an improved flow, 

particularly for the lower category patients, and reserved ED beds for those patients 

with a high propensity to admission.  Another innovative idea was to increase the 

cleaning staff from only 18 hours a day to 24-hour operation.  This allowed for beds 

that were vacated at any time of the night or day to be immediately cleaned and 

ready for a new admission.  The hospital employed a coordinator to stay up to date 

with available beds and ensure admissions were made as soon as possible. 

2.2.8 Staffing Issues 

Emergency Medicine needs to apply the principle and evidence of “chronobiology” 

to its practising physicians and training doctors to optimise physician education, 

professionalism, and wellness.  According to Heins and Euerle (2002), 

“chronobiology examines the timing of biologic processes and the effect of time on 

function” (pg. 444).  Research in this area includes levels of cortisol and melatonin 

and what cognitive and psychological effects result from the sleep-wake cycle being 

out of rhythm with the body‟s natural clock.  Workers who must give optimal 

performance over both day and night shifts have research being conducted.  The 

aim is to improve the productivity and health of these workers, who are at high risk 

of cognitive dysfunction, technical errors, decreased productivity, morbidity, and 

mortality due to night work and sleep deprivation.  Studies have shown that a 

significant reduction in sleep for physicians resulted in medical errors; and was 

harmful to their cognitive, emotional, and professional health; and patients were at 

greater risk of harm due to the medical errors.  Another study showed that the 

performance in the areas of reaction, tasking, tracking, memory, and reasoning, of 

people who had up to 20 hours of wakefulness had similar performance levels to 

people with a blood alcohol concentration of 0.10% (twice the legal limit in 

Australia).  Other studies surveyed emergency residents and found that out of 

almost 1000 usable surveys there had been 96 car accidents and 1446 near 

accidents in the previous year.  In fact, 75% and 80% of the crashes and near 

crashes respectively occurred after a night shift.  Sleep deprivation and the sleep-

wake cycle being out of sync with the body‟s natural rhythm have been correlated 

with more accidents, and poorer performance across industries including medicine, 

driving (particularly truck driving), nuclear power, aviation, and sporting. 
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Cushman and Witting (2003) studied the effects of increasing the number of senior 

physicians on the training of junior physicians.  This paper arose from the need to 

add an additional attending for an afternoon shift, due to an expected increase in 

demand to the ED from the closure of a nearby hospital, adding to the previous level 

of two attendings and two residents.  The concern was that with the introduction of 

another attending the residents would have decreased patient exposure.  The 

proposal to increase exposure was to stagger the resident shifts.  The results 

however were unexpected and the residents actually had a decrease in patient 

exposure.  The patient frequencies and acuities were not significantly different 

across the two shifts and there were always waiting patients sufficient for the 

residents to not be seeing less patients due to lulls.  Thoughts by the authors for this 

antithesis to the hypothesis were twofold.  Firstly it was proposed that residents 

work to their full capacity and attendings tend to see patients after the residents are 

working to full capacity.  Secondly it was thought that the human element of peer 

pressure and competitiveness played a part in wanting to work faster and have more 

exposure to patients when working with other residents as when working as the 

single resident on shift.   

2.2.9 Increased Access to Diagnostic Facilities 

Hospital diagnostic facilities, such as magnetic resonance imaging (MRI), are 

accessed by inpatients, outpatients, and emergency patients.  Outpatient demands 

on the system are generally scheduled days and weeks in advance.  Inpatient needs 

are generally known on the day, and emergency patients‟ demands are stochastic 

and must be met as soon as possible.  MRIs are expensive machines that are under 

high demand and are also a restricted sale by governments to try and control 

medical costs generated by patients accessing expensive equipment.  Very high 

utilisation is desired by hospitals for diagnostic imaging equipment and staff and it is 

common for all available time slots to be scheduled with outpatient appointments 

without any slack allowed for inpatient and emergency needs.  Inpatients can then 

be delayed, thus extending their length of stay in the hospital, incurring additional 

costs for the hospital that may not be reimbursed by insurance companies, and 

alternatively or even additionally, outpatients experience significant delays.  Green 

et al. (2006) modelled the medical diagnostic facility and developed heuristics for an 

on-line stochastic system with limited results.  The model included all costs 

associated with delayed services and aimed to optimise profit.  An assumption was 

that service times were all of a standard length.  Although appointment times are 

generally scheduled as 30 minute blocks, actual service times differ between 
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diagnostic tests and between individuals.  Simulation was used to introduce the 

stochastic nature of service times; which were fitted by a Weibull distribution.  The 

heuristic had close outcome with the optimal result however more accurate and 

detailed critical data needs to be collected before the heuristic can be successfully 

applied to the situation. 

 

Patrick and Puterman (2007) studied a computed tomography (CT) scanning 

department within a hospital setting that services both inpatients and outpatients.  

Outpatients have appointments scheduled weeks in advance but are a lower priority.  

Inpatients are a high priority but their demand is stochastic.  The stochastic demand 

that has high priority causes delays for low priority users and leads to both under-

utilisation and over-utilisation of the limited resource.  Variability in the demand 

results in swings from the system being fully utilised, and causing waits for 

outpatients, to machines and staff sitting idle.  The performance indicator in the 

study is the outpatient waiting time.  Currently the system books the outpatient 

appointments and schedules a significant portion of time for the unknown inpatient 

demand.  The proposed idea included changing the status of inpatients to include 

both a high priority (HIP) and a low priority (LIP) inpatient category and also to limit 

overtime usage.  By determining a subset of inpatients who can delay their scan for 

up to one day a pool of available patients with some flexibility is created.  These are 

mainly patients not needing immediate scanning for treatment and whose length of 

stay in hospital won‟t be affected by delaying the CT scan.  The low priority 

inpatients then become a pool of standby patients.  Another suggestion was to 

identify a subset of outpatients who would be available on short notice to fill idle time 

in the daily schedule once inpatients have been scheduled for the day.  The 

research proposed to reserve inpatient appointment slots for both high and low 

priority inpatients.  If the demand for high priority patients is lower than expected 

then low priority patients fill the HIP slot and the remainder of these are booked into 

the LIP slot for the next day.  The remaining slots are filled by on-call outpatients.  If 

demand is higher than a critical point for inpatients then overtime results.  Inpatient 

scheduling levels are determined by minimising the expected number of unused 

slots subject to overtime constraints.  Simulation was used to test the proposed 

system and showed that only a small number of inpatients need to be classified as 

low priority (10%) for significant improvements and that, with only a 10% on call 

outpatient population, increasing the LIP ratio above 10% is actually detrimental to 

the system.  The results showed that only small changes were necessary to have a 
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substantial effect on the overall system.  The new system reduces the growth rate of 

the key factor, outpatient waiting times, to about ¼ of its original rate. 

2.2.10 Health Promotion and Prevention 

Hospitals are becoming more focused on managing community health and moving 

away from the traditional role of just medical intervention.  Prevention is an 

important avenue in health care in order to improve national health and long term 

financial outlay.  A healthier community involves aspects of free health promotion 

and information, early detection, a perception shift at all levels from federal 

government to the individual, and community partnerships (McClain and Stratton, 

1994).  Hospitals have evolved over the last twenty years from a disease treating 

building to an active and major player in health promotion within the community with 

a focus on information, prevention, treatment, rehabilitation, connecting supports for 

patients, and helping patients be empowered regarding their own health (both 

current and future).   

 

Hospitals should be at the centre of health promotion due to their dominance in 

innovation and medical development throughout the centuries.  A health promotion 

hospital has a number of factors including promoting health, ensuring quality of 

health care, monitoring and evaluating health and disease, and assessing need and 

planning services.  The size and autonomy of  hospitals may be enhancing the state 

of isolation they operate in and there are several possibilities for hospitals to be part 

of a wider public health agenda including greater input from public health expertise 

centred on health authorities and primary care trusts; having public health 

specialists and clinicians all working on the same side and collaborating with 

information, education, providing specialist support, and evaluations; clinical staff 

development of public health skills and mindset; and ensuring public health skills are 

reaching a management level by development of those currently there and giving 

opportunities for public health practitioners to have input at senior management 

level.  Health promotion is vital at the primary care level and it has been shown to be 

effective when primary care providers offer health promotion advice during routine 

consultations.  Secondary care providers have an influential position as respected 

and specialised professionals to impact community health promotion by outreach 

into the community, for example awareness campaigns and information to schools.  

For a more humanised health system the hospital needs to cooperate with the 

community to promote a healthier community, and to start by creating a healthy 

environment for its staff.  Improvement in the quality of health care within the 
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hospital setting is also vital and achievable with information, awareness, and skills to 

work with the population mix attending the hospital.  The hospital has the skills and 

expertise to be able to be the hub of monitoring and evaluating health and disease, 

particularly infection.  An evaluation of the needs of the local community when 

determining hospital services is critical to the overall health of the community and 

hospital planning should be based on the population it serves (Wright et al., 2002). 

 

This chapter gave a literature review of the ED.  It looked into factors that impact the 

flow of patients as well as current approaches to improve the system.  The flow of 

patients is hugely impacted by the inability to let patients flow out when they are 

ready for discharge from the ED and to be admitted as inpatients to the hospital.  

Some methods to improve the system include simulation models, bed capacity 

planning, balancing of surgical schedules and the use of fast track units.  

2.2.11 Simulation Models 

Bagust et al. (1999) used a simulation model to model a hospital and determine 

occupancy rates that would pose considerable risk to patients requiring immediate 

admission.  Bagust et al. used discrete-event stochastic simulation to investigate the 

system over 1000 days.  They concluded that risks are minimal if the hospital bed 

occupancy is kept below 85%.  Levels above this allow the risk to be substantial and 

average bed occupancy above 90% has a system that is regularly subject to bed 

crises.  While there are financial constraints to increasing bed numbers within a 

hospital sometimes for the number of patients requiring services at the hospital it is 

unavoidable and operations researchers can show the importance of safe bed 

numbers and help to counteract bed cuts where there are no alternatives if safe care 

is to be provided. 

 

Simulation is rapidly becoming a tool of choice when examining hospital systems 

due to its capacity to involve a number of variables and interactions that impact the 

system.  Simulation was used by Groothuis et al. (2002) to investigate potential 

impacts by changing aspects of the ED at Maastricht University Hospital.  Simulation 

has the benefit of resolving problems that may arise with changes in the system 

without disruption to staff and patients.  One of the changes to be implemented was 

the introduction of a GP office at the ED outside of office hours.  The simulation was 

employed to determine the effects on the ED.  The GP office has the effect of 

altering arrival characteristics in the ED and acts as a filter for non-urgent visits.  

Although the researchers feel that not enough data was collected for conclusive 
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reports on their investigations the effectiveness of the simulation technique for 

determining impacts on the system was noted and recommended for future 

analyses. 

 

Van der Meer et al. (2005) used OR techniques, with a particular focus on 

simulation, to improve patient flow and waiting times within a hospital-based 

orthopaedics medicine system.  Simulation techniques are especially useful when 

the system has a degree of randomness such as for non-elective emergency 

patients.  OR in health care must also consider the competing objectives between 

doctors, patients, and management.  The simulation tools developed allowed for 

greater communication between parties and enabled the hospital managers to 

understand the system, its complexities, interactions, bottlenecks, and critical 

aspects of the system. 

 

Ashton et al. (2005) developed a simulation model to evaluate the patient flows of a 

health centre that introduced a walk-in centre staffed by nurses, to offer an 

alternative to ED visits, as well as a GP based clinic.  Layout of the space, arrival 

characteristics, and the effects of variations in flow were among some of the aspects 

investigated. 

 

Health services managers are finding simulation a very powerful tool as it allows 

them to see the impact of alternatives without disruption and real-time evaluation.  

This is extremely appealing to management who want to see a variety of 

alternatives such as the capacity the current system can handle, the implications of 

changes to variables, and the result of a crisis in the system just to name a few.  

These benefits are making the use of simulation more widespread, and with the 

skills of operations management specialists, greater productivity, cost containment, 

utilisation of scarce resources, and quality of services are all objectives that can be 

improved.  Badri and Hollingsworth (1993) used simulation to study the ED of a 

large hospital in the United Arab Emirates to aid decision makers about more 

optimal processes by studying the system as a whole and its external interactions.  

The modellers had regular input from a project management team from the hospital 

supplying invaluable knowledge about hospital policy and procedures, consultations, 

and suggested the alternative scenarios.  The model divided the arrivals into three 8 

hour shifts.  Patients had to wait to be seen until a doctor, nurse, and bed were all 

available.  Treatment time distributions were determined for each level of acuity for 

each illness category.  The performance of the system was evaluated observing 
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resource utilisation (registrars, nurses, beds, doctors, and pharmacists); resource 

queue lengths; mean waiting times; occurrence of transferring patients requiring 

inpatient care due to hospital occupancy levels to alternative hospitals; and average 

resource availabilities.  The model determined the steady state for the system to 

establish the starting conditions and allowed a warm-up period of 25 days for the 

simulation run length of 365 days.  Software tools were useful in verifying the 

system and validation was obtained through regular input by the hospital team.  

Data collection occurred for a period of one month.  Results indicated a higher 

average of utilised doctors than nurses but a greater average wait for nurses than 

doctors.  Changing the queuing rules from a priority queue to a FIFO (with the 

exception of Category 1 patients) reduced wait times considerably for Category 5 

patients but increased wait times for all other categories.  An alternative scenario 

studied was to not treat Category 5 patients who represented about 1/3 of arriving 

patients.  This resulted in about an 8% reduction in mean wait times and opened up 

the door to support management‟s decision to refer these patients to nearby clinics 

instead.  The simulation model allowed the hospital management to come up with a 

wide range of scenarios that were tested with animated outputs to aid in decision 

making. 

 

Simulation models are a useful tool for understanding a system.  Chick (2006) 

discussed pointers for code efficiency, output leverage, improving understanding for 

all parties, and enabling the simulation model to be a better decision making tool.  

The six ways to improve a simulation model given by Chick are: 

 choosing the most appropriate tool; 

 ensuring understanding of the problem; 

 balancing simplicity and credibility; 

 understanding the influence of critical assumptions; 

 estimating the system rather than replication; and 

 not over-analysing with unknown parameters. 

Choosing the best tool for the job requires analysing the outcomes, randomness, 

role of time, and the influence of nonlinear dynamics.  Simulation models can be 

used in any field and it is important that the language is understood precisely and 

that the modeller and decision makers are communicating with the same 

understanding of terminology used.  Chick (2006) asserts that since all models are 

wrong then all simulation models are wrong.  However they still can be, and often 

are, useful tools and the challenge is to choose the degree of complexity that allows 
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detailed analysis of the system and enough factors to accurately reflect the system 

without unnecessary or unhelpful complications that detract from the desired outputs 

or create unnecessary computational expense without added benefit.  Assumptions 

made in modelling are extremely critical to the validity of the model and the 

usefulness and accuracy as a decision making tool.  Investigating the models from 

the various points of view can also affect the decision making and assumptions.  

Modelling the uncertainty and analysing this uncertainty is crucial for an accurate 

and useful model.  Essentially it is the characteristics of a good modeller to be able 

to determine which aspects influence and contribute to the desired outcomes and 

accurately model these, while communicating effectively with all parties and 

ensuring a complete understanding of the problem.  The balance between 

complexity and simplicity is crucial to validate the model while still being usable by 

the decision maker. 

 

Ahmed and Alkhamis (2009) also developed (although a paper arising from this 

thesis was published earlier) a simulation-optimisation model for the ED to 

develop a decision making tool.  They optimised patient throughput subject to 

budget constraints, a constraint imposed on Category 1 waiting times, the 

number of servers, and integrality conditions.  The aim was to determine the 

optimal level of staff numbers while optimising throughput and adhering to 

budget constraints.   

 

Pidd and Carvalho (2006) reviewed the evolution of simulation software over the last 

half century.  The three skills noted for an effective modeller are knowledge of 

probability and statistics, computer expertise, and modelling skills.  Current 

simulation tools have shifted the focus from programming to modelling.  Simulation 

models were originally written from scratch in programming languages such as 

BASIC, C, and Pascal.  Block diagrams were then introduced to set up the system 

as a two stage process with logic connectors.  Programming languages were 

developed to execute the flow of commands for use solely for simulation modelling.  

The introduction of graphical blocks, as computers evolved, allowed animations and 

interactions.  Current simulation software packages are known as Visual Interactive 

Modelling Systems (VIMS) which allow the user to place pre-designed blocks and 

form connections to implement the logic of the system.  The authors describe 

„package bloat‟ beginning to show in many current discrete event simulation 

packages.  This is when packages have components that are added on post-

release, and are created, but are not reprogrammed into the original language.  This 
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results in sub-optimal performance of the computations and causes unnecessary 

laborious computational processing.  Simulation software packages desirably have 

the properties of dependability, usability, modularity, and reusability.   
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A simulation model was developed to provide a better understanding of the system, 

its resources, demands, and interactions.  The system was analysed using the 

simulation model and the likely outcomes of variations to the system can be 

investigated.  This chapter gives the details of the simulation model– both the inputs 

and the outputs.  The inputs were determined from the analysis in chapter one and 

include arrival characteristics, treatment times, admission status, and post treatment 

waiting times.  The outputs include waiting times, tardiness, resource utilisation, and 

length of stay. 

3.1 Introduction 

Simulation models are used to imitate the model over time by making assumptions 

about the operations of the system.  The simulation technique expresses the 

assumptions and conditions of the model in mathematical and logical relationships.  

The simulation technique runs through the model over a period of time generating 

samples of the measures of performance (Winston, 1994).   

 

Simulation depicts the features and characteristics of the real system and allows for 

variations of the system and changes to the system to be tested without impacting 

the actual system, and allows for a range of options to be investigated without 

disrupting the system.  Simulation models also allow the individual components of a 

system and the interaction of components to determine which components and 

interactions actually impact the system (Heizer & Render, 1993). 

 

Simulation models can allow any complexities or abnormalities in the system to be 

considered, and allow for any distribution of data to be considered.  Data is not 

moulded into specific distributions for analysis of the system.  Simulation models, 

however, can be costly and lengthy to develop and run.  The models also tend to 

require numerous executions, which may require great amounts of computational 

time.  The models also need to be run for sufficient periods to overcome the warm-

up period and allow for a steady state before terminating (Lapin, 1994). 

 

The Extend software package was utilised for employing the simulation techniques 

for this study.  Extend allows interaction with the model and for all alternatives to be 

explored easily, and is a visual tool as well.  Extend requires the programmer to 

connect blocks together to move an item from the beginning of the process 

throughout the connected blocks until it exits the system.  The simulation package 

allows the assumptions of the system to be programmed in through a variety of 
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blocks and connections.  Simulated arrivals into the ED are generated according to 

the distributions of the conditions with which they present and are able to progress 

through the simulated ED in the same manner as their real life counterparts.  The 

arrivals are able to walk out before being triaged, while waiting for initial 

consultation, during treatment and when discharged just as in real life.  A discrete 

event simulation technique was used.  Extend has a simple, user-friendly interface 

for building models with menus of blocks that are able to be dragged onto the model 

page and connected to other blocks.  These blocks are the simulation statements 

and control both the flow and attributes of the entities in the model.  Extend has a 

vast collection of pre-designed blocks for creating entities to flow through the 

system.  These blocks can also be modified or new blocks written by the advanced 

user to suit individual needs within the program, although this was not usually 

required due to the array of existing blocks available.  Entities are generated and 

activate blocks as they pass through them, representing operations performed in the 

system, and occurring only as needed.  The user simplicity of the package should 

not detract from the complexity of the systems able to be built using the software. 

 

The public hospital will benefit from the application of simulation techniques that are 

modelled specifically to their own ED.  Simulation systems must be setup to the 

specifications of the specific model that is being analysed, therefore creating unique 

models.  Simulation techniques can highlight bottlenecks in the system and try 

alternative procedures for optimising the system without disruption to the system.  

The simulation will also reveal the impacts of various possible situations such as: 

 

 A rise in population requiring treatment through the public 

hospital ED, 

 Impacts of closures of nearby hospitals, 

 Openings of alternative treatment facilities such as hospitals, 

after hours clinics and mental health facilities, 

 Major crises such as terrorist attacks, and the 

 Impact on the system of bed numbers changing and physician 

shifts or other staffing and facility changes. 

 

The simulation aspect of the study includes the development and validation of a 

simulation model to represent the system using the Extend software, utilising the 

simulation model to discover bottlenecks and inefficiencies in the model, and to 

verify and validate the optimisation by exact solution methods model. 
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The simulation model represents the ED system and allows analysis of the system 

and variables without disruption to the actual system.  Identification of the 

bottlenecks and logical predictions about the performance of the system can be 

made using the simulation model.  The model was analysed and included: arrival 

characteristics; arrival patterns; interarrival times; disease categories; ATS 

categories; treatment times; admission status; post-treatment waiting times (PTWT); 

length of stay in the ED; physicians; beds; and patients that did not wait for 

treatment (DNW).  The model used characteristics derived from data collected for a 

period of one year. 

 

Dynamic models can be designed using either continuous or discrete event 

simulation.  Continuous simulation models have variables that are directly 

dependent on time with the simulation model advancing through each time step 

consecutively.  The model here used discrete event simulation (DES), which 

changes values of variables as events happen.  Items, or entities, are considered to 

be unique elements that can have attributes which may impact an event.  Specific 

paths in the model can be determined by variables of the system and an item‟s 

attributes.  Discrete event simulation allows for much greater detail of the system to 

be modelled than continuous simulation models. 

 

The outputs from the model are various and include the instantaneous number of 

patients waiting, waiting times, percentages of patients being seen within the 

recommended waiting time, length of stay, physician utilisation, physicians available, 

beds available, bed utilisation and overflow bed usage.  The initial view of the model 

is shown in Figure 3-1.  This view is the top layer of the model and allows 

information to be accessed easily by grouping similar blocks together and labelling 

in a user-friendly manner.  This view also shows animations of arriving patients, 

numbers of patients waiting, patients occupying ED beds, and doctors available. 
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Figure 3-1 Simulation Model: Top Layer 

 

All the characteristics of the ED that were described in chapter one were depicted in 

the simulation model.  Each characteristic was verified and validated as was the 

model as a whole. 

3.2 Resource Analysis 

The ED has a number of different resources required to meet the demands of the 

system.  These include physicians, nursing staff, beds, equipment, and diagnostic 

equipment and staff.  Currently information is only available on doctor and bed 

usage.  Further study will investigate a more detailed analysis of patient demands 

with regards to nursing time, diagnostic needs, and how the treatment time is spent. 

 

Physicians are a major resource in the system, being necessary for commencement 

of treatment; ordering diagnostic tests, procedure decisions, performing procedures, 

and the discharge decision.  Doctors with a range of experience make up the group 

of physicians in the ED.   

 

Doctors in the simulation were modelled using real-life shifts and used program 

blocks to cause doctors to come on shift or finish shifts on a daily basis over the 24 

hour period.  Physician units were used in the model to represent the ability of a 

physician with the availability to treat a patient.  For example when an intern came 
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on shift the model input two intern units as one intern can simultaneously see two 

patients.   

 

Since patients require both a bed and a physician to initiate treatment, patients at 

the top of the waiting room queue moved along to resource queues of length 1 until 

a doctor was available, and they then entered an available bed.  Patients were split 

into three queues when they were at the top of the first queue: Category 1 patients, 

Category 2 patients, and Categories 3 – 5 patients.  An initial problem with this 

method was Category 3 – 5 patients sometimes had a doctor assigned to them 

while waiting for a bed to clear.  This became unlike the real system when a 

Category 2 patient would then enter and have to wait until that Category 3 – 5 

patient had entered a bed.  In the real system both the bed and doctor assignment 

occur simultaneously and a doctor would not be tied to a lower category patient until 

that patient also had a bed.  A smaller decision queue before the resource queue 

prevents lower category patients from requesting a doctor until both a doctor and 

bed is available and there are no higher category patients.  The allocation of a single 

emergency physician unit present at all times replicates the system in that a 

Category 1 patient would pre-empt other treatment procedures and even if not all 

doctors in the team were able to treat the patient immediately there would always be 

at least one physician available who would initiate life saving treatment.   

 

The simulation model showed plots of the instantaneous number of each physician 

type unit.  Figure 3-2 shows in more detail the cyclical nature of the availability of the 

physicians for a random run.  The patterns of each day can be noted with an influx 

of available doctors around 1 pm each day decreasing until about 7pm when doctors 

are fully utilised.  Figures 3-5 and 3-6 show the bed and doctor usage with more 

detail, unfortunately the font within Extend graphical outputs could not be changed. 
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Figure 3-2 Simulation Model: Daily Cycles of Available Physicians 

 

Patients at this point in the model were still following one of the paths: Category 1, 

Category 2, and Category 3 – 5 patients.  Category 1 patients were routed straight 

to a resuscitation bed, Category 2 patients were routed to an available acute or 

minor Procedure Bed.  If all of the bed types B and E were full a Category 2 patient 

would initiate the opening of a corridor space in order for their treatment to begin.  

Category 3 – 5 patients followed paths to available type B, C, or E beds.  As shown 

in Figure 3-3 these are the times that the beds are fully utilised throughout the day.  

It appears that the doctor and bed utilisations are inversely related.  At the times 

when the beds are all in use, there are doctors available to treat patients but unable 

to due to the resources constraints, and when the beds are available there are fewer 

doctors on hand to meet the demand and doctors are fully utilised while the beds 

remain empty.   
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Figure 3-3 Simulation Model: Daily Cycles of Beds in Use 

The model outputs plots of each bed type in use throughout the simulation and also 

animates beds in use by several different methods.  The top layer shows patients 

lying in beds.  Alternative animations also offer a quick and instantaneous overview 

of beds in use and beds available of each bed type within the ED hierarchical block.  

This is shown in Figure 3-4.  As can be seen, at this instant of time, all four 

resuscitation beds were free and ready for use, 11 of the 13 acute beds were in use, 

along with both of the minor procedure beds.  Only 1 of the sub-acute beds was 

occupied with all corridor and recliner chairs unused.    

 

 

Figure 3-4 Simulation Model: Bed Use Animation 



112 
 

Analysis of the model revealed factors that allow the consideration of a readjustment 

of physician schedules to improve the performance of the ED.  It was noted that 

physicians were available at similar times each day.  A close-up revealing the first 

two days of this week and showing the times physicians are generally free is given 

in Figure 3-5.  As can be seen there are available physicians from the hours of 8am 

(81,120 minutes) to 11:30pm (82,050 minutes) each day with peak availability 

between 1pm and 6pm.   

 

 

Figure 3-5 Simulation Model: Doctor Availability Peak Times 

 

During these times with available physicians there were generally patients in the 

waiting room so the availability of physicians or beds was not due to no patients to 

treat.  The high level of patients waiting combined with idle doctors shows that an 

additional resource is required but missing to commence treatment.  During this time 

when patients were waiting and physicians were available, flow through the ED was 

reduced due to all general beds being fully utilised.  Bed usage for the two days 

shown in Figure 3-6 shows all acute, minor procedure and sub-acute beds were 

being used to full capacity between the hours of 8am to 11:30pm when beds start to 

decrease in usage until the following morning arrival of physicians.   
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Figure 3-6 Simulation Model: Beds in Use Over Two days 

 

Two alternatives are presented to increase the flow of the ED in light of the 

information of beds being fully utilised when doctors are free and doctors being fully 

utilised when beds are free.  The first option is to have additional treatment areas 

available during the day hours for Category 4 and 5 patients. The second option is 

to rearrange doctors‟ shifts to schedule physicians on when both doctors and beds 

will have increased utilisation.   

3.3 Model Outputs 

The output capacity of the model is extensive and currently includes a number of 

performance measures including bed and doctor availability and utilisation, patients 

waiting, waiting times, and waiting time performance.  Number of patients in the 

waiting room is output by the simulation model for a random run and is shown in 

Figure 3-7. 
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Figure 3-7 Number of Waiting Patients 
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One of the main indicators in the system and used nationally to measure ED 

performance is waiting time.  The percentage of patients that are seen within the 

recommended time is measured from the outset of the model and visualised by both 

a plot of this measure over the duration of the model (see Figure 3-8) and also as an 

instantaneous bar chart of the indicator (see Figure 3-9).  Figure 3-8 shows 

Categories 2 – 5 only due to the plotter having 4 inputs only and Category 1 being 

seen almost exclusively on arrival with no wait time. 

 

0 16200 32400 48600 64800 81000 97200 113400 129600
0

12.5

25

37.5

50

62.5

75

87.5

100

Time

Value
WT Performance

Category  2 Category  3 Category  4 Category  5

 

Figure 3-8 Waiting Time Performance throughout Simulation 

 

The waiting time performance indicators tends to stabilise after running for about 

four weeks and have little variation in percentage of patients seen within the 

recommended time after this period.  Figure 3-9 shows the percent of patients seen 

within the guidelines as the simulation is running. 

 



115 
 

 

Figure 3-9 Waiting Time Performance 

 

Doctor utilisation rates are given in Figure 3-10.  As can be seen from the plot, after 

the model is run for about 5 – 6 weeks, the utilisations tend to stabilise.  Note that 

the senior physicians‟ utilisations may be understated due to supervision of junior 

staff not being modelled although there is a reduction in the availability of these 

doctors to account for this.  Further study will investigate the role of the senior 

doctors in the ED and how their time is divided. 

 

0 16200 32400 48600 64800 81000 97200 113400 129600
0

0.125

0.25

0.375

0.5

0.625

0.75

0.875

1

Time

Value
Doctor Utilisation

Intern Junior Res Senior Res Registrar

 

Figure 3-10 Doctor Utilisation 
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Both beds in use and utilisation of each bed type are important information.  It can 

indicate either the under utilisation of critical and expensive resources or can show a 

high demand of a resource.  Figure 3-11 shows the bed usage of normal beds for a 

period of one week, the second week in the simulation, clearly showing a cyclical 

pattern of bed usage throughout the week.  Bed usage starts to reduce each night 

from about 10pm until 8am the next morning when all the acute and sub-acute beds 

fill up as doctors come on shift.   

 

 

Figure 3-11 Simulation Model: Beds in Use 

 

Bed utilisation output of the regular and permanent treatment areas is given in 

Figure 3-12.  Once the system settles down the over utilisation tends to stabilise.  

The minor procedure and sub acute beds in the model have a very high utilisation 

with overall utilisations of 95% and 92% respectively after three months.  The acute 

beds are moderately utilised with an overall utilisation of 77%.  The resuscitation 

beds however have a very low utilisation rate of 12%.  Although these beds are 

deliberately under-utilised, this is very low especially considering these are the most 

expensive treatment areas in the ED. 
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Figure 3-12 Bed Utilisation 

 

In addition to the normal bed indicators, the model also outputs both usage and 

utilisation of overflow corridor beds and recliner chairs.  In contrary to the regular 

beds, high utilisation of these resources is not desired, but highlights overcrowding 

and bottlenecks in the system.  Figure 3-13 shows the overflow treatment areas in 

use and Figure 3-14 shows the utilisation of the corridor beds and recliner chairs.  

Recliner chairs are very rarely used and corridor beds have an overall utilisation of 

between 15% – 20%. 

 

 

Figure 3-13 Overflow Treatment Area Use 
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Figure 3-14 Overflow Treatment Area Utilisation 

3.4 Alternative Scenarios and Variations  

A number of alternative scenarios and variations to the model are proposed for 

testing to compare the waiting time performances.  Each variation is run one 

hundred times and for three months (90 days) and averaged.   

3.4.1 Bed Numbers 

Beds are one of the major resources within the ED and the addition or removal of 

beds is important to investigate; particularly due to the cost of each treatment area.  

There are 20 acute, sub-acute and minor procedure beds in the ED.  Resuscitation 

beds were not increased as they are currently under-utilised and increasing will only 

incur cost without benefit.  Neither were the numbers reduced as it is desirable to 

keep these beds available in order to treat patients requiring immediate care.  The 

corridor places and recliner chairs were not altered as these are not regular beds in 

use. 

 

The number of beds was changed from -50% to +50%, which resulted in the 

variation from 10 to 30 beds.  Each value had a number of combinations (11) to 

compare the effects of which bed types were present.  For example in the runs for 

15 beds total, the beds to treat Category 2 – 5 patients (acute and minor procedure 

beds) ranged from 15 to 5 while the sub-acute beds (available only for Category 3 – 

5 patients) ranged from 0 to 10 as demonstrated in Table 3-1. This logic was applied 

to each total bed level from 10 to 30. 
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Table 3-1 Bed Variations for Total Beds = 15 

Acute Minor Procedure Total (Cat 2 – 5) Sub-Acute Total ED Beds 

13 2 15 0 15 

12 2 14 1 15 

11 2 13 2 15 

10 2 12 3 15 

9 2 11 4 15 

8 2 10 5 15 

7 2 9 6 15 

6 2 8 7 15 

5 2 7 8 15 

5 1 6 9 15 

5 0 5 10 15 

 

The total table of bed variations is attached as Appendix 7. 

3.4.2 Doctor Numbers 

Physicians are another major resource that is essential to the functioning of the 

system and investigations into the effects of changes in doctor levels are vital.  

Doctors are modelled according to the current shift allocations in the ED.  Daily 

intern, resident, registrar, and consultant shifts are given below in Table 3-2 as 

modelled in the simulation.   
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Table 3-2 Physician Shifts 

Physician 

Type 

Shift 

Start 

Shift 

End 
Doctors 

Physician 

Units 
Shift 

Shift 

Name 

       

Interns 8:00am 5:30pm 2 4 1 
Intern – 

Day 

 1:00pm 11:30pm 2 4 2 
Intern – 

Late 

 10:00pm 8:00am 1 2 3 
Intern – 

Night 

       

Junior 

Residents 
8:00am 5:30pm 1 3 4 

J Res – 

Day 

 10:30am 9:00pm 1 3 5 
J Res – 

Late1 

  1:00pm 11:30pm 1 3 6 
J Res – 

Late2 

  10:00pm 8:00am 1 4 7 
J Res – 

Night 

             

Senior 

Residents 
8:00am 5:30pm 1 4 8 

S Res – 

Day 

  1:00pm 11:30pm 1 4 9 
S Res – 

Late 

             

Registrars 8:00am 5:30pm 2 6 10 Reg – Day 

  2:00pm 11:30pm 2 6 11 Reg – Late 

  10:00pm 8:00am 1 3 12 
Reg – 

Night 

             

Senior 

Registrars 
8:00am 5:30pm 1 3 13 S Reg 

             

Consultants 8:00am 6:00pm 2 2 14 
Cons – 

Day 

  6:00pm 12:00am 1 1 15 
Cons – 

Night 
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Each shift was investigated as to its impact on the system by both removing a doctor 

and adding an additional doctor for each shift individually.   

3.4.3 Physician Shift Adjustments 

The addition and removal of doctor shifts reveals that the removal of day shifts has 

little impact on the system whereas the addition of any night shifts has a substantial 

positive outcome on the ED.  The proposal is to reallocate physicians from a day 

shift to a night shift.  The affected physicians will be the interns, junior residents, and 

registrars as these were the shifts that had the least negative result when removed 

but good positive impact when added at night. 

3.4.4 Overcrowding Critical Point 

Overflow beds are in use when the ED is deemed to be overcrowded.  In the 

standard simulation model the overflow beds and chairs are only used if all the 

acute and minor procedure beds are full and a high category patient requires 

treatment.  An alternate overflow policy adds the opening of overflow beds for 

patients when the waiting room reaches the critical point.  Overflow beds are used 

as needed while the waiting room numbers are above this critical point.  Critical 

points were tested from 0 patients through to 60 patients waiting, to see the effect 

on both high acuity and low acuity patients and to find an optimal critical point. 

3.4.5 Fast Track 

A scenario that was offered in the literature was the fast track alternative.  The fast 

track option reserves a treatment area and treating physician for the non-urgent 

patients.  The idea being to reduce the wait for patients who only require a short 

treatment time but have lengthy waits due to their triage status.  This also allows a 

positive flow to continue through the ED even while bottlenecks are caused due to 

an inability to let patients flow out of the system due to an inpatient bed shortage.  A 

number of fast track options will be modelled and tested to determine the effects on 

the system with each variable within the fast track system as given in Table 3-3.  

Figure 3-15 shows the fast track option flow chart.  

 

The fast track uses only interns and uses or creates a sub-acute bed.  The selected 

hours are based on the worst performing hours during the day.  The fast track 

selected hours opened the unit between 10am and 2pm and 5pm to 9pm.  Figure 

3-15 shows the fast track option flow chart.  Treatment time is often referred to as 

TT. 
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Table 3-3 Fast Track Variations 

Number Category 

Expected 

Treatment 

Time 

Bed Allocation Doctor Allocation 

1 Fast Track 

Bed 
4 only All 

Current Minor 

Procedure Bed 
Current intern unit 

2 Fast Track 

Beds 
5 only < 60 min 

+ 1 Minor 

Procedure Bed 
+ 1 doctor unit 

  4 & 5 < 120 min   
+ 1 day intern 

shift 

        Selected hours 

 

 

Category 5 

patients only

Category 

4 & 5 patients

Fast Track

Add Fast Track 

Beds

Convert Current 

Beds

Current 

Intern Units

+ 1 or 2 FT 

doctor units
+ 1 Day 

Intern Shift

Selected 

Hours

2 Fast Track 

Beds

1 Fast Track 

Bed

TT < 120minsTT < 60mins Any TT

 

Figure 3-15 Fast Track Options 
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3.4.6 Crisis Days 

To determine how the system will cope with additional patients particularly from a 

crisis such as terrorism, major accident on train/buses, or disease outbreak we 

added a crisis day to the simulation.  The crisis occurs at 8am after 5 weeks 

(allowing for the program to be fully warmed up) and creates Category 2 patients 

requiring treatment.  To evaluate the ability of the ED to cope with the crisis days we 

look at an influx of 10% - 100% increase of daily arrivals all arriving at the same 

time. 

3.5 Results 

The main result used to compare all the scenarios is the Waiting Time (WT) 

performance indicator.  This measure is used across Australia as the gauge for 

which hospitals to measure themselves against nearby hospitals, the state average, 

the national average, and the benchmark figures.  Not only does it allow the hospital 

to see where it sits in line with the nation at any point in time, but it can allow the 

performance of the system to be monitored over time, and can measure 

performance after changes have been implemented in the system.  The WT % is the 

percentage of patients within each category (and overall) that are seen within the 

recommended waiting time for that particular category.  E.g. the WT% for category 2 

patients are the number of patients seen within ten minutes divided by the total 

number of category 2 patients x 100%. 

3.5.1 Bed Numbers 

The type of beds varied included the acute and minor procedure Beds (Category 2 – 

5) and the sub-acute beds (Category 3 – 5).  As can be seen from Figure 3-16 there 

is a lot of variation in performance for a given number of beds due to the mixture of 

available bed types.  This is very important to study as the addition of a single bed 

can have very different results depending on the type of bed added.  The benefit of 

the bed type compared with the cost would need to be weighed to determine the 

optimal bed to add or remove.  Due to the resuscitation beds being non-affected by 

the scenario Category 1 patients did not see much variation in waiting times except 

at the higher end of the bed increase due to doctors being fully utilised.  However it 

did have an inverse performance to the other four categories. Category 1 rose and 

fell in opposition to the rest of the Categories and the overall performance.  This 

phenomenon is likely to be a result of the model as the system would pre-empt and 

ensure the immediate initiation of treatment for these patients. However the pattern 

is interesting to note and shows that the utilisation of other resources (mainly 
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doctors) is linked with bed type.  The current number of beds investigated is 20 and 

there is a wide variation of performance results with the variation of bed types within 

this number.  Figure 3-16 shows the WT Performance for each triage category given 

the changes in bed numbers and types of beds.  At each total bed level on the x axis 

there is a range of results considering the bed ratio of acute and subacute beds.  

Figure 3-17 shows bed level “20” in more detail. 

 

WT Performance with Variations in Bed Numbers
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Figure 3-16 Waiting Time Performance of Bed Variations 
 

Several very interesting results emerged from this analysis.  The first was the impact 

of the bed type within a set number of beds in the ED.  Figure 3-17 shows the WT 

performance of the system with the current total of 20 general treatment areas (not 

including the resuscitation rooms and overflow areas), and varying the number of 

acute beds.  
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Figure 3-17 Waiting Time Performance for 20 Treatment Areas 

 

As can be seen there is a dramatic drop in performance when the number of acute 

beds fall below 13.  Thirteen is a very critical point in number of acute beds and is 

reflected in all bed variations as seen from Figure 3-18 showing total bed numbers 

of a section of the results.  In each total bed number section the critical acute bed 

point is evident as being 13.  This is an important note to remember when planning 

any bed changes in the ED.  Not only is it unadvisable to let the acute beds fall 

below 13 it also shows that there is not any significant difference once the level is 13 

or above, or is below 13.  This suggests that it is important to maintain an acute 

level of 13 so that performance is not drastically reduced with a reduction in acute 

beds, but that it is better to use sub-acute beds to increase the size of the ED as 

they are more cost effective and yield a comparable result, if there are 13 acute 

beds. 
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WT Performance for Variation in Treatment Areas
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Figure 3-18 WT Performance for Subsection of Bed Variations 
 

Another critical point observed is a difference of 5 beds from the current number.  If 

more than 5 beds are removed the system does not perform significantly worse than 

if only 5 beds were removed; and additional beds after 5 extra beds have been 

installed does not produce any significant added benefit.  This could be that the 

performance is so bad at reducing 5 beds that it doesn‟t seem it can get any worse 

and that an additional 5 beds is sufficient to treat the patients.  It could also be 

related to the interaction between doctors and beds such that although there are 

more beds there are no more doctors and therefore the system cannot perform any 

better.   

 

The rate of the increase in the performance of the system with total bed numbers 

also tends to significantly decrease after 25 beds with the performances of each 

category and overall stabilising.  The performance of the system with 30 beds is 

compared to the 20 bed simulation, the data, and the standard expected of 

Australian EDs, in Figure 3-19.  The lower category patients do meet the standard 

with this large increase in bed numbers (50%) but Categories 1 – 3 still fail to meet 

the standard with further increases in bed numbers alone not expecting to be able to 

raise the performance any further. 
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Waiting Time Performance with Maximum Bed Increase
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Figure 3-19 Waiting Time Performance with Maximum Bed Increase 

3.5.2 Doctor Numbers 

The results from the simulation of both adding and removing one of each doctor shift 

are given in Figure 3-20. 
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Figure 3-20 Waiting Time Performance for Variance of Physician Shifts 
 

It is interesting to note that the alteration of physician shifts results in the 

performance of each category, and the total WT performance rising and falling in 
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unison.  The positive and negative effects of each shift are almost mirror images of 

each other, about a parallel line to the horizontal axis.  This almost identical but 

inverse effect of each shift change is shown in Figure 3-21.  
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Figure 3-21 WT Performance: Superimposing Physician Shift Variations 
 

The most distinct peaks and troughs in the model occur when alterations are made 

to the night shifts.  Smaller local maxima and minima were also observed during 

variations to the late shifts.  Figure 3-22 compares the impact of the withdrawal of 

each of the night physician shifts showing that both the resident and registrar night 

shifts have the greatest impact.  
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Figure 3-22 WT Performance Difference for Withdrawal of Night Physicians 

 



129 
 

In both the addition and removal of a night shift it is the lower triage categories that 

are the most affected, regardless of physician type.  While the reduction of night 

physicians resulted in more than double the difference of the residents and 

registrars compared to the interns, the addition of night shifts resulted in less of a 

difference between the interns and residents.  The registrars and residents obtained 

the highest increases in performance but the interns had considerable increases 

also (see Figure 3-23) and the cost comparison of these doctors would need to be 

analysed to determine the optimal shift if a night shift was going to be added.   
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Figure 3-23 WT Performance Difference for Addition of Night Physicians 

3.5.3 Physician Shift Adjustments  

Each change consisted of a day shift (8am to 5:30pm) being removed and replaced 

with a night shift (10pm to 8am) by one of either an intern, resident, or registrar.  In 

each case there was improvement in waiting time performance across each 

category and overall, with the lower categories having the greatest improvement.  

Figure 3-24 shows the waiting time performance of the system with these changes 

implemented.  Intern, Junior Resident, and Registrar shifts were altered to consider 

the impact on the ED.  Two things to note are: 1) no additional shifts were added to 

the daily roster; the night shift is however 30 minutes longer than the programmed 

day shifts but the night physicians turn over active cases to physicians coming on 

duty as opposed to the day shift, where physicians finish treating the patients they 

are treating at the end of the shift and 2) the Junior Resident shift changes can be 

thought of as Resident shift changes as the shifts changed were rostered as either a 

junior or senior resident but were chosen as junior residents in the model for 
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consistency.  Results were based on 20 total beds in the ED – 13 Acute, 2 Minor 

procedure and 5 subacute beds. 
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Figure 3-24 WT Performance for Physician Shift Changes 

 

The most noticeable change was the alteration of the junior resident shifts.  Overall 

this shift change resulted in an increase of almost 30% performance with a 75% 

increase in performance for Category 5 patients.  Category 3 and 4 performance 

also increased by 32% and almost 60% respectively as can be seen in Figure 3-25.  

Registrar shift changes also had considerable impact on the system with 21%, 38%, 

and 52% increases for Categories 3 – 5 respectively.  The system had an overall 

improvement of almost 20% with the registrar changes.  The interns also impacted 

the system with an overall improvement of 8%, with the most noticeable impact 

being on the lower category patients.  It is important to remember, if any changes 

need to be made to the intern and resident shifts, that there must be senior support 

and supervision available for these doctors. 
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Figure 3-25 Waiting Time Performance Percentage Increase 

 

Both doctor and bed utilisation were affected by the shift changes (see Figure 3-26 

and Figure 3-27).  Intern utilisation increased when the other physicians‟ shifts were 

altered but decreased with its own changes.  Junior Resident utilisation increased 

with every change peaking at its own change, and senior residents‟ utilisation 

improved with the exception of the resident changes.  However, registrar utilisation 

dropped in every situation.  The registrars are also supervising junior staff and are 

required for emergency situations with higher category patients so this apparent 

drop in utilisation is not necessarily wholly reflective upon their overall utilisation.    
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Figure 3-26 Doctor Utilisation for Physician Shift Changes 
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Bed Utilisation for Physician Shift Changes
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Figure 3-27 Bed Utilisation for Physician Shift Changes 

 

Bed utilisations increased on average 1.9% across all bed types with the changes of 

shifts.  The utilisation increases were fairly similar for each physician change but the 

registrar changes resulted in the most improvement across each bed type.  A 1.9% 

bed utilisation increase results in approximately 9 hours a day of increased bed 

usage.  This is a substantial increase and the additional bed usage hours for each 

shift change are seen in Figure 3-28. 
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Figure 3-28 Increased Bed Hours due to Physician Shift Changes 

 

The single shift changes were so effective this analysis was expanded to include 

combinations of these shift changes with changes of: intern and resident; intern and 

registrar; resident and registrar; and all three physicians shifts being changed.   

Figure 3-29 shows the waiting time performance of all categories when there is a 

combination of shift changes.  All of the combinations have a huge impact on the 
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system with improvements across every category, and with the highest performing 

combination being all three physician shifts being changed from a day shift to a night 

shift.  The highest pair is the resident and registrar combination with an overall 

improvement of more than 50%.    
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Figure 3-29 Waiting Time Performance for Combination Shift Changes 
 

Bed utilisations also increased with the combination shift changes with the greatest 

jump being in the acute beds, which are the most expensive bed type, and a greater 

utilisation of these beds in particular, is optimal (see Figure 3-30).  It is not always 

better to achieve 100% utilisation of resources.  In a stochastic model when there is 

demand that must be met within tight time deadlines an acceptable level of 

utilisation should be aimed for with measuring the variance from this level.  For 

example it is well known that when hospitals have a 95% bed utilisation that this is 

an unsafe level and does not permit the hospital to meet stochastic demand.  It is 

accepted that 85% for the overall hospital is an acceptable level of utilisation while 

allowing for demand to be met.  Future study should determine what the target 

utilisation for both doctors and beds should be within the ED. 
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Figure 3-30 Bed Utilisation for Combination Shift Changes 

 

Bed utilisation increased up to almost 5% and resulted in the following additional 

hours of bed usage per day as seen in Figure 3-31.  The minimum increase was 13 

hours a day with increases of up to almost 17 additional hours of bed usage per day.   
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Figure 3-31 Increased Bed Usage with Combined Shift Changes 

 

The overall performance of the system for all the shift changes is given in Figure 3-

32.  It can be seen that all changes resulted in an increased performance in the 

system with the most optimal improvements noticed with multiple shift changes. 
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Figure 3-32 Overall Waiting Time Performance for All Shift Changes 
 

The percentage of improvement for each category is given in Figure 3-33 showing 

substantial improvements in each category but mainly the lower categories that 

were performing so far under the target performance.  The improvements for 

Category 5 ranged from a minimum 27% increase to a huge 143% increase.  

Changing all three shifts more than doubles performance for Categories 4 and 5 

with a huge 56% increase in the system overall. 
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Figure 3-33 Performance Increases for All Categories 
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3.5.4 Overcrowding Critical Point 

The overcrowding critical point (OCP) is the point where the ED is deemed to be 

overcrowded and corridor spaces and recliner chairs are used to treat waiting 

patients.  In the current model these are only used as necessitated by Category 2 

patients but an additional policy is tested in conjunction with the use of these 

treatment areas for Category 2 patients.  Essentially, when the waiting room 

reaches the overcrowding critical point, and while it is at that point and higher, the 

overflow treatment areas are used as general treatment areas in order to improve 

flow through the ED, reduce waiting times, and to ease the waiting room numbers.   

 

Figure 3-34 shows the results of the simulation with the variation of the OCP.  

Essentially there are only slight increases in performance from when the waiting 

room has to have 50 patients to open the overflow beds compared with opening the 

overflow beds for greater than 15 patients.  Significant performance increase only 

comes when the extra beds get used with an OCP level of 7 or less.  Seven people 

waiting is not overcrowded and is, in essence, adding additional permanent 

treatment areas to the ED if the policy were to use these overflow areas when seven 

or more people were waiting. 
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Figure 3-34 WT Performance of Overflow Critical Point Variations 

3.5.5 Fast Track 

The fast track simulations included variations in: 
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 Operational hours; 

 Use of current sub-acute bed or addition of a fast track bed; 

 Treatment time limits; and 

 Categories treated within the fast track. 

 

The results for when Category 5 patients only were treated in the Fast Track Unit 

were not supportive of this option.  The only improvement was for the Category 5 

patients (who only make up less than 7% of the total presentations and almost 30% 

of these don‟t wait for treatment).  However with this improvement came no 

improvement in the overall waiting time performance, with decreases seen in 

Categories 3 and 4. 

 

Figure 3-35 shows the results when Category 5 patients are fast-tracked using a 

current sub-acute bed.  Improvement is seen for these patients however the system 

overall is worse off and there is a negative impact on Category 4 patients. 
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Figure 3-35 Fast Track - 1 Current bed for Category 5 Only 
 

When the same situation is tested using an additional bed (so as to not take away a 

bed from higher categories) the results are still worse as seen in Figure 3-36. Again 

Category 5 patients do have an increase in performance; however this is still at the 

cost of the higher acuity categories.   
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WT Performance with 1 Fast Track Unit

(Using Additional Bed; Category 5 Patients Only)
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Figure 3-36 Fast Track - 1 Additional Bed for Category 5 Only 
 

Incorporating two Fast Track units into the system by adapting two of the current 

sub-acute beds for use only by Category 5 patients resulted in an a greater negative 

impact to the overall system as expected (shown in Figure 3-37).  The Category 5 

patients have a huge increase in waiting time performance but the system 

performance is inferior across any variations of treatment times and operational 

hours as expected, due to fewer beds in the ED for Category 3 and 4 patients, who 

represent much more of the population than the Category 5 patients.  
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Figure 3-37 Fast Track - 2 Current Beds for Category 5 Only 
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Even when the Fast Track Units are additional to the current beds there is still only 

noticeable improvement for the Category 5 patients, with the effect not rippling 

through the system, as seen in Figure 3-38.  There is some overall improvement 

when any Category 5 patient is seen through the FT however in these situations the 

Category 4 patients are continuing to have WT performances lower than the current 

values. 

 

When both Category 4 and Category 5 patients were treated through a single Fast 

Track Unit there was overall improvement.  The improvements under these 

conditions resulted in more uniform rises and falls in WT performance across the 

categories, as opposed to previous decreases in some categories with the increases 

of Category 5 performance.  Allowing treatment of all Category 4 and 5 patients 

using a current bed designated for the FT improved results overall with a better 

performance recorded when the FT unit was open only during the day hours (see 

Figure 3-39).  
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Figure 3-38 Fast Track - 2 Additional Beds for Category 5 Only 
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Figure 3-39 Fast Track - 1 Current Bed for Category 4 & 5 Patients 
 

Similar results were seen in Figure 3-40, when an additional bed was used, which 

would suggest that it is just as good to use a current bed and implement a system 

where it is designated for Category 4 and 5 patients during certain hours, than to 

consume space, time, and financial resources by adding a bed for the purposes of 

the FT. 
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Figure 3-40 Fast Track - 1 Additional Bed for Category 4 & 5 Patients 
 

Using two FT units resulted in optimal performance only when the beds were 

additional to the current number of beds.  Using current beds (see Figure 3-41) 

resulted in decreased performance, regardless of the other parameters, as the 
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withdrawal of these two beds from general use impacted the system more 

negatively than the benefits of the Fast Track unit. 
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Figure 3-41 Fast Track - 2 Current Beds for Category 4 & 5 Patients 
 

The WT performance of Category 3, 4, and 5 patients and the overall system was 

improved with the addition of two beds for the treatment of Category 4 and 5 

patients when there were no restrictions on treatment time, as seen in Figure 3-42.   

The performances were better when the FT unit (with two beds) was open 24 hours 

as opposed to only from 9am to 6pm. 
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Figure 3-42 Fast Track - 2 Additional Beds for Category 4 & 5 Patients 
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To compare performance a classification scheme was developed to represent the 

fast track system: 

 

Let / / / /N B H C TT  represent the Fast Track model as follows: 

 N – Number of Fast Track Units; 

 B – Beds Used are either Current (0) or Additional (1); 

 H – Hours of Operation is either all day (24hrs) or 9am-6pm (9hrs); 

 C – Categories treated include Category 5 only (5) or Categories 4 and 5 

(4+5); 

 TT – Treatment Times of patients allowed in the FT are all (∞), less than 2 

hours (120min) or less than 1 hour (60min). 

 

Table 3-4 is the legend for the variations within the Fast Track option using the 

created / / / /N B H C TT system. 

 

Table 3-4 Fast Track Variation Legend 

Label FT Variation 

0 0/0/0/0/0 

1 1/0/24/5/∞ 

2 1/0/9/5/∞ 

3 1/1/24/5/∞ 

4 1/1/9/5/∞ 

5 1/0/24/4+5/∞ 

6 1/0/9/4+5/∞ 

7 1/1/24/4+5/∞ 

8 1/1/9/4+5/∞ 

9 2/0/24/5/∞ 

10 2/0/9/5/∞ 

11 2/1/24/5/∞ 

12 2/1/9/5/∞ 

13 2/0/24/4+5/∞ 

14 2/0/9/4+5/∞ 

15 2/1/24/4+5/∞ 

16 2/1/9/4+5/∞ 
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Figure 3-43 shows the overall performance of each variation when there are no 

restrictions on treatment time; the consistently highest performing variation within 

the treatment time options.   

 

 

Figure 3-43 Fast Track Overall WT Performance 

 

The Fast Track unit was most successful when two units were installed in addition to 

the existing beds and allowed for Category 4 and 5 patients with any treatment time 

to be treated in the FT.  Operating the FT with these conditions for 24 hours a day 

proved to be more beneficial than only for the hours 9am – 6pm however this 

situation also outperformed other situations substantially.  The treatment of both 

Category 4 and Category 5 patients under any conditions also had substantial 

increases as opposed to the benchmark results and particularly in comparison to 

only allowing Category 5 patients to enter the FT.  A situation to clearly avoid is 

trying to utilise two of the existing sub-acute beds for a FT unit treating only 

Category 5 patients.  The only state under which the utilisation of two current beds 

for a FT unit is viable is when both Category 4 and 5 patients are treated 24 hours a 

day in this unit. 
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3.5.6 Crisis Days 

The effect of crisis days on the system was analysed.  The benchmark figures are 

the result of 100 runs with no crisis and each level of influx of crisis patients was run 

for 100 times and the averages were used.  The simulation was run for 8 weeks to 

best capture the effects of the crisis days.  Table 3-5 shows the results for the crisis 

day increase in patients to the acute area.  The overall waiting time (WT) 

performance drops from 36.7% of patients seen within the recommended waiting 

time to 30.6%.  The system does handle a 50% increase fairly well as a once off 

event.  All the crisis day patients were Category 2 patients. 

 

Table 3-5 Crisis Day 

 Increase W
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0% 95.64 81.07 30.96 21.75 19.27 36.68 61.30 37.76 36.76 

50% 95.37 75.75 29.22 19.02 16.80 34.44 58.74 35.69 39.41 

100% 95.23 70.52 27.15 16.42 14.92 32.13 55.91 34.07 42.31 

150% 95.11 66.26 26.98 16.74 16.16 31.83 54.01 33.72 44.30 

200% 94.34 62.08 25.68 16.71 15.54 30.60 51.52 33.18 46.85 

 

3.6 Optimisation using Simulation Outputs 

The Extend software package has an optimiser function that allows the user to input 

an objective function, variables to be optimised (within set limits), constraints, and 

optimisation parameters.  The optimiser runs the simulation model numerous times 

with different parameters within the constraints given to search the solution space 

and determine a satisfactory solution.  The Extend Optimizer uses a heuristic known 

as Evolution Strategies which performs significantly faster than the Genetic 

Algorithm and has a greater likelihood of finding a global optimum.  Evolution 

Strategies follow the natural laws of mutation and selection and were created to find 

solutions of technical optimisation problems.  Fogel (1994) describes the origins of 

Evolution Strategies and how it arose from Darwinian evolution theory by observing 

that evolved biota show optimisation at every level.  Darwin‟s theory, as discussed 

by Fogel, is based on essential characteristics that biological species solved, and 

included characteristics of chaos and nonlinear interactivity within the processes of 

reproduction, mutation, competition, and selection.  It is this randomness of 
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mutations and process of selection that is applied to optimisation to find better global 

results.   

 

The optimiser tool can be lengthy to run and at this stage only some objectives from 

the multiple criterion objectives were selected to keep the run time within a workable 

timeframe.  The outcomes to minimise included the total time that beds are not in 

use, the time that overflow treatment areas are used, the total time where doctors 

are not utilised, and the waiting time – both total tardiness and the number of tardy 

jobs.  The objective function could be to minimise an individual factor, a combination 

of these factors, or a weighted combination of the factors.  The modeller chooses 

the variables that can be varied within given limits to optimise the objective function.  

Additional constraints are added to the optimiser as required.  The objective function 

allows for multi-criteria objectives to be evaluated and weighted as necessary.   

 

The simulation model developed was extended to include optimisation tools.  At this 

stage only initial optimisation of the system has been investigated with a limited 

subset of objectives, variables, and constraints.  The optimiser tool is 

computationally expensive and as the number of parameters grows the CPU time 

rapidly increases.  Questions to consider regarding the waiting time indicators are: 

 Should the tardiness of the triage categories be weighted or is all excess 

waiting time of equal value? 

 When measuring waiting time performance should unsatisfactory waiting 

time be considered as simple difference from the recommended time or as a 

ratio of excess time to recommended response time (RRT)? 

 Is the number of tardy jobs a better measure than tardiness or does this 

create a situation where a patient ahead in the queue may wait additional 

time as a more recently arriving patient can be seen in the RRT and jump the 

queue? 

 What performance measure is more realistic for health care staff to be able 

to monitor with the intention of improving in the application? 

 

The optimiser tool uses the outputs of the simulation model and a genetic algorithm 

to reach an improved solution.   
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3.6.1 The  Model 

Decision Variables 

 Number of Beds of Type ,( 1,2,...,6) ib i i  

1: Resuscitation; 2: Acute; 3: Sub-Acute; 4: Minor Procedure; 5: Corridors; 6: 

Sub-Acute Recliner Overflow Chairs. 

jtd Number of type j doctors available in time period , ( 1.. )t t nt  

1: Interns; 2: Junior Residents; 3: Senior Residents; 4: Registrars; 5: Senior 

Registrars; 6: Consultants. 

 

The main variable that was considered at this stage is the number of acute, sub-

acute and minor procedure beds in the ED.  Resuscitation beds were not altered as 

they are deliberately under-utilised and not negotiable on this minimum number.  At 

this stage the other main variable that was considered in the optimisation process 

was physician availability.   

 

Parameters 

jUB Utilisation of Bed Type j 

jLBL Lower Bed Limit of Bed Type j 

jUBL Upper Bed Limit of Bed Type j 

MaxUBL Upper Bed Limit for sum of standard beds 

itAD Available type i doctor minutes in time period t 

 iUDL  Upper Daily Limit of Doctor Minutes of Type i 

itUD Utilisation of doctor i in time period t 

kWT Waiting Time of patient k 

kATS Triage Category of patient k 

kT Tardiness of patient k 

kTS Tardy status of patient k 

kTC Total Number of Tardy Jobs in Category k 

UBC = Upper Bed Cost for the current system based on the costing ratios used in 

the simulation. 
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Defined Constants 

nt  Number of time periods in a day 

 imulation length in minutes

 imulation length in days

 Number of patients treated in ED

 Number of doctor types

m

d

sl S

sl S

np

nd

 

j Cost of Bed Type j 

k Weighting for Category k Tardiness and Number of Tardy Jobs 

 

Multi-Objectives 

The objective functions (Equations 1 – 7) can be individually optimised, or a 

combination of two or more criteria, weighting as desired.   

 

Minimise Unused Bed Time 

4

1

(1 )j j m

j

b UB sl         {1} 

 

Equation 1 measures the total number of minutes that the main bed types 

(resuscitation, acute, sub-acute, and minor procedure) are unoccupied and therefore 

unutilised.  Minimising unused bed use is extremely important as treatment areas 

and equipment are both expensive and a constrained resource. 

 

Minimise Utilisation of Overflow Treatment Areas 

6

5

j j m

j

b UB sl         {2} 

 

Equation 2 is the number of minutes that patients are treated in overflow treatment 

areas (corridor spaces and recliner chairs).  Use of these areas is undesirable as it 

reduces patient privacy, indicates overcrowding in the ED, stretches limited 

resources, and reduces the equipment and procedures available to the patient while 

being treated in the corridor.  Maximising the utilisation of physicians is crucial to the 

improved running of the ED. 
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Minimise Unused Doctor Time 

1 1

nt nd

it it it

t i

AD UD d           {3} 

Equation 3 minimises the total unused physician time.   

 

Minimise Waiting Time – Total Tardiness 

np

k

kT
1

          {4} 

 

 

Waiting Time – Total Number of Tardy Jobs 

np

k

kTS
1

         {5} 

 

A main indicator in the ED is excessive waiting time and Equations 4 and 5 measure 

the tardiness and number of tardy jobs respectively.  The number of tardy jobs is the 

main indicator used in Australian EDs.   

 

Minimise Waiting Room Queue at end of simulation 

WRQ - In the simulation model the tardiness of patients is not calculated until 

an exact time can be calculated.  That is, after they have left the 

waiting room queue.  This objective forces the model to continue to 

feed patients through the system and not reduce tardiness by simply 

not processing patients. 

 

Minimise Weighted Total Number of Tardy Jobs 

 
5

1

k k

k

TC          {6} 

 

Equation 6 allows for the number of tardy jobs of each ATS category to be weighted, 

placing more weight on higher category jobs being tardy if desired.  Minimising the 

cost of treatment areas is an important criteria that must be part of a multi-criteria 

objective.   
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Minimise Cost of Treatment Areas 

 
6

1

j j

j

b          {7} 

The cost of treatment areas is minimised with Equation 7.   

 

Subject to: 

Equations 8 to 14 are the constraints on the system and the variables themselves.   

 

Bed constraints 

j j jLBL b UBL         {8} 

4

1

j Max

j

b UBL         {9} 

 

Equations 8 and 9 are bed constraints that limit individual treatment areas within a 

range and ensure that the total number of beds is less than the upper bed limit of 

the ED.   

 

Doctor Constraints 

 
1

 
nt

it i

t

AD UDL                  {10} 

Equation 10 ensures that the optimisation uses less than the upper limit of doctor 

time available.   

 

 

Utilisation Constraints 

0 1,jUB j                  {11} 

0 1,iUD i                  {12} 

 

OR techniques are often required to optimise the system without adding resources 

but to use the resources available as efficiently as possible.  The bed and doctor 

constraints are using the available area and funding to optimise the ED.  Equations 

11 and 12 restrict the utilisation values to realistic values for both bed and doctor 

utilisation respectively. 
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Tardiness Calculations – 

 

 Recommended Response Times for each Triage Category

0

10

30

60

120

kATSR

 

0,max ATSkk RWTT                                       {13} 

 

The tardiness of a job is calculated by Equation 13 ensuring a non-negative value 

and only calculating time spent waiting past the recommended waiting time. 

 

Constraints on the Number of Tardy Jobs  

 

  Tardy       WTPatient  1;

TardyNot   WTPatient  ;0

k

k
Tk                           {14} 

 

Equation 14 restricts the value of the tardy variable to a binary number with a value 

of 1 representing the patient being tardy. 

 

The main constraints in the optimisation were the number of beds and the cost of 

the beds.  The number of beds is limited by staffing limitations, physical space in the 

ED, and other resources available to ensure that treatment time is not going to be 

sufficiently increased or patient care compromised by more patients being treated 

than can be adequately catered for by the system.  The number of acute, sub-acute, 

and minor-procedure beds was limited to an additional 10% bed increase while 

maintaining no additional cost in treatment areas than the current scenario.  At this 

time the bed costs in the simulation are subjective and relative to each other and the 

in order to maintain a limit on treatment areas while allowing, for instance, an acute 

bed to be swapped for two sub-acute beds.  This ratio of two to one is a logical 

assumption based on physical space, nursing requirements, and equipment in the 

room, and suffices the purposes at this stage.  However, the procurement of more 

accurate and detailed bed costs is continuing. 

 

The optimisation model focused on determining the best mix of treatment areas 

given the same physical space and costing budget.  Critical points for bed levels of 
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each type of bed were determined.  The level for acute beds had most impact on the 

system with the number of current beds being the optimal number of acute beds.  

Optimisation runs included using tardiness, number of tardy jobs and weighted 

measures of both of these as objective functions.  The optimisation model used the 

simulation outputs to determine the optimal bed configuration within the constraints 

of the given system.  The combination of simulation and optimisation models was an 

effective tool for investigating and improving the flow of patients through the ED.  

Multiple objectives could be optimised and the use of the combination was a 

valuable technique. 

 

Different weights were applied to each category (see Table 3-6) to determine the 

effect on the optimisation solution of the percent of tardy jobs.  The different 

weightings examined included equal ratios of the tardiness of each category, a 

linear ratio applied on triage severity, and a weighting based on average number of 

presentations of each category, i.e. categories with more presenting patients have a 

higher weighting. 

 

Table 3-6 Multi-criteria Objective Weights 

Australasian 

Triage Scale 

Weighting variants 

Equal Priority 
Arrival 

Frequency 

Category 1 0.2000 0.3333 0.0169 

Category 2 0.2000 0.2667 0.1425 

Category 3 0.2000 0.2000 0.4738 

Category 4 0.2000 0.1333 0.2989 

Category 5 0.2000 0.0667 0.0679 

 

The tight constraint for the number of the resuscitation beds was relaxed allowing  

1 resuscitation beds. The objective was to minimise average waiting times.  

Additionally the bed mix was determined by weighting the number of beds according 

to the space and resources they use.  The results from the weighted multi-criteria 

optimisation model are given in Table 3-7.  Each weighting chose to replace a 

resuscitation bed with a mix of acute and sub-acute beds and this resulted in the 

system‟s performance being substantially increased.  It was interesting to note that 

the optimisation using the triage priority weighting selected additional sub-acute 

beds.  The higher categories were still seen within very similar times but the 
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performance of the lower categories was not as high as the other optimisation 

models, probably due to the lack of other available resources. 

 

Table 3-7 Optimisation Results 

Optimisation Model Results      

Number of Runs: 100   

Simulation Length: 129600 minutes  

 

Overall 
Equal 

Weighting 

Triage 

Priority 

Weighting 

Arrival 

Frequency 

Weighting 

Decision 

Variables 

Resuscitation Beds 3 3 3 3 

Acute Beds 14 14 13 14 

Sub-Acute Beds 7 7 8 7 

Corridor 8 10 7 12 

Optimisation 

Details 

Convergence (%) 95.67% 94.02% 96.08% 93.45% 

Time (min) 402 2310 524 1950 

Total Cases 215 1000 259 1000 

Total Samples 1518 8603 2316 7256 

Objective 

Function 

Sample Mean 110.64 157.04 94.94 123.28 

Standard Deviation 
35.45 61.97 51.05 34.16 

Non-Tardy Jobs       

(Mean %)  

Category 1 93.28% 93.38% 93.94% 93.57% 

Category 2 79.43% 79.88% 79.48% 79.72% 

Category 3 52.93% 53.79% 51.30% 52.90% 

Category 4 52.12% 53.30% 50.05% 52.19% 

Category 5 53.75% 55.34% 51.61% 54.14% 

Overall 57.57% 58.46% 56.07% 57.62% 

Resource 

Utilisation 

(Mean %) 

Resuscitation 15.90% 15.61% 15.52% 15.48% 

Acute 65.83% 65.40% 66.12% 65.60% 

Sub-Acute 88.70% 88.76% 87.63% 88.68% 

Corridor  18.97% 15.00% 19.18% 12.77% 

Intern 86.97% 86.97% 86.50% 86.95% 

Junior Resident 78.95% 78.81% 78.24% 79.01% 

Senior Resident 65.61% 65.35% 66.51% 65.68% 

 

It was concluded from the optimisation results that given the scenario and current 

resources, the current number of standard treatment areas was better with fewer 

overflow spaces enabling the system to perform as before or better.  However, since 

the overflow treatment areas are only used for imminently life threatening cases and 

are not actually taking up space while being in a non-used state, it is recommended 
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to maintain the current level of overflow spaces for emergency use to ensure 

adequate response in high demand times.  Additionally, relaxing constraints on the 

number of resuscitation beds resulted in increases of performance by almost 50%.  

It is therefore recommended that the necessity of the number of resuscitation rooms 

be evaluated to determine whether patient lives would be put at risk by reducing this 

figure.  Access block was also significantly reduced by the alteration.  Future work 

will optimise the system by looking at the multiple resources in the system and the 

flexibility of shift times to increase performance and determine a more complete 

multi-criteria objective model using performance indicators not currently in use in the 

ED such as resource utilisation. 

3.6.2 Termination Conditions 

The termination conditions of the system are if either the convergence factor or the 

maximum number of cases is reached.  These values are 95% and 1000 

respectively.  The optimisation model can take between a minimum of one hour to 

run and up to 72 hours. 

3.6.3 Optimisation Using Simulation Results 

When optimising tardiness the number of treatment areas returned the same as the 

current value with the exception of fewer overflow treatment areas.  The system 

performed as well as the current system in terms of waiting time performance 

measures.  Using a combination of objectives including number of tardy jobs, the 

size of the waiting room queue at the end of the simulation, and a weighted bed 

cost, the optimal individual bed numbers output were within 1 bed of original system 

values and also with reduced overflow areas required for a range of weightings of 

the objectives and varying bed cost ratios.  Performance of the system was 

satisfactory and comparable to the original simulation performance.  It is put forward 

that the current bed mix is optimal given the current constraints on the system and 

other variables need to be included in the optimisation process to improve the 

system, either in conjunction with optimisation of bed numbers or separately. 

 

As the optimiser runs, the objective value and convergence are displayed (see 

Figure 3-44).  The current decision variables and parameter values are shown in the 

control panel. 
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Figure 3-44 Optimisation Cost and Convergence Values 

 

The main optimisation models were concerned with the number of tardy jobs and 

bed numbers.  Other optimisations included weighting the tardy jobs and varying the 

cost ratios of treatment types.  Squaring the size of the waiting room queue put 

emphasis on the model to continue to push patients through in order to calculate 

tardy jobs, not just not treat patients to record high performance levels (as jobs are 

only recorded as tardy when their tardiness value is able to be calculated from an 

initial treatment time). 

3.7 Conclusions 

The simulation model was advantageous in analysing and replicating the ED 

system.  It allowed a range of variations and changes to the system to be performed 

and analysed the system without disruption and so avoided potential adverse 

affects.  The model analysed variables within the system including bed and doctor 

numbers.  Alternative scenarios that were explored were variation of the Overflow 

Critical Point, Fast Track Alternatives, Low and Non-urgent Units, and shift 

modifications. 

 

The levels of the sub-acute, acute, and minor procedure beds were tested from a 

total of 10 beds through to 30 beds and compared with the performance of the 

current 20 beds.  It was observed that there were two critical points worth noting 
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about bed numbers.  The first is the  5 bed range.  Outside of this range the 

changes to the system were minimal, with substantial impacts on the system being 

seen within this range.  The second interesting point with regard to bed numbers 

was the critical level of 13 acute beds.  Within each band of bed number testing, 

where variations between bed types occurred, there was little improvement with 

more than 13 acute beds being used, and little deterioration from 13 acute beds to 

12. 

 

Both the addition and deletion of each shift was explored to determine the impact on 

the ED.  The addition and removal of each shift appeared to have an inverse affect 

for each category.  The shifts with the greatest impact were the night shifts of all 

physicians, with considerable improvements when night shifts were added and 

decreased performance when they were not available.  The late shifts showed the 

next substantial diversion from the standard model.  The maximum benefit from day 

shift additions was 1% and the removal of the day interns, junior residents and 

consultants was small.  This lead to an investigation into the rearrangement of 

doctor shifts. 

 

When a day physician was altered to do a night shift the system performance 

dramatically improved for each physician type and combinations of altered physician 

shifts only enhanced the improvement.  Both bed and doctor utilisations increased 

(with the exception of interns when the intern shift was altered) with daily bed usage 

hours increasing a minimum of 8 hours for intern changes to a huge 17 additional 

daily bed hours when all three (intern, resident, and registrar) shifts were altered 

simultaneously.   

 

The overflow beds were generally only used when Category 2 patients presented 

and needed a bed.  A variation to this policy was investigated to see if an Overflow 

Critical Point could be determined that would result in these treatment areas being 

utilised to reduce overcrowding and improve the flow of the system.  It was revealed 

that this policy was not effective and it was better to only use these areas as needed 

for the more urgent cases. 

 

The patients who have the longest waits and who can often go backwards in the 

queue are the lower categories, that is, Category 4 and 5 patients.  Both of the 

alternative scenarios aimed at improving the flow for these patients, who often 
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require less treatment time and smaller procedures but can have access blocks to 

the system, were successful under certain conditions.  The Fast Track Unit (FT) 

options only used doctors already in the system.  The FT option explored a number 

of variations that included using current beds in the system and creating a new FT 

area with additional treatment facilities.  The best performing FT option was when 

two fast track areas were added to the ED and allowed the treatment of both 

Category 4 and 5 patients.  A critical result was the inclusion of both of these lower 

categories and not restricting the FT to Category 5 patients only (as they account for 

less than 5% of the patients treated in the ED). 

 

It was concluded from the optimisation results (convergence of 95.3%) that, given 

the scenario and current resources, the current number of standard treatment areas 

was optimal with less overflow spaces enabling the system to perform as before or 

better.  However, since the overflow treatment areas are only used for imminently 

life threatening cases and are not actually taking up space while being in non-used 

existence, it is recommended to maintain the current level of overflow spaces for 

emergency use to ensure adequate response in high demand times. 

 

Further research could make more use of the optimisation model allowing it to best 

select shift times, for example.  The objective function would need to be determined 

using multi-criteria objective techniques as well as expanding the model to include 

the optimisation of other resources and a more detailed approach to the integrated 

system. 

 

This chapter gave a very detailed view of the simulation model that was developed 

to replicate the system in order to be able to implement changes to the model and 

see the outcome that would be expected in the ED.  Simulation models are very 

useful as they enable the user to study a variety of changes to the ED without the 

actual disruption to the ED itself.  Additionally the simulation model allows the 

analysis to occur in minutes rather than months or years, as in the real life system. 
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An analytical model was developed to schedule the ED.  This method will allow 

advanced scheduling techniques to be applied to optimise the system.  This chapter 

gives this analytical model as well as an exact solution technique.  Given that the 

exact solution technique can only be used for small problems it is shown that this 

problem needs to make use of heuristics and metaheuristics for improvement to the 

system.  Additionally, a multi-criteria model is given. 

4.1 Introduction 

Optimal resource allocation and increased performance in the ED using advanced 

scheduling techniques and metaheuristics is a task that has not yet been presented.  

The simulation previously shown has definite benefits for the ED and will allow more 

scientific means of decision making for the allocation of resources and patient flow.  

However using analytical techniques will take this problem beyond the horizon of 

what is known for improving this delicate and complex system.  The scheduling 

techniques will treat the ED like a flow shop with patients being the jobs and the 

resources (beds, doctors, nurses, diagnostic equipment) being the machines.  

Scheduling the ED relies on the ability to predict ED demand.  This thesis has 

shown distributions that fit both arrival and treatment times.  It does not go into the 

prediction of ED demand however it uses generated data and the knowledge from 

other sources that the demand can be predicted (Jones et al., 2009; McCarthy et al., 

2008; Ong et al., 2005; Fisher et al., 2005).  The ability to predict demand in the ED 

is a contentious issue but the scheduling work here is advancing scheduling 

techniques and could be applied in other areas in addition to the ED.  

 

The ED can be set up like a flow shop scheduling problem as follows: 

 It is a flow shop scheduling problem as patients flow through the system in 

the same order (e.g. triage, treatment, post treatment waiting time); 

 There is a set of I jobs (patients) 1,2,...,i I ; 

 There is a set of M machines (beds) 1,2,...,m M ; 

 A set of J operations (a patient requires multiple steps/tasks in the ED) – 

each associated with a machine ,i jo M   

 Each job and operation have a processing time ,i jp ; 

 Each operation must be assigned a starting time that follows precedence 

constraints and ready times of jobs - ,i jr ; 
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 Each operation can be performed on one machine and each machine can 

only perform one operation at a time.  That is , 1i jo  must start after ,i jo ; 

 The aim is to minimise total tardiness – that is, the sum of the time spent 

waiting for the treatment to start after the recommended waiting time had 

elapsed - ,1

1

I

i

i

T ; 

 The problem can be described as | ; ; |j j j jPm r d p T .  It is a two stage 

problem with parallel machines at each stage, with unique ready, processing, 

and due date times, and the goal is to minimise the total tardiness. 

 

Figure 4-1 shows an example of the schedule for processing jobs on the machines 

(or treating patients in beds).  All patients are triaged at arrival, machines 1 – 3 (M1 

– M3) are for the first stage of treatment and machines 4 and 5 are for the second 

stage of treatment.  As can be seen the second stage can‟t start until the first stage 

has finished or the current job on that machine has finished.  Section 4.5 gives the 

full notation and details of the model. 

 

                  

 Triage 1  2 3  4  5 6        

 M1  1 3 4       

 M2    2  5      

 M3          6      

 M4     1  2   4 6  

 M5        3    5    

                  
Figure 4-1 Scheduling Example 

4.1.1 Difficulty of the Problem 

Solving the scheduling of the ED is NP (non-deterministic polynomial-time hard) 

hard and the complexity of the problem is increased by the multiple resources, the 

relationships between the resources, the stochastic nature of the system, and 

external influences outside the control of the ED.  The system is further complicated 

by being a non-terminating system with little control over the on-line arrivals and with 

a policy that every patient/job must be seen.   

4.1.2 Exact Solution Techniques 

Exact solution techniques may be determined for a simplified system with a reduced 

number of jobs, machines, and constraints.  This will be useful for comparing 
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solutions of heuristic methods, however the ability to process the problem rapidly 

becomes computationally expensive. 

 

Jiang and Shi (2005) applied a branch and cut algorithm for the critical path method 

in resource constrained project scheduling.  The developed exact solution technique 

gives the shortest makespan for multiple resource constraints.  The method 

constructs a tree, eliminating branches that produce worse alternatives, and growing 

new branches that represent better feasible solutions.  By only branching from better 

schedules as opposed to equal or better alternatives a minimum number of 

branches are generated thus reducing the computation time.  Consideration of good 

suboptimal solutions should be used to balance performance and CPU time 

however the enumerated branch-and-cut algorithm proposed ran in satisfactory time 

on a contemporary personal computer.   

4.1.3 Justification for use of Heuristics and Metaheuristics 

The system will be optimised using advanced constraint scheduling and sequencing 

techniques and will be verified and validated by using the simulation model and real-

life observation. 

 

According to Pinedo (2002) scheduling has the goal of optimising the objectives and 

is a decision-making process to manage the allocation of scarce resources.  The 

approach to optimising the ED efficiency will include using exact solution 

techniques.  Exact solution techniques include employing a job shop approach 

where patients and services are synonymous with jobs and machines respectively.  

Pinedo describes a job shop as having a set number of machines and each job has 

its unique predetermined route to follow.  This parallels to the ED system with 

patients‟ routes being able to be predetermined after the initial consultation.  The 

routes will however not be able to be completely predetermined as subsequent 

services will depend on the outcomes of previous services‟ results (e.g. imaging and 

phlebotomy studies), which increases the complexity of the system.  The system will 

also be an on-line system since the set of jobs for a period are not known prior to 

the start of the period but arrive stochastically.   

 

Since the ED is a non-terminating system the objective will not be the common goal 

of minimising the makespan, but alternative performance measures are employed 

such as tardiness, lateness, machine utilisation and total costs (Johnson & 

Montgomery, 1974).  Johnson and Montgomery detail several approaches to job 
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shop scheduling that may be included in the optimisation of the ED efficiency 

including critical path method, program evaluation and review technique, and 

assembly line balancing.  Job shop approaches featured by Pinedo (2002) include 

disjunctive programming and branch and bound method, and the shifting bottleneck 

heuristic.  Pinedo also describes the stochastic nature of operations within the job 

shop environment and the increasing complexity to the system that is introduced 

when job-machine service times are not predetermined but are stochastic 

processes.  It is reported that little research attention has been given for stochastic 

job shops with more than two machines, and that there is an absence of heuristics 

developed for implementation.   

 

Our problem can be defined as | ; ; |j j j jPm r d p T  with the characteristics as 

follows: 

 

Our problem has a set of N independent jobs 1 2, ,..., NJ J J   {1} 

Each job has an associated unique processing time jp    {2} 

Each job has an associated unique ready time jr     {3} 

Each job has an associated unique due date jd     {4} 

There are Fm  independent parallel machines  ( 1 23; 3m m ) {5} 

The objective is to minimise the total tardiness 
1

N

j

j

T    {6} 

The first problem is a one stage scheduling problem 1F    {7} 

The second problem is a two stage scheduling problem 2F   {8} 

 

Blazewicz et al. (2008) present metaheuristic approaches for two machine flow shop 

problems.  The jobs all have a common due date and the weighted late work criteria 

is the objective to minimise.  Metaheuristics were used as the problem is NP-hard.  

Naderi (2009) applied an improved simulated annealing algorithm (SA) to a hybrid 

flow shop scheduling problem.  The problem is NP-hard and therefore justified the 

use of heuristics and metaheuristics.  The objectives were total completion times 

and total tardiness.  Nearchou (2004) applies SA to the NP-hard problem of the flow 

shop scheduling problem.  The goal here is minimising the makespan.  Garey 

(1976) proves that the mean flow time minimisation problem for two machines is 

NP-complete.  Also shown is that a shortest length schedule in an m-machine 
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flowshop is NP-hard for m ≥ 3.  Our problem with parallel machines at each stage is 

considered to be NP-hard.  The no wait constraint also ensures that the Flow Shop 

Scheduling Problem (FSSP) is NP-hard for m ≥ 2.  The characteristics that make 

our problem more complex than:  

 Blazewicz et al. (2008) - {characteristics 4 and 5};  

 Nearchou (2004) - {characteristic 6}; and  

 Garey (1976) - {characteristic 5}. 

 

Saadani et al. (2003) investigate the no-idle flow shop scenario and propose a 

heuristic aiming to minimise the makespan.  The F3||Cmax problem is proved to be 

NP-hard.  Brucker and Kravchenko (2005) show that a one-stage problem with 

parallel machines trying to minimise tardiness, with the jobs having ready times and 

equal duration, is the maximum polynomial solvable case.  Therefore, given we are 

requiring a two stage system with jobs having independent times we can say that 

our problem is NP-hard.  These are the characteristics that make our problem more 

complex than: 

 Saadani et al. (2003) – {characteristic 6}; and 

 Brucker and Kravchenko (2005) – {characteristics 4, 5, and 6}. 

 

Baptiste and Timkovsky (2004) show that a two stage flow shop with precedence 

constraints, ready times, and all durations equal to one, is the maximum polynomial 

solvable case when minimising the sum of completion times.  Our problem has 

parallel machines at each stage, unique processing times, unique due dates and 

measures tardiness, therefore our problem is NP-hard.  These are the 

characteristics that make our problem more complex than:  

 Babtiste and Timkovsky (2004) – {characteristics 2, 3, 5, and 6}. 

 

Lenstra (1978) showed that precedence constraints introduced on one machine, 

minimising tardiness is NP-hard, even when all processing times are equal.  Lenstra 

(1977) showed that a two stage flow shop with ready times and minimising the 

makespan is NP-hard.  Our problem has identical parallel  machines at each stage 

making it a more complex system and therefore NP-hard. Minimising the total 

tardiness on one machine has been shown to be NP-hard in the strong sense 

(Lawler, 1977; Lenstra et al., 1977).  Our problem is a generalisation of P2||Cmax 

and P2|ri|Cmax and both are NP-hard, therefore our problem is NP-hard and the 
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use of metaheuristics and heuristics are justified.  These are the characteristics that 

make our problem more complex than:  

 Lenstra (1978) – {characteristics 2 and 5};  and 

 Lenstra (1977) – {characteristics 5 and 6}. 

 

Du and Leung (1990) show that the total tardiness problem for one machine is NP-

hard.  They show that the total earliness problem is equivalent to the total tardiness 

problem in complexity and approach for one machine.  These are the characteristics 

that make our problem more complex than:  

 Du and Leung (1990) – {characteristic 5}. 

 

Therefore we can justify the use of heuristics and metaheuristics for our problems 

as it is by extension NP-hard.  A one machine problem with independent due dates 

and unique processing times is NP-hard.  Our initial problem has m parallel 

machines, unique ready times in addition to the unique due date times, unique 

processing times, and the objective criterion being to minimise tardiness.  Therefore 

our problem is greater in complexity than the proven NP-hard problem and is NP-

hard.  Our second stage flow shop scheduling problem has all of the above criteria 

plus has two stages with both stages having parallel machines and precedence 

constraints existing between the stages.  Therefore our two stage problem is NP-

hard and requires the use of heuristics and metaheuristics. 

4.2 Literature Review  

An innovative proposal to optimise the ED is to treat it as a stochastic flow shop 

scheduling problem with pre-emption and recycling.  In the ED system, not only are 

the arrivals randomly distributed, but also the processing times for services are 

stochastic.  The assumption is made that the distributions of the processing times 

are known in advance.  These are determined from collected data of the ED.  Each 

machine can have a different distribution for job processing times dependent on the 

type of job.  This new way of seeing the ED will endeavour to both devise new 

heuristics and solutions and to investigate heuristics and metaheuristics currently 

proposed in job shop scheduling.  The main aspects of the ED that imitate flow shop 

scheduling factors that will need to be considered in the proposed model are: 

 The use of parallel machines - doctors can treat more than one patient at a 

time and this depends on level of experience, access to resources and 

patient acuity and needs. 
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 Stochastic processing times – the stochastic nature of treatment times for 

procedures, resources, waiting, consultations, etc. will need to be applied to 

the model using stochastic flow shop techniques. 

 Pre-emption – flow shop scheduling techniques can include pre-emption 

(disrupting one job to start another) as it is common in the ED for treatment 

of a patient to be suspended due to a more urgent need arising.  The initial 

procedure may be able to be resumed or may need to be restarted 

depending on the situation. 

 On-line system – The demands on the system are not known until they 

occur and the solution programs will need to be able to schedule the 

system without knowledge of demand for the entire period.  This requires 

more advanced techniques than off-line scheduling where the entire 

demand is known in advance and can be optimally scheduled using general 

techniques. 

 Machine constraints – capacity constraints of doctors, shift times, and 

break times etc. 

4.2.1 Online Scheduling 

Adzakpa et al. (2004) applied heuristics to the online job shop scheduling problem.  

The system considered maintenance activities that disrupt schedules but are subject 

to a number of constraints.  Job shop problems can target the minimisation of 

queues, assignment of jobs to machines, and economic benefit.  The machine 

maintenance scheduling that was analysed is stochastic in nature forming an online 

scheduling system.  The maintenance in this system is not performed periodically 

but rather as wear and tear reaches a certain level or if breakdown occurs.  The 

algorithm proposed had a low complexity using a heuristic and was able to 

determine the minimum number of resources required.  It was designed as an online 

decision making tool. 

4.2.2 Pre-emption 

Anderson et al. (2001) studied the job shop scheduling problem with pre-emption.  

This had applications for computer systems, treating both the CPU processing 

power and input/output processing power as the machines.  An improved bound 

was determined with the developed algorithm that was claimed to be better than 

previous known bounds of the pre-emptive two-machine job shop problem.  Pre-

emption allows jobs to be interrupted for the machine to process another job and 
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resume the original job as the schedule determines.  The algorithm aimed to 

minimise the makespan.  

4.2.3 Stochastic Flow Shop 

A stochastic flow shop with m machines is optimised using heuristics and 

metaheuristics by Gourgand et al. (2003).  A combination between metaheuristics 

and heuristics with a performance evaluation model was used to solve the 

stochastic model.  The performance evaluation model was more efficient using a 

simulation model.  Stochastic influences in job shop scheduling come not only as 

demand requirements but as random events that disrupt the process such as 

including machine breakdown, operator unavailability, and changes to due dates.  

Incorporating the stochastic nature into the scheduling is more realistic in many 

situations than a deterministic model.  Gourgand et al. consider the classical 

stochastic flow shop where job release dates are not known in advance (online), 

machines can break down, and processing times are modelled by independent 

random variables.  Iterative improvement methods and performance evaluation 

techniques are combined to solve the stochastic flow shop problem for m machines 

in reasonable computational time. 

4.2.4 Parallel Machines 

Mokotoff (2004) considered the classical deterministic scheduling problem with 

parallel machines without pre-emption and present an exact cutting plane algorithm 

to minimise the makespan.  The efficient convergence of the algorithm relies on 

determining good lower and upper bounds which is a crucial step in the proposed 

method.  The algorithm performed well compared to general methods and produced 

efficient and quality solutions.  Job allocation to parallel machines is common in 

industry and some examples given include patients in hospitals and production 

lines.  In the parallel machine system the jobs can be processed on any of the 

machines which perform identical functions.  Although the system given by Mokotoff 

is for identical parallel machines, systems where machines operate at different 

speeds are very applicable to the ED, as experience in doctors is linked with 

efficiency and capacity constraints. 

4.2.5 Robust and Reactive Scheduling 

Reactive scheduling is also known as rescheduling and must occur when 

unexpected events occur after a schedule has already been generated and 

implementation has been initiated.  The original objectives are still kept with the 
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additional objective of trying to make the revised schedule similar to the original 

schedule to reduce confusion.  One method is to put all operations that haven‟t been 

started into the job pool and reschedule as with the original situation.  One 

disadvantage of this schedule is that it may differ widely from the original schedule 

and cause confusion.  Small disruptions may be able to be inserted with minimal 

change and the schedule optimised for those operations it directly affects.  Major 

disruptions however tend to require substantial rescheduling; particularly if a 

machine breaks down as an entire workload has to be shifted to alternative 

machines (Pinedo, 2002).   

 

Robustness is the tendency of a schedule to anticipate random events and result in 

minimal disruptions to the system.  It is a difficult indicator to measure and can be 

more accurately determined if the probabilities of the random events are known in 

advance.  A more robust schedule should be invested in when there is a higher 

probability of random events occurring and the reactive scheduling is not too 

complex to use and is sufficiently computationally efficient.  Several steps can 

increase the robustness of a schedule.  These include: 

 inserting idle times;  

 scheduling less flexible jobs first;  

 not unnecessarily postponing operations; and  

 having a number of jobs waiting ready for machines that are highly utilised. 

 

Scheduling idle times for the machines allows the insertion of unexpected events, 

catch up times, and greater flexibility in the schedule to insert the additional jobs 

with minimal disruptions.  Scheduling machines below capacity has two common 

alternatives.  These are to either schedule longer down times later in the schedule 

as compared with earlier in the schedule, or to evenly distribute slack time.  The 

reasoning behind a progressive down time scheduling method is that there may be a 

smaller probability of disruption earlier in the schedule.  The argument for even 

down times throughout the duration of the schedule is that although the chance of a 

random event occurring may be smaller at the beginning of the schedule the impact 

if one occurs earlier is greater.  By scheduling the least flexible jobs first, when a 

disruption occurs the more flexible jobs remain, allowing a more optimal schedule to 

be determined.  Unnecessary postponement conflicts with the tendency to avoid 

earliness penalties by starting as late as possible.  By starting the operations as 

soon as possible the robustness of the schedule is increased.  There is a trade-off 

for robustness and avoiding earliness penalties and the weight given to the 
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importance of each will be situation dependent.  In the ED scenario there are no 

earliness penalties and the focus on this sliding scale will be completely on 

robustness.  By having jobs waiting for highly utilised machines, or bottleneck 

machines, disruptions are less likely to affect the bottleneck machines as it will be 

able to continue processing and hopefully the system has been able to handle the 

disruption by the time the bottleneck machines are finished their backlog and there 

will be jobs arriving for those machines (Pinedo, 2002). 

 

Petrovic and Duenas (2006) developed a robust reactive schedule for a parallel 

machine scheduling problem for a pottery company with glaze shortage being an 

uncertain disruption.  Both the disruptions and durations were modelled and a two-

step decision support system was presented.  Both a predictive and a rescheduling 

step were considered.  The predictive scheduling step allocates idle times in the 

machine schedules to try and absorb the disruptions.  Rescheduling occurs when 

the duration of the glaze shortage is too long to be absorbed without significant 

disruption.   

 

Beraldi et al. (2004) studied the stochastic ambulance system with the aim to 

determine a robust schedule for the optimum system including number of vehicles, 

location of waiting vehicles, and overall cost.  Decision making in health care is a 

complex matter requiring the balancing of quality and costs.  The problem was 

approached as a stochastic programming problem with probabilistic constraints to 

design the robust system.  By embracing the stochastic nature of the problem the 

designed system was then able to work effectively and robustly. 

 

Hans et al. (2008) aimed to maximise utilisation and minimise cancellations in an 

operating theatre.  A robust schedule was designed to assign patients to operating 

theatres and staff.  To increase the robustness of the schedule slack time was 

scheduled based on the stochastic nature of surgery lengths.  Only planned 

surgeries (elective) were studied for the off-line problem.  The emergency surgeries 

were not considered but operating theatre time available was reduced to try to 

compensate for this.  Both constructive and local search heuristics were presented 

that improved performance of the operating theatres schedules. 

 

Scheduling approaches are often deterministic and do not consider the stochastic 

nature of many real world situations.  Herroelen and Leus (2005) review some 

fundamental approaches to scheduling under uncertainty.  These are: reactive 
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scheduling, stochastic project scheduling, fuzzy project scheduling, robust 

scheduling and sensitivity analysis.  Reactive scheduling does not offer an initial 

baseline schedule but attempts to minimise disruption by rescheduling when 

unexpected events occur.  Stochastic project scheduling tries to schedule activities 

with uncertain durations using stochastic resource-constrained project scheduling by 

having scheduling policies, using brand and bound methods, and applying 

heuristics.  Stochastic activity interruptions, the stochastic discrete time/cost trade-

off problem and the multi-mode trade-off problems in stochastic networks are also 

optimised using stochastic project scheduling.  Fuzzy project scheduling is used 

when historical data is not precise or determinable and fuzzy numbers are used to 

model activity durations as opposed to stochastic variables.  Fault tolerance 

measures the resistance of the system to overall system failure due to unexpected 

events.  Robust scheduling (or proactive scheduling) attempts to improve the fault 

tolerance, or robustness, of the system by incorporating system failure into the 

original schedule using information from distributions of previous stochastic events.  

Sensitivity analysis is a fairly recent approach to machine scheduling and attempts 

to find the limits of the system and other answers to possible events and changes in 

the system. 

 

Wang (2005) applied a reactive scheduling method to repair disrupted schedules in 

a product development setting.  Product development is a critical part of industries 

and bringing products to market and effectively managing the product development 

projects is essential.  Unexpected events are a frequent occurrence and research 

and development organisations need to be able to efficiently recover from 

unexpected events.  Original schedules are developed and the method applied is a 

reactive schedule designed to repair damaged schedules.  The problem was treated 

as a dynamic constraint satisfaction problem where it can be assumed that all 

variables and constraints are known prior to the initial scheduling and do not vary.  

The approach is that all stochastic events are additions or deletions of constraints to 

the original scheduling problem and may include the following: the shift of an 

activity, a change in activity duration, changes in certain resource capacities, and 

the addition or removal of a temporal constraint.  The reactive schedule uses two 

metaheuristic approaches – simulated annealing and genetic algorithms – to resolve 

a disrupted schedule.   

 

Mendez and Cerda (2004) investigated reactive scheduling for a continuous time 

domain.  For this instance they proposed that a full reschedule is not optimal but it is 
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preferable to perform smaller resource-task reassignment and local reordering of 

tasks, keeping the size of the rescheduling problem feasible. 

 

Reactive scheduling was applied to the distribution of hydrogen among plants and 

customers with interconnecting pipelines by van den Heever and Grossmann 

(2003).  An integrated approach combining planning and scheduling optimisation 

was formed to regulate the supply of hydrogen by forecasting demands and 

rescheduling and re-planning at frequent regular intervals.  The method for 

optimisation of the hydrogen supply included both a multi-period mixed integer 

nonlinear programming planning and rescheduling model. 

4.3 Multi-Criteria Decision Making 

A multi-criteria objective function is determined to incorporate each of the individual 

objectives and arrive at a single objective value to compare with both different 

strategies and over time.  Often objectives are competing with each other and this 

technique determines the best analytical objective function given the relationship 

between each of the objectives.  This involves giving weightings to the different 

objectives so that the overall system is optimised. 

 

Suresh and Mohanasundraram (2006) applied simulated annealing techniques to 

optimise a multi-objective job shop problem (JSP) minimising both the makespan 

and mean flow time.  Job shop problems with more than one objective require 

different techniques than the generic scheduling algorithms for optimising one 

objective.  Pareto optimal solution scheduling techniques are applied to multi-criteria 

job shop problems by determining weights associated with each objective after 

investigating the effect that each objective has on the other objectives.  A single 

point local search metaheuristic was developed for the multi-criteria JSP combining 

the Pareto optimal set and SA methods with superior performance to alternative 

common metaheuristics. 

 

Gladish et al. (2005) studied hospital surgery schedules under a multiple criteria 

scenario with the objectives being to maximise theatre utilisation and minimise 

surgery performed outside of the hospital to maintain waiting list goals.  

Compromise programming and fuzzy logic is applied to achieve an optimal solution 

under a multi-criteria objective system.  Compromise programming determines to 

find the best-compromise schedule that aims for all objectives to have a near ideal 
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solution as to follow the motivation of human preference and gives a set of 

compromise solutions to the decision maker. 

4.3.1 Multi-Criteria Objective Function 

Decision making in this scheduling scenario requires the determination of the 

objective function taking into consideration the multiple objectives that are regularly 

investigated.  Previously the objectives were looked at separately, and relationships 

between the objectives and the mathematical amalgamation of the objectives into a 

single multi-criteria objective, is required.  The multi-criteria objective function is a 

weighted linear sum of the individual objectives. 

 

Objectives taken into consideration for the weighted objective function are: 

 Waiting time compliance percentages (additionally weighted by triage 

category) 

 Bed utilisation (additionally weighted by bed type) 

 

Each set of the above main objectives will be weighted to form the objective function 

but first an investigation into the weightings within each objective will be conducted.  

Each of the attributes is already percentages which will aid in determining the final 

objective function by already having the objectives scaled.  Comparison among the 

waiting time compliance by triage categories has a number of alternate weightings 

that could be applied.  Table 4-1 shows the three most likely applicable weightings. 

 

Table 4-1 Weightings for Triage Category Waiting Time Compliance 

Triage 

Category 

Weighting Variations 

Equal Priority 
Arrival 

Frequency 

1 0.2000 0.3333 0.0169 

2 0.2000 0.2667 0.1425 

3 0.2000 0.2000 0.4738 

4 0.2000 0.1333 0.2989 

5 0.2000 0.0667 0.0679 

 

The most basic weighting is an equal weighting.  However, given that there has 

been the triage process, it would be reasonable to assume that there are differences 

between the categories that need to be reflected in the compliance.  The priority 

based weighting creates a linear ratio directly proportional to the priority of the 
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patient‟s need for emergency treatment.  Patient satisfaction is also considered 

within the ED and it has previously been shown that this is most commonly linked 

with waiting times.  It is on this assumption that the arrival frequency weightings are 

given so that the overall patient satisfaction is reflected.  For example, since 

category 3 patients make up almost 50% of the presenting patients in the ED, it is 

reasonable to also assume that the satisfaction of this group (via waiting time 

compliance) is proportionally represented in the overall objective function. 

 

There are also considerations to be made for determining the most effective bed 

utilisation weightings.  Table 4-2 shows some of the weightings to consider in this 

situation.   

 

Table 4-2 Weightings for Bed Type Utilisation 

Bed Type Weighting Variations 

Equal Utilisation 

Ratio 

Cost Clinical 

Perspective 

Resuscitation 0.2500 0.059902 0.6667 0.1 

Acute 0.2500 0.388269 0.2222 0.7 

Sub-Acute 0.2500 0.468933 0.1111 0.5 

Corridor 0.2500 0.082896 0.0000 -0.3 

 

The consideration of all bed types being equal is a possibility in the formation of the 

objective function of bed utilisation.  However it goes against aspects of the case 

study and application in this instance.  Resuscitation beds are deliberately run at 

lower utilisations in order to instantly accommodate the demands for these beds.  

Additionally, corridor use is not preferable and is to be avoided when possible so it is 

not reasonable to rate this use as equal to a patient being seen in an acute or sub-

acute cubicle.  This has been factored in as a negative weighting to reduce the 

objective function to minimise the use of these beds unless necessary. 

 

The objective function can be represented by Equation 1.   

 

Maximise 

5 4

1 1 2 2

1 1 1

j

n

NP

k kj B

k j n

Z w TS w U                        {1} 
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4.3.2 Determining the System Objective Function 

These results are the averages (standard deviation) of 100 runs of 129,600 minutes 

(3 months) of the simulation model.  The system as it stands has the following 

outputs with the formulation of the weighted objective function shown.  Table 4-3 

gives the weightings used for this instance. 

 

Table 4-3 Multi-Criteria Objective Function Values 

Weighting Category Value Result Total 

Waiting Time TSk 1 0.3333 0.9573  

 2 0.2667 0.8098  

 3 0.2000 0.2965  

 4 0.1333 0.1972  

 5 0.0667 0.1727 0.6321 

Bed Utilisation UB Resus 0.1 0.1184  

 Acute 0.7 0.7670  

 Sub-Acute 0.5 0.9270  

 Corridor -0.3 0.1640 0.9630 

Multi-Criteria Objective 

Function 
TS 0.50 0.3161  

 UB 0.50 0.4815 0.7976 

 

The objective value of the current model is therefore 0.7976 (note that the range of 

the single objective function is from 0 to 1 inclusive).  This is the value that can now 

be monitored with any changes to the system, and may be used to decide if the 

variation is more efficient and results in increased patient flow.  A value of 0 would 

mean there is zero value for both waiting time performance and bed utilisation.  A 

value of 1 would indicated that both waiting time performance and bed utilisation are 

operating at optimal capacity. 

4.4 General Mathematical Model for Multi-Stage Flow Shop 

Scheduling Problems 

A deterministic binary integer programming model was developed to schedule the 

patients in the ED.  This system is a parallel machine flow shop problem with dual 

resources.  On one hand a bed is required for the duration of stay in the ED (with 

the exception of process 1 – triage) and at the same time a staff resource is 

required.  The model is as given: 
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Notation: 

,

:  patients, 1,...,

:  processes (stages), 1,...,

:  staff resource required for patient  for process (parallel machine resource), 1,...,

:  bed resource required for patient (parallel ma

i j

i

i i I

j j J

k i j k K

b i chine resource), {1.. }

:  time period, 1,...,

b B

t t T

, : waiting time of patient  before process i jw i j  

,

: ready / arrival time of patient , {1,..., }

:  processing time of patient  for task 

i i

i j

r i r T

p i j
 

, ,:  starting time of process  for patient , {1,..., }

: triage category of patient , {1,...,5}

: resource required by process 

       1:  Triage Staff; 2: Doctor; 3: Nurse;

i j i j

i i

j

j

s j i s T

c i c

g j

g

 

, , ,

, , ,

:  binary sequence variable

     1  process  of patient  is started before process  of patient 

i j ii jj

i j ii jj

sq

sq if j i jj i
 

:  Binary variable to ensure simultaneous use of resources

:  Binary variable to ensure logical relationships

 number of  type beds

 number of  type staff

u

v

b

k

 

 

Variables: 

, , ,

, , ,

: status of patient  for process  in bed  in time period 

0,  Patient  is not in bed  in time period  for process 
      

1,  Patient  is in bed  in time period  for process   

i j b t

i j b t

y i j b t

i b t j
y

i b t j

, , ,

, , ,

   

:  status of patient  using resource  for process  in time period 

0,  Patient  is not scheduled to resource  for process  in time period 
      

1,  Patient  is scheduled to

i j k t

i j k t

x i k j t

i k j t
x

i  resource  for process  in time period      k j t
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Objective: 

Minimise Total Waiting Time 

 

,

1 1

, ,2 , , 1 , 1

3

 Z     

                 

I J

i j

i j

J

i j i i i j i j i j

j

Minimise w

where w s r s s p        {1}

 

 

Constraints: 

Start time of job j is greater than or equal to the ready time 

,1 , ,1, ,

1

 , 1, 2,..., ,  1
K

i i i j i k t
t

k

s r i I where s Min x     {2} 

 

Task k+1 starts after task k finishes 

, , , 1

, , , ,

1

  , 1,2,..., ; 1,2,..., 1

         1, 1,2,...,

i j i j i j
K

i j i j k t
t

k

s p s i I j J

where s Min x t T
    {3} 

 

Beds are used as required by triage category c 

1

1 1 2

1 2 1 2 3

1 , 1                                 

1 , 2 3                 , 1,2,...,

1 , 4 5

i i

i i i

i i

b b c

b b b b b c i I

b b b b b b c

   {4} 

 

Staff are used as required for each process k 

1

1 1 2

1 2 1 2 3

1 , 1                            

1 , 2                 , 1, 2,...,

1 , 3

i j

i i j

i j

k k g

k k k k k g i I

k k k k k k g

   {5} 

 

Ensure that each bed is only occupied by 1 patient and ensures that each patient 

only occupies 1 bed. 

, , ,

1

, , ,

1

1, 1,2,..., ; 1, 2,..., ; 1, 2,...,

1, 1,2,..., ; 1, 2,..., ; 1, 2,...,

I

i j b t

i

B

i j b t

b

y j J b B t T

y j J i I t T

    {6} 
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Ensure that each patient does not change between beds of the same type 

 
, , ,

3

,2, ,

( 2) 1000

1000 (1 )                   , 1,2,..., ; 1,2,..., ; 1,2,...,

J

i j b t

j

i b t

y J v

y v i I b B t T

  {7} 

 

Makes sure each patient is scheduled exactly once to each resource for each 

process, and ensures that each resource is only used by one patient at a time. 

, , ,

1 1

, , ,

1

1, 1,2,..., ; 1,2,...,

1, 1,2,..., ; 1,2,..., ; 1,2,...,

J K

i j k t

j k

I
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i

x i I t T

x j J k K t T

    {8} 

 

Ensure that both beds and staff resources are being used simultaneously as 

required. 

, , , , , ,

1 1

, , ,

1

, , ,

1

 1    1  , 1, 2,..., ; 2,3,..., ; 1, 2,...,

1 1000

1000(1 )

K B
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k
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 {9} 

 

Ensure that each process is sequenced to beds and doctors correctly 

 

, , , , , , , ,

, , , , , , , ,

( ) 10000(1 )

        1,2,..., ; 1,2,..., ; 1,2,..., ; 1,2,..., ; 1,2,...,

( ) 10000(1 )

        1,2,..., ; 1,2,..., ; 1,2,

ii jj i j i j b i j i j ii jj

ii jj i j i j k i j i j ii jj

s s y p sq

i I j J ii I jj J b B

s s x p sq

i I j J ii ..., ; 1,2,..., ; 1,2,...,I jj J k K

        {10} 

 

Logical relationship between assignment and sequencing variables 
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, , , , , , , , , ,

, , , , , ,
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sq sq x x j jj

sq sq y y j jj

else

sq sq x x

sq sq , , , , 1j i j b ii jj by y

end

              

1,2,..., ; 1,2,..., ; 1,2,..., ; 1,2,..., ; 1,2,..., ; 1,2,...,i I ii I j J jj J k K b B
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             {11} 

 

The variable , , , ,

1

min
{ 1, 1.. }

K

i j i j k t

k

s x t T
t

 from Equation 3 will now be explained 

in more detail.  Assuming process j is being done to patient i using staff resource k 

over several time periods, say 3,4,5t  and process 1j  is occurring when 

6,7t .  This is shown by Figure 4-2. 

Resource k

Resource k'

t 1 2 3 4 5 6 7 8

i,j

i,j+1

 

Figure 4-2 Starting Time Variable 

 

Since process j is completed during 3,4,5t , , , ,3 , , ,4 , , ,5

1 1 1

, ,  and 
K K K

i j k i j k i j k

k k k

x x x  all 

equal 1 and for all other values of t equals 0, hence the minimum t value is 3,  

therefore , 3i js .  Likewise for process 1j , , , ,6 , , ,7

1 1

1 and 1
K K

i j k i j k

k k

x x  while 

the summation is zero for all other values of t, therefore , 1 6i js . 

4.4.1 Alternative Objectives 

These are the main objectives.  These objectives can work in unison or in opposition 

to each other.  The effects of each criterion will be determined to ascertain an 

objective function. 

 

Minimise Waiting in Queue 

Min 1

1

pN

i

i

W                    {12} 
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Equation 12 represents the time waiting in the queue for an initial consultation.  This 

is where patients tend to experience the most frustration and the times that hospitals 

across the nation and globe measure performance.   

 

Minimise Tardiness of Patients’ Waiting Time in Queue 

 Min 
1

pN

i

i

T                    {13} 

Equation 13 measures the total number of excess minutes that patients wait in the 

waiting room before being seen. 

 

Minimise Number of Tardy Jobs 

Min 
1

pN

i

i

TS                      {14} 

Equation 14 measures the number of patients who were not seen within the 

recommended timeframe.  Additionally this objective can be weighted by triage 

category.  The percentage of tardy jobs is the key measure of ED performance by 

Qld Health.  While it is important to use objectives known by different groups in the 

system it is also important to branch out and search for more suitable and 

encompassing objective functions.  

 

 

Minimise Lateness 

 Min 
1

pN

i

i

L                     {15} 

Equation 15 measures the total number of minutes the system made patients wait 

before being seen, with negative values acceptable for patients seen before their 

due date. 

 

Maximise Utilisation of Doctors / Machines 

 Max 
1

d

m

N

D

m

U                    {16} 

Equation 16 measures the utilisation of machines in the system.  Staff costs are a 

major expense in the ED and the utilisation of this resource is vital for patient care, 

efficiency, and minimisation of costs. 

 

 



178 
 

Maximise Utilisation of Treatment Areas 

 Max 
1

b

n

N

B

n

U                   {17} 

Equation 17 maximises the utilisation of beds in the department.  Space is also a 

key factor in the department and is a scarce resource that is costly.  Efficient use of 

the space and equipment is vital to patient flow and utilisation of other resources. 

 

Minimise Length of Stay (Flow Time) 

 Min 
1

pN

i

i

F                    {18} 

Equation 18 aims to minimise the flow time of jobs through the system.  This 

encompasses both waiting time and processing time of jobs. 

 

Doctor Shifts 

There are two schedules to consider with the doctor shifts.  Initially a robust 

schedule of the optimal shifts needs to be determined.  Following this the reactive 

schedule for assigning patients to doctors and beds will need to be developed.  

Additional information is to be sourced regarding doctor breaks, the lengths of these 

breaks, the time, and the flexibility in that time.  Also a more defined overtime policy 

needs to be determined.  It is generally preferred for the staff to not do overtime due 

to costs and staff wellbeing. 

 

There must always be at least one of each type of doctor registered on.  The 

assignment of interns, residents, and registrars at any given time of day must be 

balanced.  Interns require sufficient supervision access to residents and registrars, 

residents require sufficient access to registrars.  

 

The formulation of the constraints for the doctor schedules is being developed and is 

waiting on more information regarding the constraints. 
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, i                                                                       {19, 20} 

To ensure patients are seen within the shift times constraints 19 and 20 are 

required.  Initially a schedule will be determined to avoid overtime and then the 
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constraints may need to be relaxed and minimising overtime will form part of the 

objective function. 

 

Figure 4-3 shows the current shifts of interns, residents, and registrars working 

throughout the weekdays. 

 

Machine  

number
Resource
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2 Intern 2

3 Intern 3
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13 Resident 5

14 Resident 6

15 Resident 7
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19 Registrar 4

20 Registrar 5

21 Registrar 6

22 Nurse 1 (Res)

23 Nurse 2 (A)

24 Nurse 3 (A)
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Figure 4-3 Doctor Shifts in the ED 
 

The initial robust schedule determining the optimum shifts for doctors will need to 

take into account the current regulations and system constraints, including minimum 

and maximum shift lengths, ratios of senior to junior staff, minimum number of 

staffing levels throughout day etc. 

 

Bottleneck of Admission to Wards 

Observation of the system and data analysis will be undertaken to define the 

bottlenecks of the system.  In particular observation regarding the transfer to an 

inpatient bed and the bottleneck at this point will occur.  The assignment of patients 

to hospital beds is outside of the ED control and they have little say in which patient 

is to go to a bed next.  At this stage of observation from the ED the queuing 

characteristics for inpatient beds is hard to determine.  It is obvious that some 

patients require specific wards which may limit their options and available beds (e.g. 

Intensive Care Unit, Cardiac, Infectious Diseases etc) but a large group of patients 

can be treated in a general medical ward.  From observation and the opinion of 

experts, patients that are in line for the same destination are not necessarily 

admitted based on order of arrival.  
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Patient Processes 

Patient processes need to be further evaluated with observation and information 

from medical and nursing staff.  Additionally, once the patient paths have been 

developed, distributions for processing times will need to be observed and 

determined.  These processes, that may be repeated or skipped as necessary, 

could include: 

 Initial consultation – Primary Doctor 

 Blood tests – Nurse 

 X-rays 

 Case discussed with Experienced Doctor – Primary Doctor and Experienced 

Doctor 

 Medication - Nurse 

 Procedure – Primary Doctor 

 Arrange medical / surgical consult – Primary Doctor and Experienced Doctor 

 Consultation – Primary Doctor and Experienced Doctor 

 Discharge Decision - Primary Doctor and Experienced Doctor 

 Discharge – Primary Doctor 

 Paperwork – Primary Doctor 

 

A resident doctor is more experienced than an intern, while a registrar is more 

experienced than a resident.  Complexity of the schedule is increased by the dual 

resource utilisation for certain processes.  That is, two or more machines will be in 

use simultaneously for the same process.  For example discussing the case with the 

experienced doctor will need to be scheduled for both the junior and senior doctor at 

the same time.  This is a unique situation to be applied to scheduling techniques and 

will involve many challenges. 

4.5 Exact Solution Approach 

The ED was set up like a dynamic, dual resource flow shop with patients as the jobs 

and beds and staff resources as the dual machines. CPLEX was used to find an 

optimal solution to the problem.  Patients require both a bed and varying staff 

resources throughout their stay in the ED.  Beds are assigned based on triage 

category.  Details of triage category and bed required are given in Table 4-4. 
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Table 4-4 Bed Requirements 

Triage Category Bed Required 

1 Resuscitation 

2 Acute 

3 Acute 

4 Sub Acute 

5 Sub Acute 

 

Patients encountered 8 processes in their flow through the model as given in Table 

4-5.  In addition to requiring a bed for tasks 2 → 8 a staff resource is required for 

each process.  The staff resource required is given as well. 

 

Table 4-5 Patient Processes 

Task # Task Resource 

1 Registration / Triage 
Triage 

Staff 

2 Initial Consultation Doctor 

3 Diagnostic Studies Nurse 

4 Treatment Nurse 

5 Consultation Doctor 

6 Specialist Wait Nurse 

7 
Specialist 

Consultation 
Doctor 

8 Bed Wait Nurse 

 

Patients requiring inpatient admission will have time allocated for all eight tasks 

however patients that are treated and discharged home will only have times for 

tasks 1 to 5 and will have zero times in tasks 6, 7, and 8.  Figure 4-4 shows the 

patient flow in the system.  In this diagram the treatment time represents tasks 2, 3, 

4, and 5.   
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Figure 4-4 Patient Flow through the Model 

 

Patients require both a bed and a staff resource for each task throughout their stay 

in the ED, except for the triage and registration which does not require a bed.  An 

example of how patients use the dual resources is given in Figure 4-5 for six arriving 

patients.  Note that patient six only has tasks 1→5 as specialist consultation and 

waiting for an inpatient bed was not required as the patient was discharged home.  

In Figure 4-5 ,i j represents patient i requiring process j. 

 

Triage 1,1 4,1

Doctor 1,5 1,7 4,5 4,7

Nurse 1,8 4,8

Triage 2,1 5,1

Doctor 2,5 2,7 5,5 5,7

Nurse 2,8 5,8

Triage 3,1 6,1

Doctor 3,5 3,7 6,2 6,5

Nurse 3,8 6,3 6,4
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Task #

1

2

3

4

5

6

7

8 Bed Wait

Task

5,4 5,6

Resource

Triage

Bed 3

Doctor

Nurse

Nurse

Doctor

Nurse

Doctor

Nurse

1,3

Bed 1

Bed 2

Registration / Triage

Initial Consultation

Diagnostic Studies

Treatment

Consultation

Specialist Wait

Specialist Consult

1,2

1,4 1,6

2,2

2,3 2,4 2,6

4,6

3,4 3,6

4,2

4,3 4,4

3,2

3,3

5,2

5,3

 

Figure 4-5 Patients Use of dual resources 

 

A model was formulated in CPLEX (v9.0) using OPL Studio (v3.7) in order to 

determine an exact solution to the optimisation of the ED.  The CPLEX model is 

attached as Appendix 8.  Inputs for the model include the total number of patients 

and processes, the number of available resources (each type of bed and staff 

resource), the staff resource required for each process, the duration of each 

process, triage category of each patient, and the arrival times (ready times) of each 
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patient.  Outputs include the objective value, other measures of performance or 

interest (e.g. average waiting time, average flow time, etc.), the start time of each 

process, and the values for the binary variables, x and y.   

 

A small example will be used to show the process, inputs, and outputs.  Appendix 9 

gives the data file that will be used for the model.  By having the model input data 

from a separate file it allows the same model to be used for multiple data sets with 

ease.  In the example used there are 10 patients with 3 processes.  The objective 

value for this data set is 88.  The solving time of the problem is 135.16s.  There are 

1504 variables with 114, 234 constraints.  It can be seen from the model that the 

number of variables and constraints will quickly escalate with an increase in the 

number of patients and processes.  The output as given by OPL Studio/Matlab code 

is attached as Appendix 10.  An output file is also generated that can be input into 

Matlab code written to graphically represent the solution.  The vertical lines indicate 

arrival times.  Graphical representation of the use of the beds and staff resources is 

shown in Figure 4-6 and Figure 4-7 respectively.   

 

The patient data was generated from distributions determined from the real-life 

system.  This included arrival times and treatment times that were then split into the 

number of processes required for each data set.   

 

The CPLEX model runs of out memory and is unable to output a solution for the 

data given once 14 patients have been reached with only 3 processes.  Figure 4-8 

shows the exponential increase in time with the increase in number of patients.  This 

is with patients arriving in a random fashion.  If all patients are present at the start of 

the problem the capacity of the program is reduced and it can handle even less 

patients.   
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Figure 4-8 CPU Time for Variation of Number of Patients 
 

The number of variables and constraints within the system dramatically increase 

with each patient arrival and these figures are given in Table 4-6. 

 

Table 4-6 Variables and Constraints for 3 Processes 

Patients Variables Constraints 

1 73 1138 

2 160 4560 

3 265 10266 

4 388 18260 

5 529 28540 

6 688 41104 

7 865 55954 

8 1060 73092 

9 1273 92514 

10 1504 114224 

11 1753 138220 

12 2020 164502 

13 2305 193070 

14 2608 223922 
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Additionally the number of processes that could be handled by the CPLEX program 

for the model was investigated using only 8 patients.  The results from this are given 

in Table 4-7.  The number of constraints quickly escalates as does the processing 

time with each increase in the number of processes that each patient requires.  As 

can be seen from the table, CPLEX was unable to process 6 processes for only 8 

patients.   

 

Table 4-7 Variation of Number of Processes 

Processes Resource CPU Time Variables Constraints 

1 2 3.05 276 8060 

2 1,2 5.16 604 32512 

3 1,2,3 8.25 1060 73092 

4 1,2,3,2 85.00 1644 129936 

5 1,2,3,2,3 296.44 2356 203028 

6 1,2,3,3,2,3 out of memory 3196 292376 

 

The ability to find an exact solution is very limited by the problem size and is not 

realistic.  Therefore the use of constructive heuristics and metaheuristics are 

investigated in order to be able to find a near optimal solution for problems with both 

more patients and processes, this is more applicable to the real world problem. 

 

This chapter presented the analytical model that was developed for the ED system.  

Justification for the use of heuristic and metaheuristic methods was given and a 

multi-criteria decision making model given.  This model is the basis of chapters 

seven and eight and gives the objective functions to be optimised as well as the 

constraints and variables of the model. 
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5. CONSTRUCTIVE HEURISTICS 
 

5.1 Introduction 

 

5.2 Determining the Number of Runs 

 

5.3 Access Block 

 

5.4 Waiting Time Performance (Non Tardy Jobs) 

 

5.5 Bed Utilisation 

 

5.6 Average Length of Stay 

 

5.7 Tardiness 

 

5.8 Schedule Processing Time 

 

5.9 Variation of Acute Beds 

 

5.10 Category 3 Patients using Acute / Subacute Beds 

 

5.11 Multi-criteria Objective Value 

 

5.12 Comparison of CPLEX and Constructive Heuristic Solutions 

 

5.13 Conclusions 

 



188 
 

PUBLICATIONS ARISING FROM CHAPTER 5: 

 

Diefenbach, M. and Kozan, E. (under review). A methodology to optimise patient 

flows at Emergency Departments by analysing combined effects of different 

admissions.  The 11th Asia Pacific Industrial Engineering and Management 

Science Conference, Malaysia. 

 

Diefenbach, M. and Kozan, E. (under review). Optimal Scheduling of the Emergency 

Department. OMEGA The International Journal of Management Science. 

 

 



189 
 

A number of scheduling models have been develop to schedule the ED taking into 

considerations the objectives, constraints, and resources of the system.  This 

chapter gives in detail the constructive heuristic algorithms and gives results for the 

different objective functions for the different constructive heuristics.  Constructive 

heuristics that perform well are the ones that use treatment times to implement the 

well known shortest processing time algorithm to reduce waiting times.  The 

constructive heuristic scheduling algorithms follow the model from the previous 

chapter, as do the metaheuristic algorithms.  All constraints are followed with the 

same objectives optimised. 

5.1 Introduction 

Robust schedules are designed for long term implementation that will determine 

aspects such as job sequencing algorithms, bed configurations, and facets of 

physician use such as shift times; balancing of patients; and resources. Reactive 

schedules will be developed to be used in real time to assess the current system 

and schedule the patients to optimise the patient flow.   

 

As is common in determining solutions of NP-hard systems, there may need to be a 

trade-off between the quality of the solution and the processing times.  This is 

particularly an issue for the real-time reactive scheduling models.  Additionally. the 

frequency of the model‟s reassessment and rescheduling of the system will be 

investigated to determine an optimal time between real-time analyses of the system.  

It is anticipated that this will be non-linear and most likely parabolic in nature. 

 

The scheduling model requires inputs that are determined from historical data.  

Statistical distributions and assignments will be determined for each characteristic 

and random data sets will be generated.  Patient data characteristics will include: 

 Inter-arrival times; 

 triage category; 

 presenting condition; 

 disease diagnosis; 

 treatment time; and 

 discharge destination. 

 

The main resources that are modelled are the beds and the doctors.  Treatment 

areas are set aside and used for specific triage categories and the patients in the 

model will follow this as depicted in Figure 5-1.  Generally Category 2 patients are 
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treated in the acute beds with a small percentage being initially treated in the 

resuscitation beds.  If arriving patients require an acute bed patients may be shifted 

to a corridor bed once their treatment has reached a stage where this is acceptable.  

Corridor beds are in the acute area and are constantly monitored but have limited 

access to the resources available in the acute cubicle such as oxygen and cardiac 

monitors. 

 

 

Figure 5-1 Patient Access to Bed Type 

 

Patients of Categories 2 - 5 may be treated primarily by any of the physicians and 

there are no restrictions with relation to interns, junior residents, or senior residents.  

Registrars and consultants primarily supervise and ensure the patient flow is 

positive, giving supervision to junior staff.  Theoretically there should be little 

difference in overall treatment time between the individual doctors as this is often 

their first experience in the ED and the learning curve is steep.  Additionally the 

registrars are ensuring overall patient care is optimal.  The time that a doctor is 

physically with a patient is often a small percentage of their overall length of stay in 

the system with treatment, nursing procedures, diagnostic studies, specialist 

consultation, and waiting for an inpatient bed contributing to the majority of the LOS.  

An example of how several patients under the care of a physician may spend their 

time in the ED is given in Figure 5-2.  Looking at a horizontal row will show at what 

stage each of the patients is at under the care of the specified doctor at that given 

point in time.  The actual time that each patient takes for each process will differ 

according to a number of characteristics including triage category, state of 

diagnosis, and presenting condition.  This highlights the physical constraints of the 

doctors in that they can only be in one place at one time and even though they can 
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be treating patients simultaneously they can only be actively involved in a process 

for a single patient at any given time.  Each time interval is not the same it is a 

diagram aimed to show the flow of patients and doctors use of time. 
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Figure 5-2 Doctor and Patient Process in ED 

 

Scheduling techniques will be applied to the system in order to achieve near optimal 

solutions.  The system will be set up as a flow shop problem with the resources 

(beds and doctors) being treated as the machines and the patients being 

synonymous with the jobs in the system.  The problem is a flow shop problem with n 

jobs, m parallel machines, and different types of machines depending on the type of 

job. 

Patient data is generated using the random generators from the simulation model 

developed previously and original data.  Arrival time, triage category, and treatment 

time characteristics are determined from the disease category of the patient.  

Admission status is determined from the triage category.  PTWT is determined from 
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the overall distribution for all patients.  Distributions are as previously outlined.  The 

bed allocation policy is for Category 1 patients to be treated in the resuscitation 

rooms; Category 2 and admitted Category 3 patients to be treated in the acute beds; 

non-admitted Category 3 patients and Categories 4 and 5 to be treated in the sub-

acute beds; and corridor beds to be used as acute overflow beds only when all the 

acute beds are in use. 

 

Initially schedules were determined under the assumption that doctors are available 

to treat patients that present provided a bed is available.  This assumption is based 

on the current system where a patient‟s treatment is aimed to start with the 

presentation to a bed.  The impact this has on the current and other patients 

treatment times is reflected in the overall treatment time.  A number of schedules 

both existing and modified were created to analyse and improve the system.  

Schedules developed in this section are reactive stochastic schedules.  The time 

interval is the frequency that the reactive schedules reassess the system and assign 

patients to beds.   

 

The generic algorithm for the schedules is: 

 

Evaluate the ED at every time period: 

For i from 1 to number of time periods 

 Create pool of waiting patients: 

 For j from 1 to number of patients 

  If patient j has arrived (Constraint Equation 2) 

   If patient j has not been treated 

    Add patient j to pool of waiting patients 

   End 

  End 

 End 

 Sort patients in order of priority: 

 For pool of waiting patients sort according to the chosen heuristic 

 Create a pool of available beds: 

 For m from 1 to number of beds  

  If release time for bed m is reached  

   Assign bed m to be available (Constraint Equation 4) 

  End 

If bed m is available  
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   Add bed to pool of available beds (Constraint Equation 4) 

  End 

 End 

 Assign patients to beds: 

 If there are waiting patients AND available beds 

  For k from 1 to number of waiting patients  

If triage category of patient k is 1 

Assign waiting patient at the beginning of the queue to 

appropriate available resuscitation bed (Constraint 

Equation 3) 

   Else if triage category of patient k is 2 

Assign waiting patient at the beginning of the queue to 

appropriate available acute bed (Constraint Equation 

3) 

Else if triage category of patient k is 3 AND admission status 

of patient k is 1 (will be admitted as an inpatient) 

(Constraint Equation 3) 

Assign waiting patient at the beginning of the queue to 

appropriate available acute bed 

Else if triage category of patient k is 3 AND admission status 

is 0 or triage category of patient k is 4 or 5 (Constraint 

Equation 3) 

Assign waiting patient at the beginning of the queue to 

appropriate available sub-acute bed (Constraint 

Equation 3) 

End 

   Assign bed as being unavailable (Constraint Equation 4) 

   Determine the release time for bed b (Constraint Equation 4) 

   Assign patient k to be treated 

  End 

 End 

End 

 

The actual code for the S-TF program is given in Appendix 11. 

 

The schedules developed were: 
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 Stochastic triage first in first out (S-TF) – schedules patients according to 

triage and then arrival times (first in first out). 

 Stochastic waiting time ratio (S-WTR) – schedules according to the 

greatest waiting time ratio.  The waiting time ratio is the current waiting time 

divided by the maximum recommended waiting time for the given triage 

category based on the Australasian Triage Scale (see Table 1-5). 

 Stochastic earliest due date (S-EDD) – schedules patients according to 

earliest due date based on Australasian Triage Scale (see Table 1-5).  

 Stochastic triage earliest due date (S-TEDD) – schedules patients 

according to earliest due date within triage categories with higher categories 

having priority. 

 Stochastic waiting time ratio with shortest processing time (S-

WTRSPT) – schedules patients according to waiting time ratio with larger 

ratios being scheduled first.  However if patients have a ratio greater than 

one these patients are scheduled according to shortest processing time.  

This time is an initial estimate and once patients are scheduled the actual 

processing time is generated randomly from the treatment time distribution 

and this time is the actual length of stay. 

 Stochastic shortest processing time (S-SPT) – schedules patients 

according to initial predicted treatment time and then an actual treatment 

time is randomly generated according to the distributions and assigned once 

treatment has begun. 

 Stochastic shortest processing time for total length of stay including 

PTWT (S-SPTLOS) – schedules patients according to initial predicted ED 

length of stay time and then an actual length of stay time is randomly 

generated according to the distributions and assigned once treatment has 

begun. 

 Stochastic triage shortest processing time (S-TSPT) – stochastically 

schedules according to triage priority and then shortest processing time. 

 Stochastic triage shortest processing time for total treatment length of 

stay (S-TSPTLOS) – schedules according to triage and then shortest 

processing time including PTWT. 

 

A small example will be given to show how the constructive heuristics work.  The 

system is reassessed at every time interval.  First the beds that are available are 

determined, and then the patients are sorted according to the heuristic.  Then 
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patients are assigned to beds.  This process is repeated every minute.  The data is 

just random data used for an example and not reflective of the ED system. 

 

As an example, at time 100 there are two beds available and 5 patients waiting as 

given in Table 5-1. 

 

Table 5-1 Constructive Heuristic Example Part a 

Patient Triage Arrival Time 
Treatment 

Time 

1 3 38 30 

2 2 78 15 

3 3 80 23 

4 2 90 6 

5 3 99 13 
 

If, following the current S-TF system where patients are sorted by triage and then on 

a first in first out basis, we would see patients ranked as shown in Table 5-2.  Here 

the two patients that would start treatment in the available beds are patients 2 and 4. 

 
Table 5-2 CH Example Part b 

Patient Triage 
Arrival 
Time 

Treatment 
Time 

Waiting 
Time  Rank 

1 3 38 30 62 3 

2 2 78 15 22 1 

3 2 80 23 20 4 

4 2 90 6 10 2 

5 3 99 13 1 5 
 

However if we were to sort according to S-WTR we would calculate the ratio of 

waiting time to the recommended maximum waiting time and sort patients from 

greatest to least as in Table 5-3.  The patients that would start treatment in the 

available beds would be patient 2 then patient 1. 

 

Table 5-3 CH Example Part c 

Patient Triage 
Arrival 
Time 

Treatment 
Time 

Waiting 
Time  

Max 
WT 

Waiting 
Time Ratio Rank 

1 3 38 30 62 30 2.07 2 

2 2 78 15 22 10 2.20 1 

3 2 80 23 20 10 2.00 3 

4 2 90 6 10 10 1.00 4 

5 3 99 13 1 30 0.03 5 
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We would then move to the next time interval (101 minutes) and assess if any beds 

had become available and sort the patients according to the heuristic.  This process 

is repeated until the end time has been reached or all patients have been treated. 

5.2 Determining the Number of Runs 

Due to the stochastic nature of the heuristics there are variations in the results.  We 

need to determine how many runs of the heuristic are sufficient to be confident in 

our results.  Figure 5-3 shows the standard deviation of the tardiness results for a 

number of heuristics as the number of runs increases.  It can be seen that the 

variation of the results settles down at around 100 runs.  Therefore each heuristic is 

run 100 times to gain results. 

 

 

Figure 5-3 Standard Deviation of Tardiness Results 

5.3 Access Block 

Figure 5-4 shows the access block for each schedule (28 days; 1 minute intervals; 

beds = [4, 13, 5]).  The best performing schedules are the S-SPT and the S-

WTRSPT. 
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Figure 5-4 Access Block 

5.4 Waiting Time Performance (Non Tardy Jobs) 

Figure 5-5 shows the waiting time performance, the percentage of non tardy jobs, 

for each schedule.  The stochastic S-SPT, S-SPTLOS, S-TSPT, S-TSPTLOS 

schedules perform better than the benchmark schedule (S-TF).   

 

 

Figure 5-5 Waiting Time Performance 
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5.5 Bed Utilisation 

Figure 5-6 shows the bed utilisation for each schedule.  Bed utilisation is similar 

across all schedules. 

 

 

Figure 5-6 Bed Utilisation 

5.6 Average Length of Stay 

Figure 5-7 shows the average length of stay for both admitted and discharged 

patients for each heuristic.  Admitted patients have less variation across the 

schedules than the discharged patients.  All proposed heuristics perform better than 

the current benchmark schedule except for S-TSPTLOS.  The S-SPT and S- 

WTRSPT schedules perform the best.  The results are different from what is 

expected in the hospital, which is that the discharged patients have a smaller 

average length of stay.  Some questions to be considered from this result are -

perhaps other situations that do not just include increasing beds or changing 

sequencing need to be considered?  Are there ways of starting discharged patients‟ 

treatment while they are waiting?  Would more sub-acute beds help? Do all of these 

patients need to be seen in a room – would a portion be able to be treated in the 

nurses‟ room? 

 



199 
 

 

Figure 5-7 Average Length of Stay 

5.7 Tardiness 

Figure 5-8 shows the tardiness for each schedule.  S-WTR, S-EDD, S-TEDD, S- 

WTRSPT, S-SPT, and S-SPTLOS all are significantly better performing than the 

current benchmark S-TF. 

 

 

Figure 5-8 Tardiness 
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Table 5-4 shows the total tardiness (minutes) for each schedule (28 days; 1 minute 

intervals; beds = [4, 13, 5] = [resuscitation, acute, subacute]).  The S-TF schedule is 

the current heuristic in the ED and as can be seen all proposed heuristics 

outperform this schedule for tardiness performance.  In these schedules category 3 

patients are treated in the acute area if they require admission and otherwise in the 

sub-acute area.  There are more patients arriving than are being seen, so patients 

not yet seen have their tardiness calculated to the end time of the period.  Future 

studies will look at balking within the system as observation and expert opinion 

suggest that patients would have balked in these queues.  Each heuristic was run 

100 times (determined previously to be the number of runs at which the system had 

settled).  The following heuristics are statistically significantly better than the current 

benchmark: S-WTR, S-EDD, S-TEDD, S-WTRSPT, S-SPT and S-SPTLOS. 

 

Table 5-4 Tardiness 

Heuristic 
Tardiness 

mean 

Minimum Maximum 

S TF (Benchmark) 417396 135935 993172 

S WTR 309669 120115 597465 

S EDD 315085 106972 777727 

S TEDD 287595 89875 621764 

S WTRSPT 282556 79928 623276 

S SPT 297236 109169 690615 

S SPTLOS 275283 106252 654062 

S TSPT 408351 160413 882504 

S TSPTLOS 406900 147692 986365 

  

Figure 5-9 shows the box plot of the tardiness results.  Heuristics that had 

statistically significantly differences in their means also had statistically significant 

differences in their medians (as seen from the non-overlapping notches). 
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Figure 5-9 Box plot of Tardiness Results 

5.8 Schedule Processing Time 

The average processing time for 100 runs of each of the schedules is given in 

Figure 5-10.  As can be seen the schedules are all performing very quickly and the 

difference considering the horizon of the schedule is negligible.  All schedules are 

very fast and have feasible processing times. 

 

  

Figure 5-10 Heuristic Schedule Processing Times 
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5.9 Variation of Number of Acute Beds 

Objectives available for each schedule are access block, waiting time performance, 

bed utilisation, tardiness, and lengths of stay for both admitted and discharged 

patients.  The following figures are from the triage-FIFO schedule run over 28 days 

with 1 minute intervals for the variation of the number of acute beds.  Resuscitation, 

sub-acute, and corridor beds equal 4, 5, and 0 respectively.  The results shown are 

the average results for 100 runs.  Access block (as shown in Figure 5-11) tends to 

stabilise around 12 - 13 acute beds for the given conditions.   

 

 

Figure 5-11 Access Block for Variation of Acute Beds 

 

The waiting time performance can be seen with the variation of the number of acute 

beds (Figure 5-12).  The system‟s performance tends to a maximum around 13 

beds. 
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Figure 5-12 WT Performance for Variation of Acute Beds 

 

The utilisation of beds for the variation of the number of acute beds shows (see 

Figure 5-13) that both the resuscitation and sub-acute beds tend to have the same 

level of utilisation having fairly constant demand and not changing with the change 

of the number of acute beds.  Acute bed utilisation does tend to drop with an 

increase in the number of beds which is to be expected since this is an inversely 

proportional relationship.  These levels of utilisation would help the decision maker 

decide what level of other performance measures are worth a reduction in acute bed 

utilisation. 
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Figure 5-13 Bed Utilisation for Variation of Number of Acute Beds 

 

Figure 5-14 shows the total tardiness for the variation of the acute beds. 

 

 

Figure 5-14 Tardiness for Variation of Acute Beds 

 

The results from varying the number of acute beds in the ED show that more has to 

be done than simply increasing the number of beds if we want to improve efficiency 

and flow in the ED.   
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5.10 Category 3 Patients using Acute/Subacute Beds 

Currently in the system it is decided on an individual level as to which Category 3 

patients are treated in the acute area.  However the question arises as to what is the 

best plan for the entire system?  Generally patients who ultimately get admitted or 

who are not ambulatory will use the acute beds and this is between 30 – 50% of 

Category 3 patients.  As can be seen in Figure 5-15 the tardiness decreases with 

the increase in the percentage of Category 3 patients treated in acute beds.    

 

 

Figure 5-15 Tardiness for Variation of Category 3 Patients in the Acute Area 

5.11 Multi-Criteria Objective Value 

The overall best performing schedules under the given multi-criteria objective 

function were the stochastic triage S-SPT and stochastic triage S-SPTLOS.  Overall 

this would make the stochastic triage S-SPT the best performing schedule on both 

multiple individual objectives and for the multi-criteria objective value given by the 

following expression: 

 



206 
 

 

5 4

1 1

0.5 0.5i i j j

i j

z WT B  

 objective value

 weights for the waiting time compliance

 weights for the bed utilisation

  Access Block

 Bed utilisation of type 

 Waiting time performance of category 

j

i

where

z

AB

B j

WT i

 

 

The results for a number of combinations of the objective weightings are given in 

Table 5-5.  As can be seen from the output in Table 5-5 the S-SPT schedule 

outperforms under each variation to the weightings of the objective values.  The WT 

performance is considered with regards to treating the triage categories equal, 

weighting higher acuity patients greater and basing the weighting on the percentage 

of arrivals.  The bed utilisation has equal weights between utilisation of resuscitation 

beds, acute beds, subacute beds and corridor beds.  It also weights according to the 

standard utilisation, an arbitrary cost value assigned based on space taken and 

equipment required, and also a clinically defined weight for each bed. 

 

Table 5-5 Multi-criteria Objective Values (z) 
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.5,.5 equal equal 38.70 37.30 37.49 37.41 37.67 47.22 47.08 40.32 40.76 

    utilisation 44.37 42.96 43.11 43.06 43.32 52.85 52.74 46.00 46.39 

    cost 35.94 34.55 34.77 34.68 34.93 44.50 44.34 37.58 38.04 

    clinical 47.46 46.05 46.17 46.14 46.41 55.93 55.83 49.09 49.48 

  priority equal 46.57 45.08 45.22 45.20 45.28 50.07 50.00 47.75 47.99 

    utilisation 52.24 50.74 50.84 50.85 50.93 55.70 55.66 53.43 53.63 

    cost 43.82 42.33 42.50 42.47 42.54 47.34 47.26 45.01 45.27 

    clinical 55.34 53.83 53.90 53.93 54.02 58.77 58.75 56.52 56.72 

  arrival equal 35.49 31.86 32.23 32.20 32.27 40.84 40.64 38.10 38.63 

    utilisation 41.16 37.53 37.86 37.84 37.92 46.47 46.30 43.77 44.26 

    cost 32.74 29.11 29.51 29.47 29.53 38.11 37.90 35.35 35.90 

    clinical 44.26 40.61 40.92 40.93 41.00 49.55 49.39 46.87 47.35 
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5.12 Comparison of CPLEX and Constructive Heuristic Solutions 

We have run a small problem on CPLEX to compare with the heuristics developed 

(10 patients x 2 beds).  The problem focused only on the acute area with category 2 

and some category 3 patients being treated and tardiness occurring after 5 and 10 

minutes respectively.  The heuristics were run 100 times each however CPLEX 

results were for one set of data as CPLEX took several hours to run while 100 runs 

of each heuristic took less than a second.  The results are shown in Figure 5-16.  

The S-SPTLOS heuristic comes closest to the CPLEX solution which is 

deterministic.  With such a small problem it is hard to compare these stochastic 

heuristics to the initial deterministic problem as the random nature of the processing 

times do not necessarily adhere to the characteristics of the data. 

 

 

Figure 5-16 Comparison of CPLEX and Heuristics 

 

5.13 Conclusions 

This chapter presented the algorithms for the constructive heuristics that quickly 

schedule the ED.  The constructive heuristics are reactive schedules that schedule 
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the system based only on the current knowledge of the ED.  That is, there is no 

advance knowledge of arrivals or their characteristics, and the patients are 

scheduled according to the heuristic.  Schedules that perform well are the S-SPT 

and the S-WTRSPT which schedule according to shortest processing time and a 

waiting time ratio with S-SPT respectively.  Additional conclusions from this chapter 

that with the given constraints and characteristics of the system the overall 

performance is improved when all category 3 patients are treated in the acute area 

of the ED (given that category 2 patients may be treated on corridor beds when 

needed which is a policy that has since changed). 



209 
 

6. METAHEURISTICS 
 

6.1 Literature Review 

 

6.1.1 Simulated Annealing 

6.1.2 Tabu Search 

6.1.3 Utilisation of Metaheuristics in Job / Flow Shop Scheduling 

 

6.2 Simulated Annealing 

 

6.2.1 Algorithm 

6.2.2 Inputs 

6.2.3 Outputs 

6.2.4 Neighbourhood Generation 

 

6.3 Single Stage Results 

 

6.3.1 Neighbourhood Generation Schemes 

6.3.2 CPU Time 

6.3.3 Temperature Analysis 

6.3.4 Number of Iterations 

6.3.5 Results for ED Data 

6.3.6 Variation of Number of Beds 

6.3.7 Variation to Treatment Times 

 

6.4 Two Stage Metaheuristics 

 

6.5 Tabu Search 

 

6.5.1 Algorithm 

6.5.2 ED Results 

6.5.3 Cpu Time 

6.5.4 Variation of Iterations 

6.5.5 Variation of Number of Neighbours 

 

 



210 
 

 

6.6 Hybrid SA and TS 
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Diefenbach, M. And Kozan, E. (under review). An innovative hybrid algorithm for the 

flow shop scheduling problem in the Emergency Department. International 
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Since the problem under study is NP-hard it will benefit from the application of 

metaheuristics to improve the system.  This chapter analyses and develops 

metaheuristics to improve the system from the current approach.  The initial 

solutions for the metaheuristics are generated from the S-TF constructive heuristic.  

This chapter will investigate the simulated annealing algorithm, the tabu search 

algorithm, develop an innovative algorithm for optimising flow shop scheduling 

problems, develop hybrid algorithms, and compare all of the above.  The main 

performance indicator from this point on will be tardiness.  This makes sense 

mathematically as each patient has a starting due date relative to their triage 

category and it also makes sense from a health/ED point of view as it is acceptable 

for patients to wait until their due date to begin treatment, but any waiting after this 

time is cause for concern. 

6.1 Literature Review 

A metaheuristic is “a high-level strategy that guides other heuristics in a search for 

feasible solutions” (National Institute of Standards and Technology, 2005).  The aim 

of a metaheuristics is to search for globally optimal solutions as opposed to 

heuristics which quickly find a local optimum (Van Hentenryck and Michel, 2005).   

6.1.1 Simulated Annealing 

The simulated annealing (SA) algorithm generates a feasible solution by a small 

perturbation in either the sequence of jobs or the sequence of machines (Leung, 

2004).  The SA technique endeavours to avoid being trapped in a local minimum, 

which is a problem that can occur with iterative improvement methods.  This is due 

to the method incorporating randomisation in the selection of the next solution step 

(Brucker, 1995).  A disadvantage of the SA technique is that previous solutions can 

be re-visited.   

 

Suresh and Mohanasundaram (2006) applied SA to the multi-criteria objective job 

shop problem combining with Pareto optimal solution techniques.  To avoid the 

known problem of SA obtaining non-improving solutions, the metaheuristic applied 

maintained a FIFO queue of previous candidates and encouraged a different search 

trajectory when the method was encountering continuous non-improving solutions. 

6.1.2 Tabu Search  

The tabu search (TS) method avoids the revisiting problem by storing previously 

visited solutions in a list, the tabu list, and will only consider new solutions if they 
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have not been previously visited (Brucker, 1995).  At each step the algorithm 

redefines the neighbourhood of possible solutions and selects the best solution from 

these options.  The storage of the lists can become computationally expensive and 

alternatives to storing a complete list are offered, including only storing certain 

attributes of the solution, and storing only recent solutions (Glover et al., 1993). 

 

Watson et al. (2006) analysed the tabu search algorithm for the traditional job shop 

scheduling problem.  Tabu search has consistently returned high quality solutions 

since its emergence and is a well known metaheuristic for application to job shop 

problems.  Nowicki and Smutnicki (2005) developed their TSAB tabu search 

algorithm in 1993 and this had significant impacts on the speed and effectiveness of 

the algorithm.  The later-developed i-TSAB outperformed all other metaheuristics 

significantly and is almost entirely deterministic.  The N5 move operator is 

determined to be the key factor in advanced performance along with a balance of 

intensification and diversification.  Including the N5 operator allows the tabu search 

to ignore continuous non-improving solutions and it is suggested that to implement 

the N5 operator with other metaheuristics may be worthwhile investigating.  The use 

of long-term memory in tabu search is currently one of the characteristics that 

separate it from other metaheuristics and has been suggested that this strategy is of 

such benefit that it should be included in all metaheuristics. 

6.1.3 Utilisation of Metaheuristics in Job/Flow Shop Scheduling  

Metaheuristics have been successfully employed and compared in job shop and 

flow shop models in a number of additional instances by various authors, as 

summarised in the list below: 

 Blazewicz et al. (2008) compared the use of three metaheuristics to each 

other and an exact approach on an NP-hard two-machine flow shop problem 

with weighted late work criterion and a common due date.  A simulated 

annealing method, tabu search method, and the variable neighbourhood 

search method were used to schedule the flow shop.  The best average 

efficiency was the simulated annealing and a variable neighbourhood search 

– simulated annealing approach.  The tabu search and a variable 

neighbourhood search & tabu search algorithm also performed quite well.  

Performances were better when a list schedule was initially generated by an 

algorithm and then improved upon. 

 Nearchou (2004) proposed a new hybrid simulated annealing algorithm to 

solve the flow shop problem using the simulated annealing as a basis and 
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incorporating aspects of genetic algorithms.   This hybrid outperformed both 

the simulated annealing and genetic algorithms individually and proved 

effective and superior.   

 Using a local neighbourhood, initially determined heuristics were applied for 

the flow shop problem and comparisons for solution quality and speed 

analysed by Fink and Voss (2003).  Simulated annealing and tabu search 

methods, without tuning, were implemented with a limit of 10,000 seconds 

processing time.  The smaller problems were reported to have a greater 

fluctuation in results and performed sub-optimally.  The study shows that the 

first steps are where the most important decisions of the construction 

process are made.  Steepest descent and iterated steepest descent were 

also integrated into the heuristics. 

 Framinan and Schuster (2006) considered the job shop problem with the 

objective to minimise the makespan by decomposing the problem into two 

parts: a new timetabling procedure and a metaheuristic.  The problem 

focused on job shops with no waiting allowed for jobs between machines.  

The focus of the timetabling procedure is to enhance the search space for 

the metaheuristic, complete local search with memory, and to solve the 

problem. 

 Jin et al. (2006) developed two metaheuristics with aspects of simulated 

annealing, using the longest remaining processing time scheduling algorithm 

with positive results for the multi-stage hybrid flow shop scheduling problem 

for more than two stages.  The algorithms were based on shop partitioning 

and used in a printed circuit board assembly line. 

 A flow shop scheduling problem with parallel machines was studied by 

Janiak et al. (2006) with the application of three constructive algorithms and 

three metaheuristics to minimise the total weighted earliness, total weighted 

tardiness, and the total weighted waiting time.  This study is concerned with 

reducing the penalties associated with differentials in the due dates.  The 

constructive algorithms, using an extension of the single-stage List 

Scheduling Algorithm, had variations on the priority ordering of jobs.  These 

constructive algorithms form the initial solution for the application of the 

metaheuristics algorithms.  The metaheuristics algorithms were based on 

simulated annealing and tabu search methods and used a neighbourhood-

based search process.  The simulated annealing technique required four 

main parameters: initial solution; neighbourhood; initial temperature and 

cooling scheme; and stopping condition.  The tabu search method requires 
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an initial solution, tabu list, neighbourhood search scheme, and a stopping 

condition.  The hybrid algorithm combines both the simulated annealing and 

the tabu search techniques.  All the metaheuristics considerably improved 

the initial solution from the constructive algorithms.  It was noted that 

improvement could be made in the constructive algorithms.  The simulated 

annealing method was the least optimal solution but had a significantly 

smaller computational time.  The hybrid algorithm was the choice solution 

technique of the paper, being able to keep superior solution quality while 

speeding up the algorithm. 

6.2 Simulated Annealing 

Simulated Annealing (SA) is a metaheuristic process that aims to find global optimal 

solutions within the solution space.  A cooling scheme is used to ensure that if the 

solution finds a local minimum it has the ability to head uphill (towards worse 

solutions) for a time to give it opportunity to not stay stuck at the local minimum and 

to find the global minimum.  In the literature there is a gap for applying SA to FSSP 

with parallel machines, ready times, and to minimise objectives other than the 

makespan as shown in the literature reviews of this thesis.  Objectives to consider 

include tardiness, waiting time, and flow time objectives.   The SA Matlab code is 

given as Appendix 12. 

6.2.1 Algorithm 

Simulated annealing generates a new neighbour at each step.  A neighbour is a 

schedule that is next to the current schedule.  If this neighbour has a better solution 

(in this case, a lower value) then the neighbour is accepted as the current solution.  

If however the solution is worse, instead of rejecting it we accept it with a certain 

probability in the hope of exploring other neighbourhoods and reaching the global 

optimum and not getting stuck in a local optimum.  This probability is reducing over 

time and is called the cooling scheme.  The cooling scheme affects the solution and 

the neighbourhoods searched.  As the SA cools there is a much greater chance of 

remaining with the given best solution and not accepting the proposed worse 

solution. 

 

The simulated annealing algorithm is as follows: 

 

Initialisation 

Set temperature parameters 
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 B(0) = 100 

 α = 0.99 

Set maximum iterations 

 kmax = 10000 

Set termination criteria  

 k2 = 20 

change_wt = 1000*ones(1, k2 + 1) 

Input {schedule, machines, arrival, duration} arrays 

Determine number of patients 

 num_patients = size(schedule,2) 

Input number of beds 

Set initial arrays 

 arrival_k = arrival   (temporary arrival array) 

 duration_k = duration  (temporary duration array) 

 S(1,: ) = schedule 

 M(1,: ) = machines  

Calculate initial objective value 

 Calculate start times for each patient 

 Calculate waiting times for each patient 

  for i from 1 to number of patients 

   objective_value(i) = start(i) – arrival (i) 

  end 

 Calculate total waiting time 

 Waiting_time_0 = sum(objective_value)     (minimum waiting time parameter) 

Apply simulated annealing until termination criteria is met 

k = 1 

while k < maximum iterations AND delta_wt ~= 0 

 Generate neighbour according to scheme 

 If scheme = job swap 

Generate two random numbers between 1 and number of patients 

inclusive 

   rand1 = random number 1 

   rand2 = random number 2 

Swap the two jobs in the schedule 

   Sc = S (k,: )       (temporary job schedule) 

   Mc = M (k,: )   (temporary machine schedule) 

   Sc(rand1) = S(k,rand2) 
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   Sc(rand2) = S(k,rand1) 

   Mc(rand1) = M(k,rand2) 

   Mc(rand2) = M(k,rand1) 

   temp1 = arrival_k(rand2) 

arrival_k(rand2)=arrival_k(rand1) 

arrival_k(rand1)=temp 

temp1 = duration_k(rand2) 

duration_k(rand2)=duration_k(rand1) 

duration_k(rand1)=temp 

 end 

Calculate objective value 

  Calculate start times for each patient 

  Calculate waiting times for each patient 

   for i from 1 to number of patients 

    objective_value(i) = start(i) – arrival (i) 

   end 

  Calculate total waiting time 

   waiting_time(k+1) = sum(objective_value) 

Determine whether to move to the generated neighbour or remain at the 

previous schedule 

If waiting_time(k+1) < waiting_time(k) AND waiting_time(k+1) >= 

waiting_time_0 

    Move to generated neighbour 

    S(k+1,: ) = Sc 

    M(k+1,: ) = Mc 

  else if waiting_time(k+1) < waiting_time_0 

   Move to generated neighbour and set minimum schedules 

    S(k+1,: ) = Sc 

    M(k+1,: ) = Mc 

    S0 = Sc 

    M0 = Mc 

    waiting_time_0 = waiting_time(k+1) 

    arrival_0 = arrival_k 

    duration_0 = duration_k 

  else if waiting_time(k+1) >= waiting_time(k) 

   Move to generated neighbour with random chance 

    Generate random number between 0 and 1 (rand3) 
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    if rand3 <= B(k) 

     Move to generated neighbour 

      S(k+1,: ) = Sc 

      M(k+1,: ) = Mc 

    else 

     remain at previous schedule 

      S(k+1,: ) = S(k,: ) 

      M(k+1),: ) = M(k,: ) 

      waiting_time(k+1) = waiting_time(k) 

    end 

  end 

 Update all parameters 

  Update iteration counter 

k = k + 1 

Set Temperature  

   B(k+1) = B(0) * αk-1 

  Update termination criteria (if no change to waiting_time in k2 I 

  terations) 

   change_wt(k+1) = abs (waiting_time(k+1) – waiting_time(k)) 

delta_wt = 0 

   If k >= k2 

    for p = k+1 : -1 : k - k2 + 1 

     delta_wt = delta_wt + change_wt(p) 

    end 

   else 
    for p = k+1 : -1 : 1 
     delta_wt = delta_wt + change_wt(p) 
    end 

   end 

end  

  

6.2.2 Inputs 

To determine whether a worse solution is accepted and moved to, a random uniform 

number is initially generated, between 0 and 1.  If this random number is less than 

the temperature then the worse solution is accepted.  The temperature is a 

decreasing geometric progression and as it cools there is less chance of moving to 

a worse solution. The solution hopefully heads towards the global optimum. 
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The cooling temperature (B) is based on a geometric progression with r < 1.  The 

strategy implemented is: 

 

B(0) = 100 = a 

B(k) =a r k-1 

B(n=10000) = a r n-1  = 100 x 0.99 9999 = 2.3x10-42 

 

This guarantees that for the first 460 iterations if a worse solution is found it will be 

accepted and moved to and that there is a random progressively decreasing chance 

between iterations 461 and 918 at which iteration there is less than 1% chance of a 

worse solution being moved to.  The probability continues to decrease geometrically 

and from iteration 1445 there was basically no chance of moving to a worse solution 

with a temperature of less than 0.00001. 

 

Figure 6-1, Figure 6-2 and Figure 6-3 show the temperature cooling as the 

simulated annealing program progresses. 
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Figure 6-1 Temperature Cooling 
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Figure 6-2 Temperature Cooling 
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Figure 6-3 Temperature Cooling 

 

The inputs are given by Figure 6-4 for an 8 patient 3 bed scheduling problem.  

These are random data used for an example. 

 

Schedule = 1 2 3 4 5 6 7 8

Machines = 1 2 1 2 3 1 3 2

Arrival = 1 4 11 29 33 41 48 55

Duration = 30 45 40 25 30 40 35 20  

Figure 6-4 Input for SA Example 
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6.2.3 Outputs 

The cooling parameters and the number of iterations are the parameters of the 

model.  The other inputs for the SA model include an initial schedule of patients, an 

initial schedule of machines, and corresponding arrival and duration times.  These 

four vectors are the main inputs - schedule; machines; arrival; and duration.   The 

SA model then outputs the best improved schedule of patients and corresponding 

machines as well as outputting the objective value, total waiting time, number of 

iterations, computer processing time, and a vector of the waiting times for each 

iteration. 

6.2.4 Neighbourhood Generation 

For simulated annealing there are four main neighbourhood generation schemes 

that are available to use.  These four schemes are job swap; job pre-swap; job shift; 

and machine swap.  Using Figure 6-5 as the starting point we will demonstrate each 

neighbour selection.  This schedule has an objective waiting time = 12. 

 

Schedule = 1 2 3 4 5 6 7 8

Machines = 1 2 1 1 2 1 2 2

Arrival = 1 4 11 12 15 16 21 23

Duration = 5 8 6 3 4 6 5 4  

Figure 6-5 Schedule for SA Example 

 

The initial Gantt chart is given in Figure 6-6: 

waiting time = 12

Bed 1

Bed 2

Bed 3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Time (min)

8

1

2

3 4

5

6

7

 

Figure 6-6 Initial Gantt Chart for SA Example 

6.2.4.1 Scheme 1 – Job swap: 

Doing a job swap involves picking two jobs at random and then swapping these two 

jobs in the schedule.  As an example, if jobs 3 and 4 are to be swapped,  the original 

schedule switches these two jobs as such (Figure 6-7): 
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Schedule = 1 2 3 4 5 6 7 8

Machines = 1 2 1 1 2 1 2 2

Arrival = 1 4 11 12 15 16 21 23

Duration = 5 8 6 3 4 6 5 4  

Figure 6-7 Job Swap Schedule for SA Example 

 

The new schedule looks like this (Figure 6-8): 

Schedule = 1 2 4 3 5 6 7 8

Machines = 1 2 1 1 2 1 2 2

Arrival = 1 4 12 11 15 16 21 23

Duration = 5 8 3 6 4 6 5 4  

Figure 6-8 New Job Swap Schedule for SA Example 

 

The new Gantt chart of the schedule is as follows (Figure 6-9) with the new waiting 

time being 12:  

waiting time = 12

Bed 1

Bed 2

Bed 3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Time (min)

8

61

2

34

5 7

 

Figure 6-9 New Gantt Chart for Job Swap Schedule for SA Example 

 

The new neighbour solution generates a different schedule but with an equal 

objective value. 

6.2.4.2 Scheme 2 – Job pre-swap: 

Doing a job pre-swap involves generating one random number between 1 and the 

total number of patients and swapping this job with the previous job in the schedule.  

For example, if job 8 is selected,  then the new schedule will be generated changing 

job 8 with job 7 as shown in Figure 6-10. 

Schedule = 1 2 3 4 5 6 7 8

Machines = 1 2 1 1 2 1 2 2

Arrival = 1 4 11 12 15 16 21 23

Duration = 5 8 6 3 4 6 5 4  

Figure 6-10 Job Preswap Schedule for SA Example 

 

The new schedule looks like this (Figure 6-11): 
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Schedule = 1 2 3 4 5 6 8 7

Machines = 1 2 1 1 2 1 2 2

Arrival = 1 4 11 12 15 16 23 21

Duration = 5 8 6 3 4 6 4 5  

Figure 6-11 New Job Preswap Schedule for SA Example 

 

The new Gantt chart of the new schedule is as follows (Figure 6-12) with the new 

waiting time being 15. 

 

waiting time = 15

Bed 1

Bed 2

Bed 3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32

Time (min)

6

8

1

2

34

5 7

 

Figure 6-12 Gantt Chart for Job Preswap Schedule for SA Example 

 

This schedule proves to be worse than the best solution so far and would only be 

moved to if the cooling scheme permitted. 

6.2.4.3 Scheme 3 – Job Shift: 

Two random numbers are again generated and the patient with the smaller of the 

two numbers moves to the position of the larger number in the schedule, while 

shifting all other patients forward a position, as demonstrated by Figure 6-13 (where 

the random numbers were 3 and 7). 

 

Schedule = 1 2 3 4 5 6 7 8

Machines = 1 2 1 1 2 1 2 2

Arrival = 1 4 11 12 15 16 21 23

Duration = 5 8 6 3 4 6 5 4  

Figure 6-13 Job Shift Schedule for SA Example 

 

The new schedule looks like this (Figure 6-14): 

Schedule = 1 2 4 5 6 7 3 8

Machines = 1 2 1 2 1 2 1 2

Arrival = 1 4 12 15 16 21 11 23

Duration = 5 8 3 4 6 5 6 4  

Figure 6-14 New Job Shift Schedule for SA Example 
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The new Gantt chart of the new schedule (Figure 6-15) is as follows with the waiting 

time being 14: 

 

waiting time = 14

Bed 1

Bed 2

Bed 3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Time (min)

6

8

1

2

34

5 7

 

Figure 6-15 Gantt Chart for Job Shift for SA Example 

 

This is again a worse solution so would only be moved to by a random chance 

according to the temperature. 

6.2.4.4 Scheme 4 – Machine Swap: 

Machine swap keeps the jobs in order but swaps the machines for two jobs.  For 

example if the random numbers were 4 and 8 this would result in swapping patient 4 

to bed 2 and patient 8 to bed 1, but keeping the schedule intact as shown in Figure 

6-16. 

 

 

Figure 6-16 Machine Swap Schedule for SA Example 

 

The Gantt chart of the new schedule is as follows in Figure 6-17 with the waiting 

time being 1: 

 

waiting time = 1

Bed 1

Bed 2

Bed 3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

Time (min)

81

2 4 5 7

3 6

 

Figure 6-17 Gantt Chart for Machine Swap for SA Example 

 

As can be seen a simple switching of jobs on machines has created a schedule with 

only one minute of waiting for this problem. 

 

The outputs and results from running the four schemes until the termination criterion 

is reached are given below in Table 6-1. 
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Table 6-1 Results for SA Example 

Original  

input 

Waiting Time Schedule = 1 2 3 4 5 6 7 8 

12 Machines = 1 2 1 1 2 1 2 2 

Job          

swap 
2 

Schedule = 5 2 6 4 8 1 3 7 

Machines = 2 2 1 1 2 1 1 2 

job 

preswap 
3 

Schedule = 2 8 3 5 6 4 1 7 

Machines = 2 2 1 2 1 1 1 2 

job       

shift 
2 

Schedule = 3 7 2 5 8 4 1 6 

Machines = 1 2 2 2 2 1 1 1 

machine 

swap 
1 

Schedule = 1 2 3 4 5 6 7 8 

Machines = 1 2 1 2 2 1 2 1 

 

6.3 Single Stage Results 

The single stage looks at patients staying in the ED beds for the length of their 

treatment.  Patients must be scheduled after their arrival time.  The research is just 

looking at the acute area.  The same approach could very easily be applied to the 

sub acute area of the ED.  From this point tardiness is the objective value.  

Tardiness is defined as the time a patient waits greater than their allowable 

maximum waiting time as defined by the Australasian College for Emergency 

Medicine (2002).  A data set to use for the main analysis was generated from the 

distributions determined from the historical data set.  The parameters are as follows 

unless otherwise stated.  The number of patients in the data set was 80 with 10 

beds.  The maximum number of iterations was 10,000 and the termination criterion 

was also fulfilled if there had been no change to the minimum objective value for 

1000 iterations.   

6.3.1 Neighbourhood Generation Schemes 

The previously explained four schemes were used as well as six new 

neighbourhood generation schemes that were developed for investigating 

improvement to the system.  All 10 schemes will be explained here: 

 Scheme 1: Two randomly selected jobs switch place in the schedule 

 Scheme 2: A randomly selected job moves one place ahead in the schedule 

 Scheme 3: A randomly selected job moves to a randomly selected place in 

the schedule shifting all the jobs in between one place forward 

 Scheme 4: Two randomly selected jobs switch beds 
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 Scheme 5: The job with the maximum objective value gets swapped to the 

bed with the minimum waiting time 

 Scheme 6: The job with the maximum objective value gets shifted to a 

random earlier position in the schedule and gets swapped to a randomly 

selected bed 

 Scheme 7: The job with the maximum objective value gets swapped to a 

random earlier position in the schedule 

 Scheme 8: The job with the maximum objective value gets shifted to a 

random earlier position in the schedule 

 Scheme 9: The job with the maximum objective value gets swapped to the 

bed with the minimum waiting time and gets swapped to an earlier random 

place in the schedule 

 Scheme 10: The job with the maximum objective value gets swapped to the 

bed with the minimum waiting time and gets shifted to an earlier random 

place in the schedule. 

6.3.2 CPU Time 

The average processing times (20 runs) for determining a near optimal schedule for 

an entire day are shown in Figure 6-18.  Figure 6-18 shows the average when the 

program is forced to run for the full 10,000 iterations.  The program is very quick and 

in particular the machine swap scheme gives very good results for the very fast 

processing speed.   
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Figure 6-18 CPU Time for 10,000 Iterations 

Figure 6-19 shows the results when the program is allowed to terminate after 1000 

iterations of the same minimum objective value.    Most of the schedules are less 

than one second with number 4 (machine swap) being an average of just over one 

minute. 

 

 

Figure 6-19 CPU Time Allowing for Early Termination 
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Figure 6-20 shows the average of each set of results for the minimum tardiness 

comparing a full 10,000 iterations and allowing for early termination. There is very 

little difference (and some improvement) between tardiness results for the full 

10,000 iterations and allowing early termination.  The savings in CPU time however 

are drastic.  The savings in CPU time would more than compensate for the slight 

decrease in solution quality.   

 

 

Figure 6-20 Comparison of 10,000 Iterations and Early Termination 

6.3.3 Temperature Analysis 

In order to select the temperature parameters we analysed a range of initial 

temperatures and values for alpha.  The machine swap neighbourhood generation 

scheme was used for these results.  The reduction from the initial tardiness of 20720 

is shown in Figure 6-21.   

 

There were several points that stood out because of their high values of reduction in 

tardiness.  The average and minimum values for 10 runs of these points were 

considered in order to select an initial temperature and alpha value for optimum 

configuration.  The results are given in Table 6-2 and show that the best 

configuration is an initial temperature of 80 and alpha equal to 0.55 for both the 

average tardiness and minimum tardiness.  This is a surface plot to show the 

interface between an initial temperature and selection of alpha.   
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Figure 6-21 Temperature Analysis 

 

Table 6-2 Tardiness for Specific Initial Temperatures and Alpha Values 

Point (Initial Temperature, 

Alpha) 

Average 

Tardiness 

Minimum 

Tardiness 

Initial Tardiness 20720   

(80, 0.55) 6059 5612 

(100, 0.65) 6141 5821 

(80, 0.20) 6122 5706 

(90, 0.95) 6060 5836 

 

Further investigation was undertaken using the machine swap neighbourhood 

generation scheme keeping alpha at 0.95 and changing the initial temperature from 

10 to 100 in increments of 10.  Figure 6-22 shows the tardiness results for each 

variation of initial temperature. 
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Figure 6-22 Tardiness for Variation of Initial Temperature 

 

The minimum tardiness value at each iteration for the first 500 iterations (out of a 

possible 10,000) is shown in Figure 6-23.  This is investigating how the initial 

temperature affects the pattern of the minimum tardiness throughout the iterations. 

 

 

Figure 6-23 Tardiness for Variation of Initial Temperature over Iterations 

 

Further analysis was undertaken using the machine swap neighbourhood 

generation scheme, keeping the initial temperature at 100 and varying alpha from 0 

to 0.95 in increments of 0.05 to investigate how alpha affects the pattern of the 
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minimum tardiness throughout the iterations as well as the resulting minimum 

tardiness.  The tardiness results for variation to alpha are shown in Figure 6-24. 

 

 

Figure 6-24 Tardiness for Variation of Alpha 

 

Figure 6-25 shows the movement of the tardiness throughout the iterations (for the 

first 500 for clarity) for the variation of alpha from 0.00 to 0.95. 
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Figure 6-25 Tardiness for Variation of Alpha over Iterations 

 

The evaluation of the temperature parameters seems to indicate that in this situation 

the values of either the initial temperature or alpha do not seem to impact the 

results.  It is important that the number of iterations is sufficient for the tardiness to 
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tend to a minimum value.  An initial temperature of 100 and alpha = 0.95 will be 

used for future results.  It is thought that the data set is too small to be affected by 

these parameters. 

6.3.4 Number of Iterations 

The machine swap simulated annealing minimum tardiness results over the length 

of the program is shown (see Figure 6-26).  The results seem to indicate the 

minimisation of the objective function seems to be optimal at about 10,000 iterations 

as there is little improvement after this point but with a significant increase in 

computational time.  10,000 iterations takes on average XX seconds whereas 

20,000 iterations takes on average YY seconds.  The number of iterations used will 

be 10,000 with the added criterion of 1000 unchanged iterations allowing for early 

termination. 

 

 

Figure 6-26 Tardiness for Variation of Iterations 

6.3.5 Results for ED Data 

The results vary each time the simulated annealing program is run due to the 

randomness of the neighbours that are chosen.  The SA programs were run 20 

times each.  The results (both the mean and minimum values) for the main data set 

for 10 beds are given in Figure 6-27.  The best improvement was found using the 

machine swap (scheme 4) scheme which had an improvement of 37.4% from the 

original schedule.  No trade-off is needed here between quality of solution and CPU 

time for selection of best performing neighbourhood generation scheme.   
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Tardiness Results for ED Data
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Figure 6-27 Tardiness Results for ED Data (80pts x 10 beds) 

6.3.6 Variation of Number of Beds 

Table 6-3 shows the results of each neighbourhood generation scheme for each 

number of beds in the ED.  SA 4 (machine swap) performs the best by far (obviously 

for situations when there is more than one bed).  When there is only one bed SA 10 

performed the best.  SA 5 performs second best and better than the current 

neighbourhood generation schemes when the patient to bed ratio is equal to or less 

than 16.  This scheme is substantially faster than the machine swap so may be used 

if an acceptable solution is required immediately.  Overall the newly composed 

generation schemes do better than the current schemes in the literature. 
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Table 6-3 Tardiness for Variation of Number of Acute Beds 

 Neighbourhood Generation Scheme 

Beds TF 1 2 3 4 5 6 7 8 9 10 

1 626326 598450 611421 568071 626326 626326 557548 580842 572358 585780 528463 

2 270849 263885 263437 256913 218294 270849 256957 262416 244952 251364 264928 

3 164030 158023 151587 162033 115924 159576 142799 151033 154891 145649 152759 

4 113184 112543 102177 105754 70269 98534 103524 103379 108610 98011 102321 

5 74443 67718 71059 73786 43177 65216 64382 70224 66399 64510 69747 

6 52000 51810 48852 51845 29120 46080 48720 46969 49160 47943 49244 

7 46534 45606 39562 43913 19524 36487 41879 44410 44891 40248 41014 

8 32789 30922 29363 31745 13022 22974 31036 28170 28601 28925 31790 

9 28513 27148 22968 28513 8360 19233 27190 26268 24379 24282 27464 

10 20720 20720 18962 18589 5494 11902 15262 16984 19155 15204 19111 

11 13628 13628 11069 12345 4144 8507 12458 12304 12802 10565 12752 

12 9754 9191 9197 9754 3154 6738 8545 8301 9506 7903 9404 

13 7604 7574 7604 6483 2119 6068 6843 7018 7604 6145 7603 

14 4913 4913 4913 4913 1643 3696 4187 4789 4778 4486 4678 

6.3.7 Variation to Treatment Times 

In order to investigate how the schedule reacts to the stochastic nature of the 

system a number of tests were run which allowed each treatment time (TT) to vary 

up to a fixed percentage of the given Treatment Time Variation parameter.  The new 

treatment time generated could be either less than or greater than the original time 

with a 50% chance of each.  Results show that even with treatment times varying up 

to 30% less than 15% variation is shown in overall tardiness.  Additionally if 

treatment times are predicted to within 10% then the tardiness variation is minimal at 

2%.  It would be important for the system to know the accuracy of the predicted 

treatment times in order to know how much variation can be expected in 

performance measurement.  For each level of TT Variation 100 random runs of 

stochastic data were run with the average results shown.  Table 6-4 shows the 

results for the stochastic scheduling of the ED (where the initial tardiness from the 

TF heuristic was 20,720). 
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Table 6-4 Stochastic Metaheuristic Results 

Min 

Tardiness 

(min) 

Mean 

Stochastic 

Tardiness 

(min) 

Treatment 

Time 

Variation 

(%) 

Standard 

Deviation 

(min) 

Tardiness 

Variation 

(%) 

6149 6149 0 0 0 

6132 6257 10 16.37 2.038487 

5934 6426 20 33.06 8.291203 

6544 7514 30 49.37 14.82274 

6498 8199 40 65.41 26.17729 

6244 8429 50 82.91 34.99359 

5839 8758 60 98.01 49.99144 

6102 9556 70 114.66 56.60439 

6191 10650 80 128.19 72.02391 

5899 10417 90 144.66 76.58925 

6148 12842 100 167.26 108.8809 

6.4 Two Stage Metaheuristics 

These data sets were randomly generated from distributions determined from the 

historical data.  The two stage flow shop is likened to the ED with the acute 

treatment area and then a post treatment waiting area for patients requiring 

admission to an inpatient bed.  In order to set up stage two, the departure times 

from stage one would be treated as the arrival times for stage two and the PTWT 

are the treatment times in stage two.  This section will help determine how many 

post treatment (PT) waiting beds should be considered for efficient flow within the 

ED.  The PT beds would be like a temporary or short stay ward that has physicians 

and nurses to care for the patients but allows flow to continue in the ED.  The 

tardiness for the two stage flow shop will consist of the tardiness from entering the 

ED to treatment being started plus the tardiness between treatment ending and 

entering a PT bed.  This second tardiness has an allowance of zero minutes before 

a patient is deemed tardy.  Any waiting at this stage is penalised as it would indicate 

that the patient is waiting on their bed in a corridor which is suboptimal.  The 

metaheuristics only move patients from within the same area to another bed in that 

area or ahead in the schedule within the same section of schedule; that is, a PT 

patient will only be shifted in the PT schedule or to another PT bed. 
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Different neighbourhood generation schemes will be compared initially, to see which 

schedules are better determined.  Table 6-5 shows the total tardiness for each 

neighbourhood generation scheme for ten beds only in the ED.  This setup is like 

the current ED where PTWT has to be spent in the acute beds. 

 

Table 6-5 Tardiness Results for No PT Beds 

Scheme 

Total 

Tardiness 

 (1 Day) 

Improvement 

from 

Benchmark 

Benchmark 18784  

SA 1 18784 0.0% 

SA 2 18660 0.7% 

SA 3 18484 1.6% 

SA 4 11850 36.9% 

SA 5 18784 0.0% 

SA 6 17924 4.6% 

SA 7 17209 8.4% 

SA 8 16636 11.4% 

SA 9 17310 7.8% 

SA 10 18784 0.0% 

 

This tardiness will now be compared with a scheme using 5 extra beds for patients 

whose ED treatment has finished and who are waiting for transfer to an inpatient 

bed.  Figure 6-28 compares the minimum tardiness for 1 day‟s data. 

 

 

Figure 6-28 Comparison of ED Beds and PT Beds 
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The tardiness will be broken down to see where patients are waiting for the 5 PT 

bed scenario.  Table 6-6 shows the tardiness waiting before treatment begins and 

the tardiness waiting for a PT bed.  This is the minimum value of ten runs of the 

simulated annealing program for each segment.  Scheme 4 (machine swap) not only 

reduces the tardiness the most for stage 1 in the ED, the tardiness for stage 2 (PT 

beds) is reduced to almost nothing. 

 

Table 6-6 Tardiness in ED and PT Beds 

Scheme Total 

Tardiness 

 (1 day) 

Tardy 

ED 

beds 

(1 day) 

Tardy 

PT 

Beds 

(1 day) 

Benchmark 18018 16258 1760 

SA 1 17705 16080 1625 

SA 2 17328 16258 1070 

SA 3 18018 16258 1759 

SA 4 7618 7428 28 

SA 5 13621 12677 944 

SA 6 16013 13647 1538 

SA 7 17240 15421 1431 

SA 8 17522 14677 1625 

SA 9 15589 14090 1325 

SA 10 17455 16252 1203 

6.5 Tabu Search 

The Tabu Search (TS) algorithm is commonly applied to scheduling problems as a 

metaheuristic to optimise the problem.  For this study a tabu search code was 

programmed to compare with the simulated annealing program.  Only the first four 

neighbourhood generation schemes were programmed in the tabu search for 

comparison.  The machine swap tabu search is given in Appendix 13. 

6.5.1 Algorithm 

The main focus of the tabu search algorithm is the defining of the tabu list.  The tabu 

list contains schedules or elements that have been declared “tabu” (or taboo).  The 

tabu list prevents the returning to a solution that was declared tabu.  The criterion for 

a schedule being tabu is if the tardiness of the schedule for that iteration is worse 
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than the previous iteration.  Additionally if a change in the schedule does not 

actually result in a change then that move is tabu.   

 

The tabu search algorithm is as follows: 

 

Initialisation 

Set maximum iterations 

 kmax = 10000 

Determine number of patients 

 num_patients = size(schedule,2) 

Set tabulist 

 tabulist = zeros (iterations,num_patients) 

 tabu_count = 1; 

Set termination criteria  

 k2 = 1000 

change_wt = 1000*ones(1, k2 + 1) 

Set maximum waiting time for each triage category 

 MaxWT = [0 10 30 60 120] 

Input {schedule, beds, arrival, duration,triage} arrays 

Input number of beds 

Set initial arrays 

 arrival_k = arrival   (temporary arrival array) 

 duration_k = duration  (temporary duration array) 

 S(1,: ) = schedule 

 B(1,: ) = beds  

Calculate initial objective value 

 Calculate start times for each patient 

 Calculate tardiness for each patient 

  for i from 1 to number of patients 

objective_value(i) = min(start(i) – arrival (i) –

MaxWT(triage(i)),0) 

  end 

 Calculate total tardiness 

 tardiness_0 = sum(objective_value)     (minimum waiting time parameter) 

Apply tabu search until termination criteria is met 

k = 1 

while k < maximum iterations AND delta_wt ~= 0 
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 Generate N neighbours according to scheme (only scheme 1 is shown here) 

 For n = 1 to N 

  If scheme = job swap 

Generate two random numbers between 1 and number of 

patients inclusive 

    rand1 = random number 1 

    rand2 = random number 2 

Swap the two jobs in the schedule 

    Sc(n,:) = S (k-1,: )       (temporary job schedule) 

    Bc(n,:)  = B (k-1,: )   (temporary bed schedule) 

    Sc(n,rand1) = S(k-1,rand2) 

    Sc(n,rand2) = S(k-1,rand1) 

    Bc(n,rand1) = B(k-1,rand2) 

    Bc(n,rand2) = B(k-1,rand1) 

    temp1 = arrival_k(rand2) 

arrival_k(rand2)=arrival_k(rand1) 

arrival_k(rand1)=temp 

temp1 = duration_k(rand2) 

duration_k(rand2)=duration_k(rand1) 

duration_k(rand1)=temp 

  end 

  Determine if neighbour is tabu 

   for j=1:tabucount 

    if Sc(n,:) = = tabulist(j,:) 

     tabu_neighbour(n)=1; 

    end 

   end 

   if rand1 = = rand2 

    tabu_neighbour(n)=1; 

   end 

Calculate objective value if neighbour is not tabu 

   if tabu_neighbour(n) = = 0 

Calculate start times for each patient 

    Calculate waiting times for each patient 

     for i from 1 to number of patients 

      objective_value(i) = start(i) – arrival (i) 

     end 
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    Calculate total waiting time 

     tardp(k,n) = sum(objective_value) 

 end 

 end 

Select neighbour with minimum tardiness value ensuring that there is at least 

one non-tabu neighbour.  Move to this neighbour. 

  if sum(tabu_neighbour) < num_neighbours 

   [min_tard_k,min_neighbour] = min (tardp(k,:)‟); 

   S(k,:) = Sc(min_neighbour,:); 

   B(k,:) = Bc(min_neighbour,:); 

   tardiness(k) = min_tard_k; 

   if tardiness (k) < tardiness_0 update minimum variables 

   if tardiness(k) < tardiness_0  

S0(1,:) = S(k,:); 

    B0(1,:) = B(k,:); 

    tardiness_0 = tardiness(k); 

   end 

  else 

   S(1,:) = S(k-1,:); 

   B(1,:) = B(k-1,:); 

   tardiness(k)=tardiness(k-1); 

  end 

 Update tabu list if current solution is worse than the previous solution 

  if k > 1 

   if tardiness (k) > tardiness (k-1) 

    tabulist(tabu_count,:) = S(k,:); 

    tabu_count=tabu_count+1; 

   end 

  else 

   if tardiness(1) > tardiness_0 

    tabulist(tabu_count,:) = S(k,:); 

    tabu_count=tabu_count+1; 

   end 

  end 

 Update termination criteria 2 (if no change to waiting_time in k2 iterations) 

   change_wt(k+1) = abs (tardiness(k+1) – tardiness (k)) 

delta_wt = 0 
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   If k >= k2 

    for p = k+1 : -1 : k - k2 + 1 

     delta_wt = delta_wt + change_wt(p) 

    end 

   else 

    for p = k+1 : -1 : 1 

     delta_wt = delta_wt + change_wt(p) 

    end 

   end 

 Update k 

 k = k + 1; 

end 

6.5.2 ED Results 

Notation of the tabu search algorithm includes first the neighbourhood generation 

scheme (A) and then the number of neighbours at each iteration (N).  It is written 

TSA-N.  As an example TS4-20 is the tabu search algorithm with the 4th 

neighbourhood generation scheme and 20 neighbours at each iteration.  The results 

for each scheme for the tabu search code are given in Figure 6-29.  The values are 

the minimum tardiness for 10 runs of each scheme.  Figure 6-30 shows the 

minimum tardiness values compared to the SA schemes‟ results.  As can be seen 

the simulated annealing outperforms the tabu search.  These tabu search results 

were determined using 10 neighbours. 
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Figure 6-29 Tardiness Results for Tabu Search Algorithm 
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Figure 6-30 Comparison of TS and SA 

6.5.3 Cpu Time 

The average processing time for the tabu search (TS4-10) is 608.78s.  As SA4 

averages 206.68 seconds it is faster and better performing than the TS for this 

problem.  However the tabu search algorithm will continued to be explored for future 

exploitation of some of the features to develop a hybrid algorithm. 

6.5.4 Variation of Iterations 

Figure 6-31 shows the results when the number of iterations was varied for the tabu 

search scheme 4 program.  As can be seen, the biggest improvement is found 

within the first 10,000 iterations with little improvement after this.  Therefore for 

further analysis 10,000 iterations will be used. 
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Figure 6-31 Variation of Number of Iterations 
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6.5.5 Variation of Number of Neighbours 

Figure 6-32 shows the results of the tardiness when the number of neighbours is 

varied.  It also shows the increase in CPU time that accompanies the increase in 

neighbours searched at each iteration.  This graph can be used to determine the 

appropriate number of neighbours to be used, based on the acceptable solution 

quality and acceptable time frame.  The increase in CPU time is linear (r = 0.9980) 

with the trendline equation being 61.018 301.99T N .  The tardiness solution fits 

a decreasing power equation with r = 0.9827 and the equation is: 

0.131620014Tard x .  
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Figure 6-32 Variation of Number of Neighbours 

6.6 Hybrid SA and TS  

Three hybrid methods are proposed here that incorporate a hybrid approach using 

both simulated annealing and tabu search algorithms.  The first hybrid runs 

simulated annealing until the first termination criteria is reached, at which point the 

code switches to the tabu search until the final criteria is reached.  The second 

proposed hybrid effectively does the reverse by starting with the tabu search and 

then using the simulated annealing.  These two hybrids have been proposed before 

but they will be analysed and assessed for the ED problem.  The third hybrid is a 

contribution to scheduling and metaheuristics and it combines elements of both tabu 

search and simulated annealing in the one algorithm.  It outperforms both the SA 

and the TS both in solution quality and CPU time. 
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6.6.1 Literature Review 

A review of the literature surrounding hybrid simulated annealing and tabu search 

algorithms has revealed a number of models. 

 

Liu et al. (2002) developed some hybrid algorithms for genetic algorithm, simulated 

annealing and tabu search algorithms.  The authors used three main hybrid 

methods.  The first method enacts the GA/SA code which runs until a stopping 

criteria is met and then the TS is run until the final termination criteria.  The second 

method is similar but with the results of the TS creating the starting point for a 

second cycle of the GA/SA.  The third method alternates between the GA/SA and 

TS algorithms until the termination criterion is met.   

 

Ongsakul and Bhasaputra (2002) propose a hybrid SA/TS algorithm that is similar to 

the third hybrid algorithm proposed in this study.  However their algorithm does not 

see much improvement in solution but does see some reduction in time.   

 

Zhang et al. (2008) also use a combination of SA and TS to form their hybrid 

approach.  They looked at minimising makespan for job shop scheduling and were 

able to attain for the most part, solutions that equalled the best known solution, and 

in some instances improved the best known solution. 

6.6.2 Hybrid Algorithms 

This section investigates three hybrid SA/TS algorithms.  The first two hybrids have 

been developed previously by other authors but will be written and utilised here for 

comparison and analysis of these hybrids for this particular scheduling problem.  

These involve running one program for a set time and then switching to the other.  

The third is more of a mesh of both SA and TS and is a novel contribution to the 

field. 

 

The algorithm for hybrid 1 is as follows: 

 

Initialisation 

Set maximum iterations 

 kmax = 10000 

Determine number of patients 

 num_patients = size(schedule,2) 

Set termination criteria  
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 k2 = 1000 

change_wt = 1000*ones(1, k2 + 1) 

Set maximum waiting time for each triage category 

 MaxWT = [0 10 30 60 120] 

Input {schedule, beds, arrival, duration, triage} arrays 

Input number of beds 

Set initial arrays 

 arrival_k = arrival   (temporary arrival array) 

 duration_k = duration  (temporary duration array) 

 S(1,: ) = schedule 

 B(1,: ) = beds  

Set ratio of SA runs before TS takes over 

 ratio = 50% 

 set iterations1 = ratio x kmax 

 set iterations2 = (1-ratio)x kmax 

Run SA for iterations1 iterations 

Output best known schedule 

Output tardiness 

Input schedule into TS 

Run TS for iterations2 iterations 

Output best schedule 

Output tardiness 

 

Hybrid 1 code is given in Appendix 14. 

 

The algorithm for hybrid2 is as follows: 

Initialisation 

Set maximum iterations 

 kmax = 10000 

Determine number of patients 

 num_patients = size(schedule,2) 

Set termination criteria  

 k2 = 1000 

change_wt = 1000*ones(1, k2 + 1) 

Set maximum waiting time for each triage category 

 MaxWT = [0 10 30 60 120] 

Input {schedule, beds, arrival, duration, triage} arrays 
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Input number of beds 

Set initial arrays 

 arrival_k = arrival   (temporary arrival array) 

 duration_k = duration  (temporary duration array) 

 S(1,: ) = schedule 

 B(1,: ) = beds  

Set ratio of TS runs before SA takes over 

 ratio = 50% 

 set iterations1 = ratio x kmax 

 set iterations2 = (1-ratio)x kmax 

Run TS for iterations1 iterations 

Output best known schedule 

Output tardiness 

Input schedule into SA 

Run SA for iterations2 iterations 

Output best schedule 

Output tardiness 

 

Hybrid 2 code is given in Appendix 15. 

 

The third hybrid algorithm is innovative in blending elements from both the tabu 

search algorithm and the simulated annealing algorithm.  Figure 6-33 shows what 

elements are used from each algorithm.  The elements that are circled in red 

become part of the new hybrid algorithm.  Basically, the algorithm searches for N 

neighbours (TS) and determines the best neighbour that isn‟t tabu (TS).  If this 

neighbour is better than the previous solution then the algorithm moves to the new 

solution (TS+SA).  Otherwise if the solution is worse, it is moved to with a probability 

equal to the temperature (SA), and the schedule is added to the tabu list (TS).  This 

process is iterative and continues until the termination criteria is met. 
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Figure 6-33 Diefenbach-Kozan Algorithm 

 

The Diefenbach-Kozan algorithm is as follows: 

 

Initialisation 

Set maximum iterations 

 kmax = 10000 

Determine number of patients 

 num_patients = size(schedule,2) 

Set termination criteria  

 Kmax = 10,000 

Set maximum waiting time for each triage category 

 MaxWT = [0 10 30 60 120] 

Input {schedule, beds, arrival, duration, triage} arrays 

Input number of beds 

Set initial arrays 
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 arrival_k = arrival   (temporary arrival array) 

 duration_k = duration  (temporary duration array) 

 S(1,: ) = schedule 

 B(1,: ) = beds  

 S0 = schedule 

 B0 = beds 

Determine initial tardiness 

 Set tardiness_0 = initial tardiness 

Iterative process 

Generate N neighbours 

 Use the machine swap neighbourhood scheme 

  Generate 2 random patients 

  Switch beds for the two random patients 

  Determine if each neighbour is tabu 

  Determine the tardiness of each neighbour 

  If all neighbours are tabu generate another N neighbours and repeat 

Select the best neighbour 

If tardiness(k) <= tardiness (k-1) 

  Move to best neighbour 

Else if tardiness(k) > tardiness(k-1) 

  Add schedule of best neighbour to tabu list 

  Move to best neighbour with probability of the temperature 

End 

If tardiness(k) < tardiness_0 

 Update best solution 

End 

Update iteration count 

Update temperature 

End 

The Diefenbach-Kozan code is given in Appendix 16. 

6.6.3 Hybrid 1 Results 

In summary, hybrid 1 runs the SA code for a set number of iterations and then runs 

the TS code for the remaining iterations to output the final solution.  The total 

number of iterations is 10,000 and the tabu search searches ten neighbours at each 

iteration.  Figure 6-34 shows the minimum and mean tardiness results and CPU 
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times for variations to the number of iterations performed by SA before the program 

switches to TS.   

 

 

Figure 6-34 Tardiness Results for Hybrid 1 

 

Figure 6-35 shows the breakdown of the tardiness after each stage.  If the simulated 

annealing runs for more than 50% of the iterations there is no more decrease in the 

tardiness value by applying TS for the rest of the iterations.  Additionally, the tabu 

search takes extra time and becomes costly for no advantage. 

 

 

Figure 6-35 Tardiness at Each Stage of Hybrid 1 
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6.6.4 Hybrid 2 Results 

Hybrid 2 first runs the tabu search algorithm for a set ratio of iterations and then 

feeds its outputs into the simulated annealing code which runs for the remaining 

iterations.  Figure 6-36 shows the mean and minimum tardiness for each level of 

iterations performed by the tabu search before the program switches to simulated 

annealing.  As can be seen, the fewer iterations the tabu search performs, the more 

decreased the tardiness is. 

 

 

Figure 6-36 Tardiness Results for Hybrid 2 

 

Figure 6-37 shows the results for stage 1 and stage 2 of the hybrid 2 algorithm.  The 

tabu search only decreases the tardiness marginally if left running for more 

iterations and the longer the simulated annealing can run, the better the results. 
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Figure 6-37 Tardiness for Each Stage of Hybrid 2 

6.6.5 Hybrid 3 - Diefenbach-Kozan Results 

The ED data used previously is applied to the Diefenbach-Kozan algorithm.  Table 

6-7 shows the minimum of ten runs for the Diefenbach-Kozan algorithm along with 

the data for SA and TS for comparison.  As can be seen the Diefenbach-Kozan 

algorithm outperforms both the SA and the TS and has the additional benefit of 

being the fastest performing algorithm out of the three. 

 

Table 6-7 Diefenbach-Kozan Results 

  

Tardiness 

(min) 

Tardiness 

(mean) 

Time 

(s) 

Diefenbach-Kozan 11491 11781 175.6 

SA  11863 12345 206.7 

TS 14207 14772 606.8 

 

Figure 6-38  shows the results for the variation of number of neighbours.  There is 

some overall increase as the number of neighbours increased but computational 

time increased as well.  There is not much difference in solution for ten neighbours 

compared with one hundred neighbours but the time to compute is tripled for not 

much improvement.  Ten neighbours seems like an appropriate level to choose. 
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Figure 6-38 Variation of Number of Neighbours in Diefenbach-Kozan 

Algorithm 

 

Another parameter to determine is the number of iterations for which we allow the 

program to run.  Figure 6-39 shows the best tardiness value so far at each iteration.  

There are five random runs.  These results indicate that 10,000 iterations is more 

than enough to achieve the best tardiness value. 

 

 

Figure 6-39 Diefenbach-Kozan Variation of Iterations Results 

6.7 Comparison of Metaheuristics 

The metaheuristic and hybrid algorithms will be compared.  Table 6-8 shows the 

results of running the same set of data.  As can be seen Diefenbach-Kozan 
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Algorithm outperforms all other metaheuristics for all the predictors (minimum, 

maximum, mean, and median).  It also runs the program to a good solution in the 

quickest time (all of the programs were run for the full 10,000 iterations).  Hybrid 1 

and hybrid 2 were run with 50% for each metaheuristic before switching.  The mean 

and median values for the Diefenbach-Kozan Algorithm were statistically 

significantly better (p<0.001). 

 

Table 6-8 Comparison of Metaheuristics 

  M
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SA 11332 13837 12180 12082 206.68 

TS 14089 15359 14793 14807 880.78 

Hybrid 1 SA→TS 11737 14599 12715 12649 283.47 

Hybrid 2 TS→SA 11879 13937 12658 12637 280.12 

Diefenbach-Kozan 11192 12528 11721 11710 175.63 

 

In order to better show the effectiveness of the Diefenbach-Kozan algorithm as an 

improvement on the SA and TS algorithms for this situation we ran each algorithm 

for 200 times on the data set.  Figure 6-40 shows the histogram of all five programs.  

Clearly overall the Diefenbach-Kozan algorithm performs better, giving consistently 

smaller tardiness values. 

 

 

Figure 6-40 Histogram of Metaheuristic Methods 
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Table 6-9 shows some statistics for the results of each metaheuristic being run 300 

times for 10,000 iterations.  TS and Diefenbach-Kozan each use ten neighbours.  

The Diefenbach-Kozan algorithm has a smaller mean and median when compared 

to the current known MH.  Another important point to note is the standard deviation 

is smaller as well as the total range. 

 

Table 6-9 Statistics on Metaheuristic Algorithms 
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T
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Mean 12177.32 14784.62 12694.22 12656.76 11719.24 

Median 12127 14803 12616 12625 11718 

Standard Deviation 420.68 261.79 440.52 398.41 264.62 

Kurtosis 0.77 0.27 1.06 0.49 0.20 

Skewness 0.73 -0.44 0.75 0.55 0.42 

Range 2505 1482 2862 2058 1430 

Minimum 11332 13911 11737 11879 11099 

Maximum 13837 15394 14599 13937 12528 

Count 200 200 200 200 200 

Confidence 
Level(95.0%) µ ± 58.66 µ ± 36.50 µ ± 61.43 µ ± 55.55 µ ± 36.90 

 

Figure 6-41 shows the box plot of the SA, TS, and Diefenbach-Kozan Algorithms.  

Non-overlap shows that there is a statistically significant difference between the 

medians of these data sets. 

 

Figure 6-41 Box Plot of Metaheuristics 
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The output of results from applying the Diefenbach-Kozan algorithm are given as an 

example in Table 6-10.  Included are the patients in order of being treated, the triage 

category of the patient, the bed number in which the patient was treated, the arrival 

time, treatment start time, and tardiness of the patient. 

 

Table 6-10 Diefenbach-Kozan Output 

P
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1 3 65 65 0 2 

2 3 67 67 0 6 

3 3 164 164 0 1 

4 3 172 172 0 8 

5 2 189 189 0 3 

6 3 192 192 0 5 

7 3 214 214 0 6 

8 3 243 243 0 4 

9 3 293 332 9 5 

10 3 364 364 0 10 

11 3 407 407 0 1 

12 2 439 439 0 7 

13 3 443 443 0 8 

14 3 454 454 0 2 

15 2 476 476 0 9 

16 3 507 522 0 5 

17 3 510 586 46 5 

18 3 517 524 0 8 

21 2 545 545 0 1 

19 3 524 547 0 4 

20 3 542 585 12 6 

22 3 581 633 22 3 

23 3 586 845 229 10 

24 3 607 644 7 3 

25 3 620 708 58 6 

26 3 640 684 14 7 

27 3 679 766 58 2 

28 3 704 1174 440 10 

33 2 773 789 6 1 

29 3 716 799 52 8 

30 3 718 730 0 6 

36 2 861 883 12 9 

31 3 755 755 0 5 

32 3 770 879 78 3 

38 2 919 927 0 7 

34 3 774 796 0 5 

35 3 844 883 9 4 

39 2 953 1005 41 3 

37 3 876 876 0 5 

40 3 976 981 0 8 

42 2 1012 1296 274 9 

41 3 995 995 0 2 

43 3 1025 1025 0 4 

44 3 1029 1146 87 2 

45 3 1031 1043 0 6 

57 2 1170 1440 260 2 

58 2 1174 1261 77 4 

46 3 1040 1845 775 2 

66 2 1266 1359 83 3 

47 3 1053 1751 668 9 

48 3 1054 1091 6 1 

49 3 1056 1157 71 7 

74 2 1377 1609 222 4 

50 3 1078 1443 335 7 

51 3 1078 2176 1067 4 

52 3 1081 2140 1029 10 

53 3 1112 1112 0 6 

54 3 1118 2280 1133 2 

55 3 1125 1714 560 7 

56 3 1155 1164 0 5 

59 3 1181 1181 0 6 

60 3 1194 1558 334 3 

61 3 1208 1940 702 3 

62 3 1212 1317 75 6 

63 3 1214 1224 0 8 

64 3 1216 1477 231 8 

65 3 1219 1236 0 1 

67 3 1270 1490 190 6 

68 3 1316 1829 483 8 
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69 3 1331 1350 0 5 

70 3 1334 1393 30 1 

71 3 1334 1743 379 6 

72 3 1360 1445 56 1 

73 3 1364 1902 508 6 

75 3 1394 1422 0 5 

76 3 1407 1446 9 5 

77 3 1429 1544 86 5 

78 3 1435 1775 310 5 

79 3 1435 1534 69 1 

80 3 1439 1709 241 1 

 

6.8 Constructive Heuristic and Metaheuristic Hybrids 

Another hybrid to consider is hybrid constructive heuristics (CH) and metaheuristics.  

Stage 1 is the constructive heuristic and stage 2 is the metaheuristic improvement 

on stage 1.  This hybrid is further investigated using three CH and three MH.  The 

constructive heuristics investigated will be the TF, SPT, and WTR.  The three MH 

used will be SA, TS, and Diefenbach-Kozan.  Each combination of these will be 

investigated.  Table 6-11 shows the results from the hybrid 4 algorithms.  The best 

constructive and metaheuristic hybrid is the SPT-SA which had a minimum total 

tardiness of 9756 and was completed in an average time of 203.98 seconds.  

However it is notable that the Diefenbach-Kozan algorithm improved the stage 1 

solution the most.  The Diefenbach-Kozan algorithm, as the second component of 

the hybrid algorithm, was also the better performing algorithm for each hybrid when 

considering the mean results.  It is also the fastest algorithm.  Given these 

observations and from the results below, another good choice of hybrid would also 

be the SPT- Diefenbach-Kozan.  The SPT- Diefenbach-Kozan code is given in 

Appendix 17. 

 

Table 6-11 Hybrid 4 Results 
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SPT→SA 9756 10313 10363 10627 204.0 

SPT→TS 10584 10622 10627 10627 591.9 

SPT→Dief-Koz 9869 10199 10190 10460 177.5 

TF→SA 11881 12075 12038 12306 198.7 

TF→TS 14635 14924 14837 15371 599.5 

TF→Dief-Koz 11619 11932 11847 12596 171.7 

WTR→SA 11593 12069 11928 12844 198.2 

WTR→TS 14081 14445 14410 14890 603.5 

WTR→Dief-Koz 11271 11746 11705 12274 171.1 
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6.9 Conclusions 

This chapter explored, developed, and implemented different metaheuristics and 

hybrid metaheuristics to optimise the flow shop scheduling problem.  The 

metaheuristics explored were the simulated annealing and tabu search algorithms.  

Hybrid metaheuristics were developed that showed an improvement to the 

benchmark and improvement to both the SA and TS algorithms.  Not only was the 

mean and minimum values significantly less than current methods but the range of 

result values was narrow.  This enables confidence in the algorithm as the result will 

be better than SA or TS and should fall within a small range.  Two innovative 

algorithms were presented, Diefenbach-Kozan and SPT- Diefenbach-Kozan.  Both 

showed very good improvement to the benchmark. 
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7. CONCLUSION 
 

7.1 Conclusions from the Simulation and Optimisation Models 

 

7.2 Conclusions from the Constructive Heuristics 

 
7.3 Conclusions from the Metaheuristics and Hybrid Metaheuristics 

 
7.4 Future Works 
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A number of conclusions were reached throughout the work of this thesis.  The 

thesis achieved the goal of both analysing and optimising the ED.  Likening the ED 

to a flow shop scheduling problem was innovative and allowed the use of advanced 

scheduling techniques to be applied to the ED as a new technique not seen in the 

literature.  

 

Innovations included: 

 The simulation model was used to analysis the system, particularly the 

interactions between patients and resources, and between different types of 

resources.  In particular the analysis of physician shifts was novel. 

 The application of an optimisation tool to the simulation model for application 

to the ED, particularly measuring tardiness and performance according to 

Australian standards, was a contribution.  This allows for a good long term 

planning tool. 

 Modelling the ED as a multi-stage flow shop scheduling model was 

innovative.  This model is also applicable to a wider range of problems both 

within health and outside, and can also be adapted for use in other EDs. 

 The development of creative constructive heuristics for a reactive scheduling 

model.  There were a number of constructive heuristics that improved the 

system and give rise to questions about whether triage-fifo is the only option 

to consider in sorting waiting ED patients. 

 The application of the simulated annealing and tabu search algorithms to the 

flow shop scheduling problems at hand was a new situation in which neither 

SA or TS had been applied.  It was shown that the SA made more 

improvement to the model at hand than the TS. 

 An innovative and novel algorithm was developed, the Diefenbach-Kozan 

algorithm, that made more improvement to the system than known heuristics 

or metaheuristics. 

 Hybrid constructive heuristics and metaheuristics were developed and the 

best performing was the newly developed algorithm by the author, the SPT-

Diefenbach-Kozan algorithm. 

7.1 Conclusions from the Simulation and Optimisation Models 

One goal of the thesis was to analyse the characteristics of the ED being studied.  

The chosen ED may have many of the same characteristics of other EDs, but it was 

important to analyse the data for the given ED in order to optimise those processes 
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and flows specifically.  However, all of the models and algorithms could be applied 

to other EDs with some prior analysis of their systems.  The characteristics that 

were studied in detail included arrival times, treatment times, admission rates, 

presenting conditions, and post treatment waiting times.  In addition to studying 

these characteristics, processes and policies were observed and studied including 

how patients flow through the system, how doctors spend their time, how everyone 

within the ED works together, and how the ED interacts with other departments. 

 

The thesis investigated the availability of both physicians and beds and showed that 

these were not synchronised.  Additionally the physician numbers throughout the 

day did not match the demand of arriving patients throughout the day.  This led to an 

exploration of physician shift times and what the effect would be if they were 

changed.  When simulating a simple addition or reduction of a physician, the 

greatest impact was found for a change to the night shift.  Consideration was given 

to the practicality of shifting one physician to a night shift and was deemed to be 

infeasible as physicians are supervising, being supervised, or both.  Consequently 

the decision to swap an entire team (intern, resident, and registrar) was examined.  

This resulted in greater performance when a team was swapped from the day shift 

to the night shift.  The system performance increased by 60%. 

 

One of the main advantages the simulation allowed this study to do with great ease 

was to vary the number of each type of bed in the simulated ED and study the 

outcomes.  There were two interesting results arising from this study of bed 

numbers.  Firstly, the five bed phenomenon.  If more than five acute beds were 

taken away then performance does not decrease significantly more than if five beds 

were removed.  Also, if more than five beds were added to the ED it does not 

increase performance any more than the addition of five beds.  Secondly, the total 

number of beds was varied, and within each total number of bed level, the number 

of acute beds was varied with the remainder of beds being subacute.  The level of 

acute beds was interesting for every total bed level greater than 13, as there was no 

increase in performance for more than 13 beds, as opposed to 13 beds.  However, 

there was a drop in performance from 13 to 12 acute beds with little drop after that 

as the number of beds decreased. 

 

Corridor beds were primarily used when category 2 patients arrived and there were 

no acute beds available.  This enabled category 2 patients to still be treated fairly 

soon after arrival.  The corridor beds had a low utilisation (between 10% - 20%), 
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which was ideal as there are some drawbacks to using corridor beds: they have no 

privacy and they do not have the equipment available to them that an acute bed 

offers.  One scenario to combat overcrowding was to consider using the corridor 

beds to treat lower categories only in times of “overcrowding”.  Many people have 

tried to define overcrowding but it has yet to have a quantitative definition.  

Consequently the simulation model was used to determine at what number of 

waiting patients would the system improve by using corridor beds as overflow beds 

for any category (except category 1).  The results indicated that the overflow beds 

should be opened when there is seven patients waiting.  According to senior 

medical staff that is not overcrowded and therefore this policy should not be 

implemented.  Simulation allowed this policy to be tested without any disruption to 

patients or staff and although this was in effect a negative outcome, the positive 

effects of the use of the simulation model can be seen.  A negative outcome is still 

very important as it can ensure the ED does not try policies that are not beneficial. 

 

Fast track units have been in the literature lately as a method of successfully 

treating the non-urgent patients and freeing up the ED for higher acuity patients.  In 

our system using a fast track did not work but was important to investigate.  The 

only increase in efficiency worth noting (although it was small) was when both the 

number of beds and the number of physicians were increased to create a fast track 

unit.  Given the low volume of Category 5 patients combined with the relatively 

lengthy treatment times for the low category presentations at this ED, the fast track 

unit just was not worth implementing.  If beds and physicians were to be added they 

would make more of an effect in the acute area.  The fast track unit would only work 

if the patients using it were using the ED instead of their general practitioner and 

only required 10 - 15 minute consultations.   

 

The optimisation model using the simulation model outputs as inputs is an approach 

only recently used to improve flow in the ED.  Our model is unique with regards to 

constraints and objectives.  This thesis investigated the number and type of beds 

with the optimisation model.  Future use will enable this model to be used to 

optimise the system using other variables such as doctor shift times.  

7.2 Conclusions from the Constructive Heuristics 

Reactive schedules were developed to be implemented in an ongoing fashion 

throughout the day in the ED.  The constructive heuristics were developed to 

determine the available beds at a given time and sort the waiting patients (according 
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to the heuristic being implemented) and assign the patients ranked the highest to 

the available beds.  These heuristics were stochastic for the most part with arrival 

times not being known until the patient arrives, and treatment times not being known 

until the patient has finished treatment and the bed becomes available.  In the 

shortest processing time (SPT) heuristics an initial treatment time is estimated from 

the distribution for that category patient and patients are sorted based on that.  

However, when they enter the system they rarely are there for that exact length of 

time but are randomly assigned a different length of stay and again the heuristic 

does not know their actual length of stay until they are discharged.  An innovative 

constructive heuristic was developed that looked at both the ratio of time spent 

waiting, to the recommended waiting time for each patient and also sorted according 

to SPT.  This constructive heuristic, S-WTRSPT, performed better than the 

benchmark (the current system), while the best performing heuristic is the S-SPT.  

Both of these schedules improved the system the most for access block and 

average length of stay.   

 

Tardiness became the main measure of performance as it takes into account the 

due dates for starting treatment as well as considering the amount of time the 

patient is tardy.  This is in contrast  to just giving a patient a tardy status and then 

not being concerned about starting treatment for that patient because it has already 

affected the tardy results and waiting longer won‟t impact the performance measure 

more than it already has.  Several heuristics improved the tardiness of the system 

(with the increase in brackets): S-WTR (26.6%); S-EDD (33.8%); S-TEDD (33.4%); 

S-WTRSPT (32.1%); S-SPT (34.6%); and S-SPTLOS (37.4%).  When the treatment 

times were stochastic the best performing heuristics were the S-SPTLOS and the S-

WTRSPT. 

 

In the current system the category 3 patients may be treated in either the acute area 

or the subacute area.  This depends on several factors including equipment 

requirements, ability to walk, and likelihood of admission as an inpatient to the 

hospital.  We only investigated the allocation of beds to category 3 patients as the 

remaining categories decisively use a given bed type.  We modelled what 

percentage of category 3 patients should be seen in the acute beds for best overall 

performance of the system.  It was determined that total tardiness was inversely 

proportional to the percentage of category 3 patients treated in the acute area.  

Based on this the recommended policy would be to treat all category 3 patients in 

the acute area as it results in the minimum total tardiness for the system. 
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7.3 Conclusions from the Metaheuristics and Hybrid 

Metaheuristics 

Metaheuristics were implemented for our system, which initially was a one stage 

flow shop scheduling problem with parallel machines, unique ready times, unique 

due dates, unique processing times, and optimising tardiness.  This model had not 

been improved with metaheuristics in the literature and we have contributed to the 

field by implementing simulated annealing (SA) and tabu search (TS) algorithms to 

this model.  Ten neighbourhood generation schemes were programmed, four of 

which are currently known (job swap, job shift, job pre-swap, and machine swap) 

and six that we developed.  The best performing simulated annealing algorithm for 

this setup used the neighbourhood generation scheme of machine swap and this 

decreased the tardiness by 37.4%.  The machine swap SA was also effective in 

reducing variation of tardiness when the treatment times were stochastically varied 

after the schedule was determined.  The improvements and algorithm for the one 

stage flow shop scheduling problem with unique ready times, due dates, and 

processing times, and with parallel machines aiming to minimise tardiness, is a 

unique and novel contribution to the field of OR. 

 

The two stage flow shop scheduling problem with parallel machines at each stage, 

unique ready times, unique due date times, and unique processing times was 

optimised using the simulated annealing algorithm expanded to optimise the two 

stage problem.  Once again the machine swap algorithm was the best performing 

with a 36.9% decrease in total tardiness.  The application of this algorithm to this 

particular FSSP is a contribution to the OR field also, as this situation has not been 

improved with metaheuristics.   

 

With the aim of improving (reducing) tardiness times several metaheuristic and 

hybrid metaheuristic were developed and compared.  The main algorithm developed 

by the author was the Diefenbach-Kozan algorithm.  This algorithm took pieces from 

both the simulated annealing algorithm and the tabu search algorithm and combined 

them.  Not only was Diefenbach-Kozan the best performing metaheuristic (38.8%) it 

was also faster than either the SA or the TS, which was a surprising bonus.  The 

Diefenbach-Kozan, SA, and TS took an average 175.63s, 206.68s, and 880.78s 

respectively.   In addition to having a better minimum tardiness value and mean 

value as compared to SA and TS, the Diefenbach-Kozan had a much narrower 

range of values (1328, 2469, and 1601 respectively)  and a much smaller 
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confidence interval (28.51, 42.93, and 30.49 respectively).  The mean values for the 

Diefenbach-Kozan, SA, and TS were 11722, 12159, and 14775 respectively.  This 

algorithm is of significant contribution as it improves on current methods not only in 

performance but also in getting a better solution faster. 

 

The final hybrid studied was the combination of a constructive heuristic and a 

metaheuristic.  The constructive heuristics were very quick to run (less than 3 

seconds) and gave a good starting solution to be input into the metaheuristic.  The 

best performing constructive heuristic/metaheuristic (CHMH) algorithms were the 

SPT-SA and the SPT-Diefenbach-Kozan.  The minimum value of a number of runs 

decreased the tardiness by 48.1% and 47.4% respectively.  The SPT-Diefenbach-

Kozan however had the better mean tardiness.  This algorithm is a valuable 

contribution to the field. 

7.4 Future Works 

Future work arising from this study will include expanding the optimisation model as 

a long term planning tool and use it to select the best bed mix in the ED, as well as 

the best physician shift times in the ED.  Future works will look at the suggestion 

here that trained ED staff could closely predict treatment times and therefore exploit 

shortest processing time schedules when using the reactive model for short term 

planning in the ED.  Additionally, whether or not the triage-fifo queuing policy is 

actually flexible will be studied.  If it is flexible then there are a range of options for 

selecting the next patient to be treated that improve the performance of the system.   

 

A more detailed study of the treatment paths in the ED will be conducted.  In order 

to apply advanced scheduling techniques to the flow shop scheduling problem more 

information is needed on patient paths, the distributions of the length of time for 

each segment, and also a study on how the doctors spend their time.  If we had this 

comprehensive study of the ED we could apply the multi-stage model to the whole 

ED.  Also the multi-stage model could be applied to the whole hospital, improving 

targets for the hospital. 

 

Future work will also include developing an interface that would require inputs of 

patient specifics from the user and in the background would apply the necessary 

scheduling techniques to improve the system. 
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Limitations with this model that include data collection, understanding of parts of the 

system, and the difference between night and day in the hospital.  The data 

collected is limited in its accuracy in that staff can retrospectively change treatment 

times, this occurs due to the pressure to meet targets, without the understanding 

from management that not meeting targets may be outside the control of the ED 

with the current policies and resources.  Although the ED was well understood there 

were relationships and occurrences that were not fully understood or able to be 

modelled, such as, when senior staff do treat patients to keep the ED flowing, rather 

than just be advisors to junior staff.  Additionally not modelled was the tendency to 

use observation beds and diagnostic beds as overnight beds to keep patients 

awaiting transfer to an inpatient bed to try clear the ED.  What requires more 

understanding is the difference between night and day in the hospital, not only with 

the level of staff, but the access to diagnostic imaging, inpatient wards, and allied 

health professionals.  Patients may also stay in the ED overnight just waiting on a 

specialist consult or an allied health consult.   

 

Future works will aim to understand the interactions with the different compartments 

of the hospital including operating theatres, diagnostic imaging, intensive care 

wards, and general wards.  Additionally an integrated hospital planning and 

scheduling tool should be developed for both reactive and robust scheduling tools 

that will take into account the hospital as a whole.  Taking into consideration the 

whole hospital, and the demands of each section, along with the interactions 

between wards, will be a much healthier approach to improving the patient flow in 

the hospital as all aspects can be considered in unison as opposed to trying to 

optimise individual aspects of the hospital and not considering how the changes will 

impact other systems. 

 

The application of the metaheuristics to the real life ED would require a more in 

depth study of arrival times and treatment times in order to have a more stable 

system.  The metaheuristics were not applied to a stochastic system which would be 

inclusive in future study or be applicable to systems within the hospital that are more 

deterministic in arrivals such as the operating theatres. 

 

The parallel machine scheduling theory should be expanded and developed for 

theoretical improvements.  Additional works will model the multi-stage flow shop 

scheduling system with a theoretical infinite number of stages that will allow for each 

process in the system to be accounted for and considered as patients flow through 
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the system.  Also to be included will be to expand the model from a flow shop 

scheduling model without preemption to a job shop scheduling problem and an open 

shop scheduling problem, both allowing for preemption. 

 

Metaheuristics that optimise the open shop scheduling problem with preemption, 

parallel machines at multiple stages, multi-resources required both simultaneously 

and sequentially (beds, doctors, nurses), unique ready times, unique due dates, 

unique processing times, and optimising tardiness will be developed as opposed to 

the current system of measuring the percent of non-tardy patients.  .  Additionally a 

more detailed and corroborated multi-criteria optimisation model that incorporates 

the key performance measures not only in the ED but in the hospital as a whole will 

be developed. 

 

Developing an online reactive scheduling tool that can be used in real-time in the 

real life system will additionally be part of future works arising from this thesis.  This 

reactive scheduling tool will be expanded to include the hospital as a whole and 

integrate the different operating systems within the hospital.  Hopefully this system 

will amalgamate aspects of the hospital computing environment and eliminate the 

need for several systems to be run simultaneously by developing one overall system 

that will optimise each organisational area individually and as an incorporated whole 

system. 

 

The main components to this thesis are: the simulation model; the optimisation 

model using the simulation outputs; the analytical model; the one stage flow shop 

scheduling model; the two stage flow shop scheduling model; the constructive 

heuristics; the metaheuristics; and the hybrid heuristics.  The contributions here 

including simulation models, constructive heuristics for reactive online scheduling of 

the ED, and metaheuristic approaches for improved scheduling of patients in the 

ED, are able to be expanded to other EDs with some modifications to the models to 

accounts for the characteristics and policies of the particular ED.  The scheduling 

algorithms can also be applied to other flow shop scheduling problems with minor 

modifications and could be applied to scheduling of operating theatres and to 

hospital planning as a whole.  This thesis has analysed and optimised the ED. 
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9. APPENDICES 

Appendix 1 - Disease Categories 

Assigned 
Code 

ICD 
Codes 

Description 

1001 A00 - A79 
Certain infectious and parasitic diseases: Bacterial infections, 
other intestinal infectious diseases, and STDs  

1002 A79 - B99 
Certain infectious and parasitic diseases: Viral infections, 
infections caused by fungi, protozoans, worms, and 
infestations, and sequelae 

1101 
C00 - 
D48 

Neoplasms 

1201 
D49 - 
D89 

Diseases of the blood and blood-forming organs, and certain 
disorders involving the immune mechanism 

1301 E00 - E35 Endocrine diseases 

1302 E40 - E90 Nutritional and metabolic diseases 

1401 F10 - F19 
Mental and behavioural disorders: Result of psychoactive 
substance use 

1402 F20 - F29 
Mental and behavioural disorders: Schizophrenia, schizotypal 
and delusional disorders 

1403 F30 - F39 Mental and behavioural disorders: Mood (affective) disorders 

1404 F40 - F48 
Mental and behavioural disorders: Neurotic, stress-related 
and somatoform disorders 

1405 F60 - F69 
Mental and behavioural disorders: Disorders of adult 
personality and behaviour 

1406 
F00 - F09   
F50 - F59   
F70 - F99 

Mental and behavioural disorders: Organic, child and 
adolescence onset, mental retardation, and other 

1501 
G00 - 
G99 

Diseases of the nervous system 

1601 
H00 - 
H59 

Diseases of the eye and adnexa 

1701 
H60 - 
H99 

Diseases of the ear and mastoid process 

1801 I20 - I25 Diseases of the circulatory system: Ischemic heart diseases 

1802 I26 - I52 
Diseases of the circulatory system: Other forms of heart 
disease 

1803 I60 - I69 Diseases of the circulatory system: Cerebrovascular diseases 

1804 
I00 - I15     
I70 - I99 

Diseases of the circulatory system: Other 

1901 
J00 - J06   
J20 - J22 

Diseases of the respiratory system: Acute upper respiratory 
infections 

1902 J09 - J19 Diseases of the respiratory system: Influenza and pneumonia 

1903 J40 - J47 
Diseases of the respiratory system: Chronic lower respiratory 
diseases 

1904 
J30 - J39   
J60 - J99 

Diseases of the respiratory system: Other 

2001 K00 - K14 
Diseases of the digestive system: Diseases of the oral cavity, 
salivary glands and jaws 

2002 K20 - K31 
Diseases of the digestive system: Diseases of the 
oesophagus, stomach and duodenum 
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2003 K35 - K52 
Diseases of the digestive system: Appendix, hernia and 
noninfective enteritis and colitis 

2004 K65 - K87 
Diseases of the digestive system: Diseases of the 
peritoneum, liver, gallbladder, biliary tract and pancreas 

2005 
K55 - K63  
K90 - K93 

Diseases of the digestive system: Other 

2101 L00 - L08 Diseases of the skin and subcutaneous tissue: Infections 

2102 L09 - L99 Diseases of the skin and subcutaneous tissue: Other 

2201 
M00 - 
M36 

Diseases of the musculoskeletal system and connective 
tissue: Arthropathies and systemic connective tissue 
disorders 

2202 
M40 - 
M54 

Diseases of the musculoskeletal system and connective 
tissue: Dorsopathies 

2203 
M60 - 
M79 

Diseases of the musculoskeletal system and connective 
tissue: Osteopathies, chondropathies, and other disorders 

2301 
N00 - 
N16 

Diseases of the genitourinary system: Urinary system - 
Glomerular and renal tubulo-interstitial diseases 

2302 
N17 - 
N19 

Diseases of the genitourinary system: Renal failure 

2303 
N20 - 
N23 

Diseases of the genitourinary system: Urolithiasis 

2304 
N25 - 
N39 

Diseases of the genitourinary system: Other disorders of the 
urinary system 

2305 
N40 - 
N99 

Diseases of the genitourinary system: Pelvis, genitals and 
breasts 

2401 

O00 - 
O99 P00 
- P96  
Q00 - 
Q99 

Pregnancy and childbirth conditions and abnormalities 

2501 
R00 - 
R09 

Symptoms, signs and abnormal clinical and laboratory 
findings: Circulatory and respiratory systems 

2502 
R10 - 
R19 

Symptoms, signs and abnormal clinical and laboratory 
findings: Digestive system and abdomen 

2503 
R20 - 
R39 

Symptoms, signs and abnormal clinical and laboratory 
findings: Skin, subcutaneous tissue, nervous and 
musculoskeletal systems, and urinary system symptoms and 
signs 

2504 
R50 - 
R69 

Symptoms, signs and abnormal clinical and laboratory 
findings: General symptoms and signs 

2505 
R40 - 
R49 R70 
- R99 

Symptoms, signs and abnormal clinical and laboratory 
findings: Cognition, perception, emotional state and 
behaviour, speech and voice, abnormal clinical and laboratory 
findings, and others 

2601 S00 - S09 Injury: Head 

2602 S10 - S19 Injury: Neck 

2603 S20 - S29 Injury: Thorax 

2604 S30 - S39 Injury: Abdomen, lower back, lumbar spine and pelvis 

2605 S40 - S49 Injury: Shoulder and upper arm 

2606 S50 - S59 Injury: Elbow and forearm 

2607 S60 - S69 Injury: Wrist and hand 

2608 S70 - S79 Injury: Hip and thigh 

2609 S80 - S89 Injury: Knee and lower leg 

2610 S90 - S99 Injury: Ankle and foot 
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2611 T15 - T19 
Poisoning and consequences of external causes: Foreign 
body entering through natural orifice 

2612 T20 - T32 
Poisoning and consequences of external causes: Burns and 
corrosions 

2613 T36 - T65 
Poisoning and consequences of external causes: Poisoning 
by drugs, medicaments and biological substances, and toxic 
effects of chiefly nonmedicinal substances 

2614 T80 - T88 
Poisoning and consequences of external causes: 
Complications of surgical and medical care 

2615 

T00 - T14  
T33 - T35  
T66 - T79   
T89 - T98 

Injury, Poisoning and external causes: Other 

2701 V01 - Y98 External causes of morbidity and mortality 

2801 Z00 - Z13 
Factors influencing health status and contact with health 
services: Examination and investigation 

2802 Z14 - Z99 
Factors influencing health status and contact with health 
services: Specific procedures, potential health hazards, and 
other 

2901 Z53 Did Not Wait 
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Appendix 2  - Interarrival Distributions – Day 

 

Category DAY 

1001 Pearson Type 6,0.,2.53e+003,1.25,6.64 

1002 Weibull,0.,1.03,1.09e+003 

1101 Gamma,0.,629,0.88 

1201 Weibull,0.,0.876,988 

1301 Weibull,0.,1.,1.e+003 

1302 Weibull,0.,0.926,1.44e+003 

1401 Weibull,0.,0.91,771 

1402 Gamma,0.,345,1.09 

1403 Pearson Type 6,0.,3.07e+003,1.18,10.4 

1404 Pearson Type 6,0.,2.9e+003,1.18,5.66 

1405 Weibull,0.,0.921,834 

1406 Pearson Type 6,0.,1.81e+004,0.863,17.5 

1501 Pearson Type 6,0.,2.46e+003,1.14,10.8 

1601 Weibull,0.,0.857,667 

1701 Pearson Type 6,0.,1.86e+003,1.11,3.15 

1801 Weibull,0.,0.97,243 

1802 Weibull,0.,0.976,341 

1803 Pearson Type 6,0.,1.36e+004,0.963,17. 

1804 Gamma,0.,508,0.859 

1901 Gamma,0.,835,0.965 

1902 Weibull,0.,0.943,590 

1903 Gamma,0.,672,0.896 

1904 Gamma,0.,867,0.986 

2001 Gamma,0.,1.69e+003,0.936 

2002 Gamma,0.,1.03e+003,0.966 

2003 Pearson Type 6,0.,2.05e+004,1.,21.7 

2004 Pearson Type 6,0.,6.23e+003,1.05,11.8 

2005 Weibull,0.,1.04,427 

2101 Pearson Type 6,0.,1.54e+003,1.09,5.44 

2102 Exponential,0.,1.07e+003 

2201 Weibull,0.,1.02,1.06e+003 

2202 Weibull,0.,1.02,341 

2203 Pearson Type 6,0.,7.02e+003,0.958,9.87 

2301 Weibull,0.,1.06,2.62e+003 

2302 Weibull,0.,1.1,1.58e+003 

2303 Weibull,0.,0.963,1.29e+003 

2304 Gamma,0.,550,1.02 

2305 Exponential,0.,1.09e+003 

2401 Gamma,0.,5.68e+003,1.01 

2501 Exponential,0.,232 

2502 Exponential,0.,303 

2503 Weibull,0.,1.05,576 

2504 Pearson Type 6,0.,2.24e+003,1.15,9.93 

2505 Exponential,0.,1.36e+003 

2601 Gamma,0.,217,0.857 

2602 Weibull,0.,0.795,570 

2603 Exponential,0.,666 

2604 Gamma,0.,761,0.923 

2605 Gamma,0.,578,1.03 

2606 Pearson Type 6,0.,4.2e+003,1.2,10.3 

2607 Weibull,0.,1.02,217 

2608 Weibull,0.,0.987,668 

2609 Weibull,0.,1.01,389 

2610 Pearson Type 6,0.,3.81e+003,1.,10. 

2611 Gamma,0.,1.75e+003,0.833 

2612 Pearson Type 6,0.,1.15e+004,1.54,10. 

2613 Gamma,0.,1270,0.647 

2614 Weibull,0.,0.949,1.02e+003 

2615 Weibull,0.,0.965,734 

2701 Weibull,0.,0.83,980 

2801 Weibull,0.,0.86,459 

2802 Weibull,0.,0.921,398 

2901 Pearson Type 6,0.,399,1.11,4.38 

 

 

Parameter Key: 
Beta, min, max, shape1, shape2 
Erlang, min, shape, scale 
Exponential, min, mean 
Gamma, min, shape, scale 
Pearson Type 6, min, scale, shape1, shape2  
Weibull, min, shape, scale 
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Appendix 3 - Interarrival Distributions – Evening 

 

Category EVENING 

1001 Exponential,0.,658 

1002 LogLogistic,0.,1.38,650 

1101 Weibull,0.,1.2,2.13e+003 

1201 Weibull,0.,1.19,3.49e+003 

1301 Exponential,0.,1.94e+003 

1302 Pearson Type 6,0.,3.35e+004,1.22,10. 

1401 Weibull,0.,1.12,609 

1402 Beta,0.,4.56e+003,0.86,7.04 

1403 Weibull,0.,0.958,569 

1404 Weibull,0.,0.949,820 

1405 Weibull,0.,1.02,687 

1406 Exponential,0.,999 

1501 Gamma,0.,526,0.856 

1601 LogLogistic,0.,1.43,552 

1701 LogLogistic,0.,1.46,1.e+003 

1801 Gamma,0.,399,0.978 

1802 Weibull,0.,1.02,759 

1803 Pearson Type 6, 0, 2530, 1.98, 4.38 

1804 Pearson Type 6,0.,2.46e+003,1.19,3.13 

1901 
Pearson Type 
6,0.,6.01e+004,0.758,46.7 

1902 Gamma,0.,934,0.793 

1903 Pearson Type 6,0.,5.69e+003,1.21,10. 

1904 Weibull,0.,0.868,1.53e+003 

2001 Weibull,0.,1.06,2.59e+003 

2002 Pearson Type 6,0.,3.01e+003,1.49,4.56 

2003 Weibull,0.,1.06,1.46e+003 

2004 Pearson Type 6,0.,5.92e+003,1.28,10. 

2005 Weibull,0.,1.,697 

2101 Gamma,0.,664,0.88 

2102 Gamma,0.,2.36e+003,0.761 

2201 Gamma,0.,2.49e+003,0.772 

2202 Weibull,0.,0.917,764 

2203 Pearson Type 6,0.,9.87e+003,1.38,10. 

2301 LogLogistic,8.64e-029,1.32,4.62e+003 

2302 Pearson Type 6, 0,3970,1.64,3.31 

2303 Weibull,0.,0.87,1.53e+003 

2304 Gamma,0.,674,0.847 

2305 Weibull,0.,1.02,1.58e+003 

2401 Exponential,0.,5.89e+003 

2501 Weibull,0.,1.02,322 

2502 Weibull,0.,0.989,422 

2503 Gamma,0.,1.18e+003,0.773 

2504 Exponential,0.,440 

2505 Exponential,0.,2.87e+003 

2601 Gamma,0.,225,0.917 

2602 Weibull,0.,1.,797 

2603 Pearson Type 6,0.,6.24e+003,1.26,10. 

2604 Weibull,0.,1.09,1.46e+003 

2605 LogNormal,0.,811,1.29e+003 

2606 Weibull,0.,1.07,736 

2607 Erlang,0.,368,1. 

2608 Pearson Type 6,0.,7.34e+005,1.09,621 

2609 Gamma,0.,591,0.863 

2610 Weibull,0.,1.11,568 

2611 Pearson Type 6,0.,5.32e+003,1.36,6.06 

2612 Weibull,0.,1.14,2.09e+003 

2613 Weibull,0.,1.01,670 

2614 Exponential,0.,1.68e+003 

2615 Weibull,0.,1.17,1.08e+003 

2701 Exponential,0.,1.76e+003 

2801 Weibull,0.,1.08,1.02e+003 

2802 Weibull,0.,0.97,622 

2901 Pearson Type 6,0.,380,1.09,3.93 

 
 
Parameter Key: 
Beta, min, max, shape1, shape2 
Erlang, min, shape, scale 
Exponential, min, mean 
Gamma, min, shape, scale 
Log-Logistic, min, shape, scale 

Log-Normal, min, mean, standard 
deviation 
Pearson Type 6, min, scale, shape1, 
shape2  
Weibull, min, shape, scale 
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Appendix 4 - Interarrival Distributions – Night 

Category NIGHT 

1001 Gamma,0.,1.28e+003,0.919 

1002 Erlang,0.,2.8e+003,1. 

1101 Erlang,0.,2.56e+003,1. 

1201 Weibull,0.,1.03,4.83e+003 

1301 Gamma,0.,3.33e+003,0.953 

1302 Weibull,0.,0.843,5.83e+003 

1401 Gamma,0.,1.27e+003,0.866 

1402 Exponential,0.,1.19e+003 

1403 Weibull,0.,1.08,1.49e+003 

1404 Weibull,0.,1.07,1.84e+003 

1405 Gamma,0.,1.93e+003,0.69 

1406 Exponential,0.,3.55e+003 

1501 Gamma,0.,845,0.873 

1601 Exponential,0.,2.76e+003 

1701 Erlang,0.,1.77e+003,1. 

1801 Weibull,0.,0.955,557 

1802 Weibull,0.,1.03,984 

1803 Weibull,0.,0.895,2.4e+003 

1804 Exponential,0.,2.11e+003 

1901 
Pearson Type 
6,0.,3.27e+003,1.15,3.14 

1902 Pearson Type 6, 0, 2800, 1.21, 3.19  

1903 Weibull,0.,0.939,1.11e+003 

1904 Weibull,0.,1.05,1.44e+003 

2001 Gamma,0.,3.44e+003,0.826 

2002 Beta,0.,7.02e+003,0.794,2.61 

2003 Beta,0.,1.03e+004,0.625,1.41 

2004 Gamma,0.,1.19e+003,1.02 

2005 Weibull,0.,0.845,865 

2101 Weibull,0.,1.06,1.51e+003 

2102 Exponential,0.,3.43e+003 

2201 Exponential,0.,2.21e+003 

2202 Weibull,0.,1.,911 

2203 Gamma,0.,1.87e+003,0.745 

2301 Exponential,0.,5.9e+003 

2302 Weibull,0.,0.734,4.65e+003 

2303 Gamma,0.,1.61e+003,0.953 

2304 Exponential,0.,1.18e+003 

2305 Weibull,0.,1.06,2.71e+003 

2401 
Pearson Type 
6,0.,1.34e+004,1.4,2.1 

2501 Weibull,0.,0.909,539 

2502 Beta,0.,4.05e+003,0.8,3.98 

2503 Gamma,0.,1.35e+003,0.857 

2504 
Pearson Type 
6,0.,2.47e+004,0.888,28.2 

2505 Erlang,0.,3.97e+003,1. 

2601 
Pearson Type 
6,0.,1.21e+003,1.05,3.96 

2602 Exponential,0.,1.99e+003 

2603 Exponential,0.,1.59e+003 

2604 Weibull,0.,0.843,1.93e+003 

2605 Weibull,0.,1.06,1.55e+003 

2606 Weibull,0.,0.894,1.43e+003 

2607 Weibull,0.,0.954,671 

2608 Weibull,0.,1.03,1.94e+003 

2609 Gamma,0.,1.54e+003,1.02 

2610 Exponential,0.,1.06e+003 

2611 Weibull,0.,1.09,3.98e+003 

2612 Weibull,0.,1.02,3.97e+003 

2613 Gamma,0.,1.38e+003,0.603 

2614 Exponential,0.,2.9e+003 

2615 Exponential,0.,1.81e+003 

2701 Beta,0.,2.54e+004,0.852,4.27 

2801 Gamma,0.,1.64e+003,0.834 

2802 Exponential,0.,1.05e+003 

2901 Weibull,0.,0.804,233 

 

 
Parameter Key: 
 
Beta, min, max, shape1, shape2 
Erlang, min, shape, scale 
Exponential, min, mean 
Gamma, min, shape, scale 
 

 
 
Pearson Type 6, min, scale, shape1, 
shape2  
Weibull, min, shape, scale 
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Appendix 5 - Triage Percentage for each Category 

 
Assigned 

Code 
Category 1 Category 2 Category 3 Category 4 Category 5 

1001 2.0144% 9.6403% 66.7626% 20.2878% 1.2950% 

1002 0.0000% 3.5519% 50.0000% 38.2514% 8.1967% 

1101 0.6289% 7.5472% 59.3291% 22.2222% 10.2725% 

1201 0.7168% 17.2043% 66.6667% 11.8280% 3.5842% 

1301 1.2012% 13.5135% 60.6607% 19.2192% 5.4054% 

1302 1.5000% 16.5000% 67.5000% 14.0000% 0.5000% 

1401 3.2787% 19.3443% 55.9016% 18.5246% 2.9508% 

1402 1.4720% 14.9166% 59.1757% 21.2954% 3.1403% 

1403 0.4561% 10.4903% 64.7662% 21.3227% 2.9647% 

1404 1.1152% 15.2416% 54.0892% 26.2082% 3.3457% 

1405 2.1526% 12.3288% 68.6888% 14.8728% 1.9569% 

1406 1.7677% 14.8990% 63.1313% 16.6667% 3.5354% 

1501 2.7295% 6.9479% 71.7949% 17.2043% 1.3234% 

1601 0.0000% 4.3750% 50.0000% 40.4167% 5.2083% 

1701 0.2375% 1.6627% 28.7411% 56.5321% 12.8266% 

1801 1.0589% 80.8074% 16.6115% 1.1251% 0.3971% 

1802 6.3201% 43.3231% 45.3619% 4.4852% 0.5097% 

1803 10.3614% 19.7590% 65.7831% 4.0964% 0.0000% 

1804 2.1346% 9.6880% 53.2020% 30.8703% 4.1051% 

1901 0.2037% 4.8880% 45.8248% 42.9735% 6.1100% 

1902 1.6502% 24.9175% 61.0561% 11.8812% 0.4950% 

1903 2.0249% 23.3645% 60.7477% 12.3053% 1.5576% 

1904 9.6491% 28.5088% 49.5614% 9.8684% 2.4123% 

2001 0.0000% 0.8850% 35.3982% 54.4248% 9.2920% 

2002 0.4751% 18.0523% 61.7577% 17.8147% 1.9002% 

2003 0.0000% 1.6807% 73.3894% 19.6078% 5.3221% 

2004 0.1534% 7.8221% 80.2147% 10.7362% 1.0736% 

2005 0.5656% 6.4480% 72.9638% 18.2127% 1.8100% 

2101 0.0000% 1.3825% 35.8295% 54.1475% 8.6406% 

2102 0.0000% 2.2951% 20.6557% 52.7869% 24.2623% 

2201 0.0000% 1.4925% 29.5522% 55.5224% 13.4328% 

2202 0.1001% 3.0030% 36.0360% 55.2553% 5.6056% 

2203 0.2174% 7.6087% 28.4783% 52.3913% 11.3043% 

2301 0.0000% 2.9630% 71.8519% 25.1852% 0.0000% 

2302 1.3825% 11.5207% 68.2028% 16.1290% 2.7650% 

2303 0.0000% 3.1073% 84.7458% 11.2994% 0.8475% 

2304 0.4184% 4.7420% 63.1799% 30.2650% 1.3947% 

2305 0.0000% 8.5044% 59.2375% 25.2199% 7.0381% 

2401 1.5385% 12.3077% 66.1538% 20.0000% 0.0000% 

2501 0.4279% 47.4939% 41.1369% 9.4743% 1.4670% 

2502 0.4717% 4.9528% 68.4748% 23.4277% 2.6730% 

2503 0.1613% 4.0323% 49.5161% 37.2581% 9.0323% 

2504 1.1191% 11.2710% 64.8281% 19.5843% 3.1974% 

2505 2.4291% 8.5020% 55.4656% 27.9352% 5.6680% 

2601 5.7390% 12.8999% 45.8101% 31.4373% 4.1138% 

2602 2.8021% 23.9930% 55.3415% 15.5867% 2.2767% 

2603 7.7990% 25.1300% 41.9411% 23.5702% 1.5598% 
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Assigned 
Code 

Category 1 Category 2 Category 3 Category 4 Category 5 

2604 10.9409% 21.0066% 43.7637% 23.1947% 1.0941% 

2605 0.4580% 14.6565% 51.4504% 30.3817% 3.0534% 

2606 1.1869% 8.4570% 41.8398% 42.8783% 5.6380% 

2607 0.1248% 5.1810% 33.3333% 51.8727% 9.4881% 

2608 3.3268% 9.7847% 60.6654% 24.2661% 1.9569% 

2609 1.3714% 8.1143% 33.3714% 50.2857% 6.8571% 

2610 0.4459% 2.8986% 19.5095% 66.1093% 11.0368% 

2611 0.4032% 4.4355% 51.2097% 38.3065% 5.6452% 

2612 1.8692% 13.0841% 40.1869% 35.9813% 8.8785% 

2613 7.1678% 24.6503% 58.0420% 8.7413% 1.3986% 

2614 0.0000% 7.8947% 58.1871% 31.5789% 2.3392% 

2615 2.9644% 20.9486% 40.5138% 31.0277% 4.5455% 

2701 0.0000% 3.8462% 47.1154% 41.0256% 8.0128% 

2801 0.1486% 5.4978% 30.4606% 32.5409% 31.3522% 

2802 0.4499% 3.9370% 24.6344% 38.4702% 32.5084% 

2901 0.0000% 0.8100% 16.7290% 58.1308% 24.3302% 
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Appendix 6 - Treatment Time Distributions 
 

Category Treatment Time Distribution 

1001 Erlang: 241, 2 

1002 Pearson Type 6: 629, 1.71, 7.06 

1101 Gamma: 139, 1.5 

1201 LogLogistic: 215, 2.63 

1301 Weibull: 1257, 1.31 

1302 Erlang: 303, 3 

1401 Exponential: 342 

1402 Pearson Type 6: 1240, 0.93, 5.64 

1403 Pearson Type 6: 1340, 1.1, 7.15 

1404 LogLogistic: 118, 1.55 

1405 Pearson Type  6:878, 1.06, 4.36 

1406 Pearson Type 6: 4110, 1.4, 18 

1501 Gamma: 160, 1.64 

1601 LogLogistic: 87.1, 1.82 

1701 Pearson Type 6: 92.8, 2.16, 2.49 

1801 Pearson Type 6: 5000, 2.81, 53.2 

1802 Erlang: 272, 3 

1803 Beta: 1320, 1.42, 4.86 

1804 Gamma: 143, 1.41 

1901 Pearson Type 6: 214, 1.74, 3.27 

1902 LogLogistic: 247, 2.59 

1903 Weibull: 280, 1.48 

1904 Weibull: 276, 1.53 

2001 Pearson Type 6: 316, 1.6, 5.32 

2002 Gamma: 96.1, 2.14 

2003 Weibull: 215, 1.31 

2004 Erlang: 269, 2 

2005 Gamma: 121, 2.1 

2101 Pearson Type 6: 370, 1.94, 4.63 

2102 LogLogistic: 88.9, 1.52 

2201 Gamma: 131, 1.52 

2202 Pearson Type 6: 290, 2, 4.25 

2203 Pearson Type 6: 292, 2.01, 4.58 

2301 LogLogistic: 215, 2.32 

2302 Gamma: 130, 2.26 

2303 Weibull: 331, 1.35 

2304 Erlang: 254, 2 

2305 Gamma: 116, 1.65 

2401 Weibull: 210, 1.1 

2501 LogLogistic: 200, 2.32 

2502 Gamma: 142, 1.85 

2503 Gamma: 154, 1.45 

2504 Gamma: 160, 1.59 

2505 Gamma: 159, 1.6 

2601 Pearson Type 6: 401, 1.46, 4.05 

2602 Gamma: 139, 1.3 

2603 Pearson Type 6: 714, 1.89, 8.31 

2604 Gamma: 149, 1.36 

2605 Pearson Type 6: 211, 2.17, 3.9 

2606 Pearson Type 6: 215, 2.04, 3.91 

2607 LogLogistic: 82.8, 1.8 

2608 Gamma: 98.1, 1.82 

2609 LogLogistic: 99.2, 1.99 

2610 Pearson Type 6: 121, 2.2, 3.57 

2611 LogLogistic: 66, 2.03 

2612 Pearson Type 6: 148, 1.57, 3.04 

2613 Gamma: 270, 1.29 

2614 Weibull: 185, 1.25 

2615 Pearson Type 6: 1020, 1.47, 9.12 

2701 Pearson Type 6: 123, 1.4, 4.02 

2801 Pearson Type 6: 223, 1.05, 2.46 

2802 Pearson Type 6: 318, 0.971, 3.04 

2901 0 
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Appendix 7 – Bed Variations 

Run Acute Minor Sub-Acute Total 

1 8 2 0 10 

2 7 2 1 10 

3 6 2 2 10 

4 5 2 3 10 

5 4 2 4 10 

6 3 2 5 10 

7 2 2 6 10 

8 1 2 7 10 

9 2 0 8 10 

10 1 0 9 10 

11 0 0 10 10 

12 9 2 0 11 

13 8 2 1 11 

14 7 2 2 11 

15 6 2 3 11 

16 5 2 4 11 

17 4 2 5 11 

18 3 2 6 11 

19 3 1 7 11 

20 3 0 8 11 

21 2 0 9 11 

22 1 0 10 11 

23 10 2 0 12 

24 9 2 1 12 

25 8 2 2 12 

26 7 2 3 12 

27 6 2 4 12 

28 5 2 5 12 

29 4 2 6 12 

30 3 2 7 12 

31 3 1 8 12 

32 3 0 9 12 

33 2 0 10 12 

34 11 2 0 13 

35 10 2 1 13 

36 9 2 2 13 

37 8 2 3 13 

38 7 2 4 13 

39 6 2 5 13 

40 5 2 6 13 

41 4 2 7 13 

42 4 1 8 13 

43 4 0 9 13 

44 3 0 10 13 

45 12 2 0 14 

46 11 2 1 14 

47 10 2 2 14 

48 9 2 3 14 

49 8 2 4 14 

50 7 2 5 14 

51 6 2 6 14 

52 5 2 7 14 

53 5 1 8 14 

54 5 0 9 14 

55 4 0 10 14 

56 13 2 0 15 

57 12 2 1 15 

58 11 2 2 15 

59 10 2 3 15 

60 9 2 4 15 

61 8 2 5 15 

62 7 2 6 15 

63 6 2 7 15 

64 5 2 8 15 

65 5 1 9 15 

66 5 0 10 15 

67 14 2 0 16 

68 13 2 1 16 

69 12 2 2 16 

70 11 2 3 16 

71 10 2 4 16 

72 9 2 5 16 

73 8 2 6 16 

74 7 2 7 16 

75 6 2 8 16 

76 5 2 9 16 

77 4 2 10 16 

78 15 2 0 17 

79 14 2 1 17 

80 13 2 2 17 

81 12 2 3 17 

82 11 2 4 17 

83 10 2 5 17 

84 9 2 6 17 

85 8 2 7 17 

86 7 2 8 17 

87 6 2 9 17 

88 5 2 10 17 

89 16 2 0 18 

90 15 2 1 18 

91 14 2 2 18 

92 13 2 3 18 

93 12 2 4 18 

94 11 2 5 18 

95 10 2 6 18 

96 9 2 7 18 

97 8 2 8 18 

98 7 2 9 18 

99 6 2 10 18 
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100 17 2 0 19 

101 16 2 1 19 

102 15 2 2 19 

103 14 2 3 19 

104 13 2 4 19 

105 12 2 5 19 

106 11 2 6 19 

107 10 2 7 19 

108 9 2 8 19 

109 8 2 9 19 

110 7 2 10 19 

111 18 2 0 20 

112 17 2 1 20 

113 16 2 2 20 

114 15 2 3 20 

115 14 2 4 20 

116 13 2 5 20 

117 12 2 6 20 

118 11 2 7 20 

119 10 2 8 20 

120 9 2 9 20 

121 8 2 10 20 

122 19 2 0 21 

123 18 2 1 21 

124 17 2 2 21 

125 16 2 3 21 

126 15 2 4 21 

127 14 2 5 21 

128 13 2 6 21 

129 12 2 7 21 

130 11 2 8 21 

131 10 2 9 21 

132 9 2 10 21 

133 20 2 0 22 

134 19 2 1 22 

135 18 2 2 22 

136 17 2 3 22 

137 16 2 4 22 

138 15 2 5 22 

139 14 2 6 22 

140 13 2 7 22 

141 12 2 8 22 

142 11 2 9 22 

143 10 2 10 22 

144 21 2 0 23 

145 20 2 1 23 

146 19 2 2 23 

147 18 2 3 23 

148 17 2 4 23 

149 16 2 5 23 

150 15 2 6 23 

151 14 2 7 23 

152 13 2 8 23 

153 12 2 9 23 

154 11 2 10 23 

155 22 2 0 24 

156 21 2 1 24 

157 20 2 2 24 

158 19 2 3 24 

159 18 2 4 24 

160 17 2 5 24 

161 16 2 6 24 

162 15 2 7 24 

163 14 2 8 24 

164 13 2 9 24 

165 12 2 10 24 

166 23 2 0 25 

167 22 2 1 25 

168 21 2 2 25 

169 20 2 3 25 

170 19 2 4 25 

171 18 2 5 25 

172 17 2 6 25 

173 16 2 7 25 

174 15 2 8 25 

175 14 2 9 25 

176 13 2 10 25 

177 24 2 0 26 

178 23 2 1 26 

179 22 2 2 26 

180 21 2 3 26 

181 20 2 4 26 

182 19 2 5 26 

183 18 2 6 26 

184 17 2 7 26 

185 16 2 8 26 

186 15 2 9 26 

187 14 2 10 26 

188 25 2 0 27 

189 24 2 1 27 

190 23 2 2 27 

191 22 2 3 27 

192 21 2 4 27 

193 20 2 5 27 

194 19 2 6 27 

195 18 2 7 27 

196 17 2 8 27 

197 16 2 9 27 

198 15 2 10 27 

199 26 2 0 28 

200 25 2 1 28 

201 24 2 2 28 

202 23 2 3 28 

203 22 2 4 28 
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204 21 2 5 28 

205 20 2 6 28 

206 19 2 7 28 

207 18 2 8 28 

208 17 2 9 28 

209 16 2 10 28 

210 27 2 0 29 

211 26 2 1 29 

212 25 2 2 29 

213 24 2 3 29 

214 23 2 4 29 

215 22 2 5 29 

216 21 2 6 29 

217 20 2 7 29 

218 19 2 8 29 

219 18 2 9 29 

220 17 2 10 29 

221 28 2 0 30 

222 27 2 1 30 

223 26 2 2 30 

224 25 2 3 30 

225 24 2 4 30 

226 23 2 5 30 

227 22 2 6 30 

228 21 2 7 30 

229 20 2 8 30 

230 19 2 9 30 

231 18 2 10 30 
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Appendix 8 - CPLEX Model 
 
//declare and obtain parameters from data file 
int nbPatients=...; 
int nbProcesses=...; 
int nbResusBeds=...; 
int nbAcuteBeds=...; 
int nbSubAcuteBeds=...; 
int nbTriageStaff=...; 
int nbDoctors=...; 
int nbNurses=...; 
int nbBeds=nbResusBeds+nbAcuteBeds+nbSubAcuteBeds; 
int nbDrs=nbTriageStaff+nbDoctors+nbNurses; 
 
 
//declare arrays 
range 
  Patients 1..nbPatients, 
  Processes 1..nbProcesses, 
  Beds 1..nbBeds, 
  Doctors 1..nbDrs, 
  Boolean 0..1; 
   
 
//declare and obtain data arrays 
int duration[Patients,Processes]=...; 
int ready[Patients]=...; 
int triagecategory[Patients]=...; 
int processresource[Processes]=...; 
int BC[1..2]=[0,nbProcesses]; 
 
 
//declare variables and activities 
int totalDuration=sum(i in Patients,j in Processes)duration[i,j]+max(i in Patients)ready[i]; 
var Boolean y[Patients,Processes,Beds]; 
var Boolean x[Patients,Processes,Doctors]; 
var Boolean sequencePatients[Patients,Processes,Patients,Processes]; 
var Boolean u[Patients,Processes]; 
var Boolean v[Patients,Beds]; 
var int+ totalWaitingTime in 0..totalDuration*nbPatients; 
var int+ start[Patients,Processes] in 0..totalDuration; 
var int+ endtime[Patients] in 0..totalDuration; 
var float+ meanWaitingTime in 0..totalDuration; 
var int+ totalFlowTime in 0..totalDuration*nbPatients; 
var float+ meanFlowTime in 0..totalDuration; 
 
 
//Objective Function 
minimize 
   totalWaitingTime 
   
 
//Constraints 
subject to { 
 
// Makespan 
forall(i in Patients) 
  endtime[i]=(start[i,nbProcesses]+duration[i,nbProcesses]); 
//makespan=(max(i in Patients) endtime[i]);    
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// Processes start after arrival time 
forall(i in Patients) 
  start[i,1] >= ready[i]; 
   
// Processes are completed in order 
forall(i in Patients,j in 1..nbProcesses-1) 
  start[i,j+1] >= start[i,j] + duration[i,j]; 
 
// Patients are assigned to correct type of bed based on triage category 
forall(i in Patients,j in 2..nbProcesses){ 
  if triagecategory[i] = 1 then 
    sum(b in Beds:b>nbResusBeds) y[i,j,b] = 0 
  else 
    if or(tc in 2..3)(triagecategory[i]=tc) then 
      { 
      sum(b in Beds:b<=nbResusBeds) y[i,j,b] = 0; 
      sum(b in Beds:b>nbAcuteBeds+nbResusBeds) y[i,j,b] = 0; 
      } 
    else 
      if or(tc in 4..5)(triagecategory[i] = tc) then 
        sum(b in Beds:b<=nbResusBeds+nbAcuteBeds)y[i,j,b] = 0 
      endif 
    endif 
  endif; 
}; 
 
// Patients do not change beds within type for Processes 2->J 
forall (i in Patients,b in Beds){ 
  -1*(sum(j in 3..nbProcesses)y[i,j,b]-(nbProcesses-2)) <= 1000*v[i,b]; 
   y[i,2,b] <= 1000*(1-v[i,b]);  
}; 
  
// Processes are completed by appropriate staff resource 
forall(i in Patients,j in Processes){ 
  if processresource[j] = 1 then 
    sum(d in Doctors:d>nbTriageStaff) x[i,j,d] = 0 
  else 
    if processresource[j] = 2 then 
      { 
      sum(d in Doctors:d<=nbTriageStaff) x[i,j,d] = 0; 
      sum(d in Doctors:d>nbTriageStaff+nbDoctors) x[i,j,d] = 0; 
      } 
    else 
      if processresource[j] = 3 then 
        sum(d in Doctors:d<=nbTriageStaff+nbDoctors)x[i,j,d] = 0 
      endif 
    endif 
  endif; 
};   
 
 
// One bed is used per patient but no bed required for triage 
forall(i in Patients,j in 2..nbProcesses) 
  sum(b in Beds) y[i,j,b] = 1; 
forall(i in Patients) 
  sum(b in Beds) y[i,j,b] = 0; 
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// One doctor is used per patient 
forall(i in Patients,j in Processes) 
  sum(d in Doctors) x[i,j,d] = 1; 
   
// Sequencing constraints 
forall(i in Patients,ii in Patients,d in Doctors,b in Beds,j in Processes,jj in Processes){ 
  start[ii,jj] >= start[i,j]+(y[i,j,b]*duration[i,j])-totalDuration*(1-sequencePatients[i,j,ii,jj]); 
  start[ii,jj] >= start[i,j]+(x[i,j,d]*duration[i,j])-totalDuration*(1-sequencePatients[i,j,ii,jj]); 
  }; 
 
 
 
// Logical relationship between assignment and sequencing variables 
forall(d in Doctors) 
  forall(i in Patients) 
    forall(ii in Patients) 
      if i=ii then 
        forall(j in Processes,jj in Processes:jj<>j) 
          sequencePatients[i,j,ii,jj]+sequencePatients[ii,jj,i,j] >= x[i,j,d] + x[ii,jj,d] - 1 
      else 
        forall(j in Processes,jj in Processes) 
          sequencePatients[i,j,ii,jj]+sequencePatients[ii,jj,i,j] >= x[i,j,d] + x[ii,jj,d] - 1 
      endif;     
           
forall(b in Beds) 
  forall(i in Patients) 
    forall(ii in Patients) 
      if i=ii then 
        forall(j in Processes,jj in Processes:jj<>j) 
          sequencePatients[i,j,ii,jj]+sequencePatients[ii,jj,i,j] >= y[i,j,b] + y[ii,jj,b] - 1 
      else 
        forall(j in Processes,jj in Processes) 
          sequencePatients[i,j,ii,jj]+sequencePatients[ii,jj,i,j] >= y[i,j,b] + y[ii,jj,b] - 1 
      endif;             
 
// Relationship between beds and doctors 
forall(i in Patients,j in 2..nbProcesses){ 
  -1*(sum(b in Beds)y[i,j,b] - 1) <= 1000*u[i,j]; 
  sum(d in Doctors)x[i,j,d]  <= 1000*(1-u[i,j]); 
}; 
    
 
totalWaitingTime=sum(i in Patients,j in 2..nbProcesses)(start[i,j]-start[i,j-1]-duration[i,j-1]) 
                  +sum(i in Patients) (start[i,1]-ready[i]); 
                   
meanWaitingTime=totalWaitingTime/nbPatients; 
 
totalFlowTime=sum(i in Patients)(start[i,nbProcesses]+duration[i,nbProcesses]-ready[i]); 
meanFlowTime=totalFlowTime/nbPatients; 
 
 
} ;   
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Appendix 9 - CPLEX Data Example 

 
nbPatients=10; 
nbProcesses=3; 
 
nbResusBeds=2; 
nbAcuteBeds=4; 
nbSubAcuteBeds=2; 
 
nbTriageStaff=1; 
nbDoctors=3; 
nbNurses=3; 
 
 
duration=[ 
[14,85,42], 
[9,51,26], 
[5,28,14], 
[48,289,144], 
[21,124,62], 
[1,6,3], 
[9,52,26], 
[6,34,17], 
[8,50,25], 
[28,165,83] 
]; 
 
 
ready=[30,85,91,118,139,152,159,187,241,292]; 
 
triagecategory=[4,2,4,2,2,5,4,2,4,2]; 
 
processresource=[1,2,3]; 
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Appendix 10 - CPLEX Output 

 
The objective value is: 88 
Average waiting time is: 8.800000 
Average flow time is: 156.300000 
 
Bed Utilisation 1 is 0 
Bed Utilisation 2 is 0 
Bed Utilisation 3 is 0.275964 
Bed Utilisation 4 is 0.642433 
Bed Utilisation 5 is 0.0756677 
Bed Utilisation 6 is 0.482196 
Bed Utilisation 7 is 0.299703 
Bed Utilisation 8 is 0.191395 
 
Staff Utilisation 1 is 0.221068 
Staff Utilisation 2 is 0.20178 
Staff Utilisation 3 is 0.554896 
Staff Utilisation 4 is 0.554896 
Staff Utilisation 5 is 0.219585 
Staff Utilisation 6 is 0.192878 
Staff Utilisation 7 is 0.243323 
 
y[1,1,1] = 1 
y[1,1,2] = 0 
y[1,1,3] = 0 
y[1,1,4] = 0 
y[1,1,5] = 0 
y[1,1,6] = 0 
y[1,1,7] = 0 
y[1,1,8] = 0 
y[1,2,1] = 0 
y[1,2,2] = 0 
y[1,2,3] = 0 
y[1,2,4] = 0 
y[1,2,5] = 0 
y[1,2,6] = 0 
y[1,2,7] = 1 
y[1,2,8] = 0 
y[1,3,1] = 0 
y[1,3,2] = 0 
y[1,3,3] = 0 
y[1,3,4] = 0 
y[1,3,5] = 0 
y[1,3,6] = 0 
y[1,3,7] = 1 
y[1,3,8] = 0 
y[2,1,1] = 1 
y[2,1,2] = 0 
y[2,1,3] = 0 
y[2,1,4] = 0 
y[2,1,5] = 0 
y[2,1,6] = 0 
y[2,1,7] = 0 
y[2,1,8] = 0 
y[2,2,1] = 0 
y[2,2,2] = 0 

y[2,2,3] = 0 
y[2,2,4] = 0 
y[2,2,5] = 0 
y[2,2,6] = 1 
y[2,2,7] = 0 
y[2,2,8] = 0 
y[2,3,1] = 0 
y[2,3,2] = 0 
y[2,3,3] = 0 
y[2,3,4] = 0 
y[2,3,5] = 0 
y[2,3,6] = 1 
y[2,3,7] = 0 
y[2,3,8] = 0 
y[3,1,1] = 0 
y[3,1,2] = 0 
y[3,1,3] = 0 
y[3,1,4] = 0 
y[3,1,5] = 0 
y[3,1,6] = 0 
y[3,1,7] = 0 
y[3,1,8] = 1 
y[3,2,1] = 0 
y[3,2,2] = 0 
y[3,2,3] = 0 
y[3,2,4] = 0 
y[3,2,5] = 0 
y[3,2,6] = 0 
y[3,2,7] = 0 
y[3,2,8] = 1 
y[3,3,1] = 0 
y[3,3,2] = 0 
y[3,3,3] = 0 
y[3,3,4] = 0 

y[3,3,5] = 0 
y[3,3,6] = 0 
y[3,3,7] = 0 
y[3,3,8] = 1 
y[4,1,1] = 1 
y[4,1,2] = 0 
y[4,1,3] = 0 
y[4,1,4] = 0 
y[4,1,5] = 0 
y[4,1,6] = 0 
y[4,1,7] = 0 
y[4,1,8] = 0 
y[4,2,1] = 0 
y[4,2,2] = 0 
y[4,2,3] = 0 
y[4,2,4] = 1 
y[4,2,5] = 0 
y[4,2,6] = 0 
y[4,2,7] = 0 
y[4,2,8] = 0 
y[4,3,1] = 0 
y[4,3,2] = 0 
y[4,3,3] = 0 
y[4,3,4] = 1 
y[4,3,5] = 0 
y[4,3,6] = 0 
y[4,3,7] = 0 
y[4,3,8] = 0 
y[5,1,1] = 0 
y[5,1,2] = 0 
y[5,1,3] = 0 
y[5,1,4] = 1 
y[5,1,5] = 0 
y[5,1,6] = 0 

y[5,1,7] = 0 
y[5,1,8] = 0 
y[5,2,1] = 0 
y[5,2,2] = 0 
y[5,2,3] = 1 
y[5,2,4] = 0 
y[5,2,5] = 0 
y[5,2,6] = 0 
y[5,2,7] = 0 
y[5,2,8] = 0 
y[5,3,1] = 0 
y[5,3,2] = 0 
y[5,3,3] = 1 
y[5,3,4] = 0 
y[5,3,5] = 0 
y[5,3,6] = 0 
y[5,3,7] = 0 
y[5,3,8] = 0 
y[6,1,1] = 1 
y[6,1,2] = 0 
y[6,1,3] = 0 
y[6,1,4] = 0 
y[6,1,5] = 0 
y[6,1,6] = 0 
y[6,1,7] = 0 
y[6,1,8] = 0 
y[6,2,1] = 0 
y[6,2,2] = 0 
y[6,2,3] = 0 
y[6,2,4] = 0 
y[6,2,5] = 0 
y[6,2,6] = 0 
y[6,2,7] = 0 
y[6,2,8] = 1 

y[6,3,1] = 0 
y[6,3,2] = 0 
y[6,3,3] = 0 
y[6,3,4] = 0 
y[6,3,5] = 0 
y[6,3,6] = 0 
y[6,3,7] = 0 
y[6,3,8] = 1 
y[7,1,1] = 1 
y[7,1,2] = 0 
y[7,1,3] = 0 
y[7,1,4] = 0 
y[7,1,5] = 0 
y[7,1,6] = 0 
y[7,1,7] = 0 
y[7,1,8] = 0 
y[7,2,1] = 0 
y[7,2,2] = 0 
y[7,2,3] = 0 
y[7,2,4] = 0 
y[7,2,5] = 0 
y[7,2,6] = 0 
y[7,2,7] = 0 
y[7,2,8] = 1 
y[7,3,1] = 0 
y[7,3,2] = 0 
y[7,3,3] = 0 
y[7,3,4] = 0 
y[7,3,5] = 0 
y[7,3,6] = 0 
y[7,3,7] = 0 
y[7,3,8] = 1 
y[8,1,1] = 1 
y[8,1,2] = 0 

y[8,1,3] = 0 
y[8,1,4] = 0 
y[8,1,5] = 0 
y[8,1,6] = 0 
y[8,1,7] = 0 
y[8,1,8] = 0 
y[8,2,1] = 0 
y[8,2,2] = 0 
y[8,2,3] = 0 
y[8,2,4] = 0 
y[8,2,5] = 0 
y[8,2,6] = 1 
y[8,2,7] = 0 
y[8,2,8] = 0 
y[8,3,1] = 0 
y[8,3,2] = 0 
y[8,3,3] = 0 
y[8,3,4] = 0 
y[8,3,5] = 0 
y[8,3,6] = 1 
y[8,3,7] = 0 
y[8,3,8] = 0 
y[9,1,1] = 1 
y[9,1,2] = 0 
y[9,1,3] = 0 
y[9,1,4] = 0 
y[9,1,5] = 0 
y[9,1,6] = 0 
y[9,1,7] = 0 
y[9,1,8] = 0 
y[9,2,1] = 0 
y[9,2,2] = 0 
y[9,2,3] = 0 
y[9,2,4] = 0 

y[9,2,5] = 0 
y[9,2,6] = 0 
y[9,2,7] = 1 
y[9,2,8] = 0 
y[9,3,1] = 0 
y[9,3,2] = 0 
y[9,3,3] = 0 
y[9,3,4] = 0 
y[9,3,5] = 0 
y[9,3,6] = 0 
y[9,3,7] = 1 
y[9,3,8] = 0 
y[10,1,1] = 
1 
y[10,1,2] = 
0 
y[10,1,3] = 
0 
y[10,1,4] = 
0 
y[10,1,5] = 
0 
y[10,1,6] = 
0 
y[10,1,7] = 
0 
y[10,1,8] = 
0 
y[10,2,1] = 
0 
y[10,2,2] = 
0 
y[10,2,3] = 
0 

y[10,2,4] = 
0 
y[10,2,5] = 
0 
y[10,2,6] = 
1 
y[10,2,7] = 
0 
y[10,2,8] = 
0 
y[10,3,1] = 
0 
y[10,3,2] = 
0 
y[10,3,3] = 
0 
y[10,3,4] = 
0 
y[10,3,5] = 
0 
y[10,3,6] = 
1 
y[10,3,7] = 
0 
y[10,3,8] = 
0 

 
x[1,1,1] = 1 
x[1,1,2] = 0 
x[1,1,3] = 0 
x[1,1,4] = 0 
x[1,1,5] = 0 
x[1,1,6] = 0 
x[1,1,7] = 0 

x[1,2,1] = 0 
x[1,2,2] = 1 
x[1,2,3] = 0 
x[1,2,4] = 0 
x[1,2,5] = 0 
x[1,2,6] = 0 
x[1,2,7] = 0 

x[1,3,1] = 0 
x[1,3,2] = 0 
x[1,3,3] = 0 
x[1,3,4] = 0 
x[1,3,5] = 1 
x[1,3,6] = 0 
x[1,3,7] = 0 

x[2,1,1] = 1 
x[2,1,2] = 0 
x[2,1,3] = 0 
x[2,1,4] = 0 
x[2,1,5] = 0 
x[2,1,6] = 0 
x[2,1,7] = 0 

x[2,2,1] = 0 
x[2,2,2] = 0 
x[2,2,3] = 1 
x[2,2,4] = 0 
x[2,2,5] = 0 
x[2,2,6] = 0 
x[2,2,7] = 0 

x[2,3,1] = 0 
x[2,3,2] = 0 
x[2,3,3] = 0 
x[2,3,4] = 0 
x[2,3,5] = 0 
x[2,3,6] = 0 
x[2,3,7] = 1 

x[3,1,1] = 1 
x[3,1,2] = 0 
x[3,1,3] = 0 
x[3,1,4] = 0 
x[3,1,5] = 0 
x[3,1,6] = 0 
x[3,1,7] = 0 

x[3,2,1] = 0 
x[3,2,2] = 0 
x[3,2,3] = 0 
x[3,2,4] = 1 
x[3,2,5] = 0 
x[3,2,6] = 0 
x[3,2,7] = 0 
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x[3,3,1] = 0 
x[3,3,2] = 0 
x[3,3,3] = 0 
x[3,3,4] = 0 
x[3,3,5] = 0 
x[3,3,6] = 1 
x[3,3,7] = 0 
x[4,1,1] = 1 
x[4,1,2] = 0 
x[4,1,3] = 0 
x[4,1,4] = 0 
x[4,1,5] = 0 
x[4,1,6] = 0 
x[4,1,7] = 0 
x[4,2,1] = 0 
x[4,2,2] = 0 
x[4,2,3] = 0 
x[4,2,4] = 1 
x[4,2,5] = 0 
x[4,2,6] = 0 
x[4,2,7] = 0 
x[4,3,1] = 0 

x[4,3,2] = 0 
x[4,3,3] = 0 
x[4,3,4] = 0 
x[4,3,5] = 0 
x[4,3,6] = 1 
x[4,3,7] = 0 
x[5,1,1] = 1 
x[5,1,2] = 0 
x[5,1,3] = 0 
x[5,1,4] = 0 
x[5,1,5] = 0 
x[5,1,6] = 0 
x[5,1,7] = 0 
x[5,2,1] = 0 
x[5,2,2] = 0 
x[5,2,3] = 1 
x[5,2,4] = 0 
x[5,2,5] = 0 
x[5,2,6] = 0 
x[5,2,7] = 0 
x[5,3,1] = 0 
x[5,3,2] = 0 

x[5,3,3] = 0 
x[5,3,4] = 0 
x[5,3,5] = 1 
x[5,3,6] = 0 
x[5,3,7] = 0 
x[6,1,1] = 1 
x[6,1,2] = 0 
x[6,1,3] = 0 
x[6,1,4] = 0 
x[6,1,5] = 0 
x[6,1,6] = 0 
x[6,1,7] = 0 
x[6,2,1] = 0 
x[6,2,2] = 1 
x[6,2,3] = 0 
x[6,2,4] = 0 
x[6,2,5] = 0 
x[6,2,6] = 0 
x[6,2,7] = 0 
x[6,3,1] = 0 
x[6,3,2] = 0 
x[6,3,3] = 0 

x[6,3,4] = 0 
x[6,3,5] = 0 
x[6,3,6] = 1 
x[6,3,7] = 0 
x[7,1,1] = 1 
x[7,1,2] = 0 
x[7,1,3] = 0 
x[7,1,4] = 0 
x[7,1,5] = 0 
x[7,1,6] = 0 
x[7,1,7] = 0 
x[7,2,1] = 0 
x[7,2,2] = 1 
x[7,2,3] = 0 
x[7,2,4] = 0 
x[7,2,5] = 0 
x[7,2,6] = 0 
x[7,2,7] = 0 
x[7,3,1] = 0 
x[7,3,2] = 0 
x[7,3,3] = 0 
x[7,3,4] = 0 

x[7,3,5] = 1 
x[7,3,6] = 0 
x[7,3,7] = 0 
x[8,1,1] = 1 
x[8,1,2] = 0 
x[8,1,3] = 0 
x[8,1,4] = 0 
x[8,1,5] = 0 
x[8,1,6] = 0 
x[8,1,7] = 0 
x[8,2,1] = 0 
x[8,2,2] = 0 
x[8,2,3] = 0 
x[8,2,4] = 1 
x[8,2,5] = 0 
x[8,2,6] = 0 
x[8,2,7] = 0 
x[8,3,1] = 0 
x[8,3,2] = 0 
x[8,3,3] = 0 
x[8,3,4] = 0 
x[8,3,5] = 0 

x[8,3,6] = 0 
x[8,3,7] = 1 
x[9,1,1] = 1 
x[9,1,2] = 0 
x[9,1,3] = 0 
x[9,1,4] = 0 
x[9,1,5] = 0 
x[9,1,6] = 0 
x[9,1,7] = 0 
x[9,2,1] = 0 
x[9,2,2] = 1 
x[9,2,3] = 0 
x[9,2,4] = 0 
x[9,2,5] = 0 
x[9,2,6] = 0 
x[9,2,7] = 0 
x[9,3,1] = 0 
x[9,3,2] = 0 
x[9,3,3] = 0 
x[9,3,4] = 0 
x[9,3,5] = 0 
x[9,3,6] = 1 

x[9,3,7] = 0 
x[10,1,1] = 
1 
x[10,1,2] = 
0 
x[10,1,3] = 
0 
x[10,1,4] = 
0 
x[10,1,5] = 
0 
x[10,1,6] = 
0 
x[10,1,7] = 
0 
x[10,2,1] = 
0 
x[10,2,2] = 
1 
x[10,2,3] = 
0 

x[10,2,4] = 
0 
x[10,2,5] = 
0 
x[10,2,6] = 
0 
x[10,2,7] = 
0 
x[10,3,1] = 
0 
x[10,3,2] = 
0 
x[10,3,3] = 
0 
x[10,3,4] = 
0 
x[10,3,5] = 
1 
x[10,3,6] = 
0 
x[10,3,7] = 
0 

 
start[1,1] = 30 
start[1,2] = 44 
start[1,3] = 129 
start[2,1] = 85 
start[2,2] = 94 
start[2,3] = 145 
start[3,1] = 94 
start[3,2] = 99 

start[3,3] = 127 
start[4,1] = 193 
start[4,2] = 241 
start[4,3] = 530 
start[5,1] = 139 
start[5,2] = 160 
start[5,3] = 284 
start[6,1] = 160 

start[6,2] = 161 
start[6,3] = 167 
start[7,1] = 161 
start[7,2] = 170 
start[7,3] = 222 
start[8,1] = 187 
start[8,2] = 193 
start[8,3] = 227 

start[9,1] = 241 
start[9,2] = 249 
start[9,3] = 299 
start[10,1] = 292 
start[10,2] = 320 
start[10,3] = 485 
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Appendix 11 - Heuristic Scheduling Code: S-TF 

 
function [Patient_Scheduled,Patient_Data,Bed_Schedule,cpu_time] = 

Scheduling_S_B_TF(triage,arrival_time,treatment_time,admission,PTWT,patientID,time_perio
d,time_period_lengths,resus, acute, subacute, corridor) 

  
tic  
  
% This program schedules arriving patients according to their triage 
% priority first and secondly their arrival time (FIFO).  Arrivals in this 
% model are not known beforehand, nor is their length of treatment time. 
  
num_patients = max(size(triage)); 
num_time_periods = time_period/time_period_lengths; 
  
% Category Target Waiting Times 
Target_WT=[5;12;32;62;122]; 
  
%Assign number of ED beds. [Resus;acute;subacute;corridor] 
% Beds are numbered as follows: 
%   1-4   -> Resus 
%   5-17  -> Acute 
%   18-22 -> Sub-Acute 
%   23-32 -> Corridor 
  
%resus=4; 
%acute=15; 
%subacute=5; 
%corridor=10; 
  
Num_Beds = [resus;acute;subacute;corridor]; 
Beds_available(1:sum(Num_Beds),1)=1; 
Beds_available(1:sum(Num_Beds),2)=0; 
Bed_Schedule=zeros(num_patients,4); 
bed_index=1; 
ratio=zeros(num_patients,1); 
  
% Set up patient data and sort according to triage and then arrival time 
Patient_Data(:,1)=triage; 
Patient_Data(:,2)=arrival_time; 
Patient_Data(:,3)=treatment_time; 
Patient_Data(:,4)=admission; 
Patient_Data(:,5)=PTWT; 
Patient_Data(:,6)=patientID; 
Patient_Data(:,7)=zeros; 
Patient_Data(:,8)=Patient_Data(:,3)+Patient_Data(:,5); 
  
% Patient_Data(:,7) is the treatment status of the patient, 0: Not treated; 
% 1: treatment initiated (may or may not have finished 
  
Temp=sortrows(Patient_Data,2); 
Patient_Data=round(Temp); 
Patient_Scheduled=zeros(num_patients,7); 
Patient_Scheduled(:,8)=ones(num_patients,1); 
  
% Matrix to record: if a patient has been scheduled (0,1); Bed Number; 
% Initial Treatment Time; Discharge Time; Total LOS; Total Waiting Time; 
% Tardiness (0,1); 
  
%Patient_Scheduled=zeros(num_patients,7); 
  
for k=1:num_time_periods 
    current_time=k*time_period_lengths; 
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 % Determine pool of Beds available 
    for q=1:sum(Num_Beds) 
        if (Beds_available(q,2)<=current_time)% && (Beds_available(q,2)>(current_time-
time_period_lengths+1)) 
            Beds_available(q,1)=1; 
        end 
    end 
  
    % Determine pool of waiting patients 
    waiting_patients=zeros(1,7); 
    index=1; 
    for j=1:num_patients 
        if Patient_Data(j,7)==0 && (Patient_Data(j,2) <= (current_time)) 
            waiting_patients(index,1:7)=Patient_Data(j,1:7); 
            waiting_patients(index,1:8)=Patient_Data(j,1:8); 
            waiting_patients(index,9)=(6-waiting_patients(index,1))+(current_time - 
waiting_patients(index,2))/Target_WT(waiting_patients(index,1)); 
            ratio(j,1)=waiting_patients(index,9); 
            index=index+1; 
        end 
    end 
    num_waiting=size(waiting_patients,1); 
  
     % %%%%%%%%       SORT according to heuristic             %%%%%%%%%% 
          
     waiting_patients=sortrows(waiting_patients,[1,2]); 
     NumWaiting(k)=size(waiting_patients,1); 
    % determine available beds and assign patients to bed 
    if waiting_patients(1,1)>0 
  
        for i=1:num_waiting 
  
  
            if (waiting_patients(i,1)==1) 
                available_beds=find(Beds_available(1:resus)); 
  
                if isempty(available_beds) 
                    continue 
                end 
  
                Bed_Schedule(bed_index,1)=available_beds(1,1); 
                Bed_Schedule(bed_index,2)=current_time; 
                Bed_Schedule(bed_index,3)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Bed_Schedule(bed_index,4)=waiting_patients(i,6); 
                Beds_available(available_beds(1,1),1)=0; 
                
Beds_available(available_beds(1,1),2)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Patient_Data(waiting_patients(i,6),7)=1; 
                bed_index=bed_index+1; 
            elseif (waiting_patients(i,1)==2) 
                available_beds1=find(Beds_available(resus+1:resus+acute)); 
                
available_beds2=find(Beds_available(resus+acute+subacute+1:resus+acute+subacute+corridor)); 
                available_beds1=available_beds1+resus; 
                available_beds2=available_beds2+(resus+acute+subacute); 
                available_beds=cat(2,available_beds1,available_beds2); 
                if isempty(available_beds) 
                    continue 
                end 
                Bed_Schedule(bed_index,1)=available_beds(1,1); 
                Bed_Schedule(bed_index,2)=current_time; 
                Bed_Schedule(bed_index,3)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Bed_Schedule(bed_index,4)=waiting_patients(i,6); 
                Beds_available(available_beds(1,1),1)=0; 
                
Beds_available(available_beds(1,1),2)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Patient_Data(waiting_patients(i,6),7)=1; 
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                bed_index=bed_index+1; 
            elseif (waiting_patients(i,1)==3) 
                available_beds1=find(Beds_available(resus+1:resus+acute)); 
                
available_beds2=find(Beds_available(resus+acute+subacute+1:resus+acute+subacute+corridor)); 
                available_beds1=available_beds1+resus; 
                available_beds2=available_beds2+(resus+acute+subacute); 
                available_beds=cat(2,available_beds1,available_beds2); 
                if isempty(available_beds) 
                    continue 
                end 
                Bed_Schedule(bed_index,1)=available_beds(1,1); 
                Bed_Schedule(bed_index,2)=current_time; 
                Bed_Schedule(bed_index,3)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Bed_Schedule(bed_index,4)=waiting_patients(i,6); 
                Beds_available(available_beds(1,1),1)=0; 
                
Beds_available(available_beds(1,1),2)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Patient_Data(waiting_patients(i,6),7)=1; 
                bed_index=bed_index+1; 
            else 
                available_beds=find(Beds_available(resus+acute+1:resus+acute+subacute)); 
                available_beds=available_beds+resus+acute; 
                if isempty(available_beds) 
                    continue 
                end 
                Bed_Schedule(bed_index,1)=available_beds(1,1); 
                Bed_Schedule(bed_index,2)=current_time; 
                Bed_Schedule(bed_index,3)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Bed_Schedule(bed_index,4)=waiting_patients(i,6); 
                Beds_available(available_beds(1,1),1)=0; 
                
Beds_available(available_beds(1,1),2)=current_time+waiting_patients(i,3)+waiting_patients(i,5); 
                Patient_Data(waiting_patients(i,6),7)=1; 
                bed_index=bed_index+1; 
            end 
  
            Patient_Scheduled(waiting_patients(i,6),1)=1; 
            Patient_Scheduled(waiting_patients(i,6),2)=Bed_Schedule(bed_index-1,1); 
            Patient_Scheduled(waiting_patients(i,6),3)=current_time; 
            Patient_Scheduled(waiting_patients(i,6),4)=current_time + waiting_patients(i,3)+ 
waiting_patients(i,5);% 
            Patient_Scheduled(waiting_patients(i,6),5)=Patient_Scheduled(waiting_patients(i,6),4)-

waiting_patients(i,2);% 
            Patient_Scheduled(waiting_patients(i,6),6)=current_time-waiting_patients(i,2);% 
             
            % Determine waiting time and tardiness 
            if Patient_Scheduled(waiting_patients(1,6),6)> Target_WT(waiting_patients(1,1),1); 
                

Patient_Scheduled(waiting_patients(1,6),7)=max(Patient_Scheduled(waiting_patients(1,
6),6)-Target_WT(waiting_patients(1,1),1),0); 

            else 
                Patient_Scheduled(waiting_patients(1,6),8)=0; 
            end 
  
        end 
    end 
end 
  
total_tard=sum(Patient_Scheduled(:,6)); 
cpu_time=toc; 
  
fprintf('The processing time is %g \n',cpu_time); 
fprintf('The total tardiness is %g\n',total_tard); 
  

  

 



 - 302 -  

Appendix 12 - Simulated Annealing Code 

 
function 
[initial,tardiness,S0,B0,S,B,tardiness_0,iterations,cpu_time,start_0,endtime_0,tardy1_0,tardy2_0,Sp,Ta
rdp,duration_0,arrival_0,triage_0]=simulated_annealing_tardiness(arrival,duration,schedule,beds,triage
,alpha,initial_temperature,num_patients,num_processes,num_treatment_beds,num_ptwt_beds,max_it
erations,max_delta,scheme) 
  
%Schemes: 
% 1 - Jobswap 
% 2 - preswap 
% 3 - shift 
% 4 - machine swap 
% 5 - SA 1: job with max WT gets swapped to bed with min WT 
% 6 - SA 2: job with max WT gets shifted to random earlier position and 
%           swapped to a random bed 
% 7 - SA 3: job with max WT gets swapped to a random earlier position 
% 8 - SA 4: job with max WT gets shifted to a random earlier position 
% 9 - SA 5: job with max WT gets swapped to a random earlier position and 
%           swapped to the min WT bed 
%10 - SA 6: job with max WT gets shifted to a random earlier position and 
%           swapped to the min WT bed 
 
tic 
  
% Initialisation 
array_length = num_patients * num_processes; 
start=zeros(1,array_length); 
endtime=zeros(1,array_length); 
num_beds=num_treatment_beds + num_ptwt_beds; 
bed_index=zeros(1,num_beds); 
S(1,:)=schedule; 
B(1,:)=beds; 
S0=schedule; 
B0=beds; 
arrival_k=arrival; 
arrival_0=arrival; 
duration_0=duration; 
duration_k=duration; 
triage_k=triage; 
triage_0=triage; 
kmax=max_iterations;                   % Maximum number of iterations 
kmax2=max_delta;                      % Number of sequences with no change for termination criteria 
change_wt=1000*ones(1,kmax+1);  % currently using 4 iterations of no change 
change_wt_current=sum(change_wt(1,1:kmax2)); 
tardiness(1)=0; 
Temperature(1)=initial_temperature;                      % Initial cooling Temperature 
bed_wait=zeros(1,num_beds); 
max_WT=[1 10 30 60 120]; 
obj_value1=zeros(num_patients,1); 
obj_value2=zeros(num_patients,1); 
obj_value=zeros(num_patients,1); 
  
% Determine initial start times 
for b=1:num_beds 
    b; 
    if bed_index(b)==0 
        i=1; 
        bed_init_job=0; 
        while bed_index(b)==0 && i <= num_patients*num_processes 
            if(B(1,i)==b) 
                bed_init_job=i; 
                bed_index(b)=1; 
                if i <= num_patients 
                    start(bed_init_job)=arrival(bed_init_job); 
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                    endtime(bed_init_job)=start(bed_init_job)+duration(bed_init_job); 
                else 
                    pt=floor(schedule(i)); 
                    start(i)=endtime(pt); 
                    endtime(i)=start(i)+duration(i); 
                end 
            end 
            i=i+1; 
        end 
        index=find(B(1,:)==b); 
        for j=2:size(index,2) 
            if index(j)<= num_patients 
                start(index(j))=max(arrival(index(j)),endtime(index(j-1))); 
                endtime(index(j))=start(index(j))+duration(index(j)); 
            else 
                pt=floor(schedule(index(j))); 
                start(index(j))=max(endtime(index(j-1)),endtime(pt)); 
                endtime(index(j))=start(index(j))+duration(index(j)); 
            end 
  
        end 
    end 
end 
start_0=start; 
endtime_0=endtime; 
   
% Determine total tardiness time (OBJECTIVE) 
for i=1:array_length 
    if i <= num_patients 
        obj_value1(i)=max((start(i)-arrival(i)-max_WT(triage(i))),0); 
        bed_wait(B(1,i))=bed_wait(B(1,i))+obj_value1(i); 
        obj_value(i)=obj_value1(i); 
    else 
        pt=floor(schedule(i)); 
        if duration(i)>1 
        obj_value2(i)=max(start(i)-endtime(pt),0); 
        obj_value(i)=obj_value2(i); 
        bed_wait(B(1,i))=bed_wait(B(1,i))+obj_value2(i); 
        else 
            obj_value2(i)=0; 
            obj_value(i)=0; 
        end 
    end 
end 
tardiness(1)=sum(obj_value1)+sum(obj_value2); 
initial=tardiness(1); 
obj_value1_total=sum(obj_value1); 
obj_value2_total=sum(obj_value2); 
tardiness_0=tardiness(1); 
tardy1_0=sum(obj_value1); 
tardy2_0=sum(obj_value2); 
fprintf('The initial objective value is %g \n',tardiness(1)); 
fprintf('The initial obj 1 is %g\n',obj_value1_total); 
fprintf('The initial obj 2 is %g\n',obj_value2_total); 
its=max_iterations/num_processes; 
  
% Iterative process 
k=1; 
while (k <= kmax) && (change_wt_current ~= 0) 
  
    %Neighbour generation dependent on scheme selected 
    if scheme == 1 
        if k <= its 
            rand1=ceil(rand*num_patients); 
            rand2=ceil(rand*num_patients); 
        else 
            rand1=ceil(rand*(num_patients*num_processes-num_patients)+num_patients); 
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            rand2=ceil(rand*(num_patients*num_processes-num_patients)+num_patients); 
        end 
        randnum1(k)=rand1; 
        randnum2(k)=rand2; 
        Sc=S(k,:); 
        Bc=B(k,:); 
        Sc(rand1)=S(k,rand2); 
        Sc(rand2)=S(k,rand1); 
        Bc(rand1)=B(k,rand2); 
        Bc(rand2)=B(k,rand1); 
        temp=arrival_k(rand2); 
        arrival_k(rand2)=arrival_k(rand1); 
        arrival_k(rand1)=temp; 
        temp=duration_k(rand2); 
        duration_k(rand2)=duration_k(rand1); 
        duration_k(rand1)=temp; 
        temp=triage_k(rand2); 
        triage_k(rand2)=triage_k(rand1); 
        triage_k(rand1)=temp; 
         
    elseif scheme == 2 
        rand1=ceil(rand*num_patients*num_processes); 
        Sc=S(k,:); 
        Bc=B(k,:); 
        if floor(schedule(rand1)) ~= 1 
            Sc(rand1)=S(k,rand1-1); 
            Sc(rand1-1)=S(k,rand1); 
            Bc(rand1)=B(k,rand1-1); 
            Bc(rand1-1)=B(k,rand1); 
            temp=arrival_k(rand1-1); 
            arrival_k(rand1-1)=arrival_k(rand1); 
            arrival_k(rand1)=temp; 
            temp=duration_k(rand1-1); 
            duration_k(rand1-1)=duration_k(rand1); 
            duration_k(rand1)=temp; 
            temp=triage_k(rand1-1); 
            triage_k(rand1-1)=triage_k(rand1); 
            triage_k(rand1)=temp; 
        end 
    elseif scheme == 3 
        r1=ceil(rand*num_patients*num_processes); 
        if r1 <= num_patients 
            r2=ceil(rand*num_patients); 
        else 
            r2=ceil(rand*(num_patients*num_processes-num_patients)+num_patients); 
        end 
        if r1 <= r2 
            rand1=r1; 
            rand2=r2; 
        else 
            rand1=r2; 
            rand2=r1; 
        end 
  
        Sc=S(k,:); 
        Bc=B(k,:); 
        if rand1 ~= rand2 
            temp1=Sc(rand1); 
            temp2=Bc(rand1); 
            temp3=arrival_k(rand1); 
            temp4=duration_k(rand1); 
            temp5=triage_k(rand1); 
            for t = rand1:rand2-1 
                Sc(t)=S(k,t+1); 
                Bc(t)=B(k,t+1); 
                arrival_k(t)=arrival_k(t+1); 
                duration_k(t)=duration_k(t+1); 
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                triage_k(t)=triage_k(t+1); 
            end 
            Sc(rand2)=temp1; 
            Bc(rand2)=temp2; 
            arrival_k(rand2)=temp3; 
            duration_k(rand2)=temp4; 
            triage_k(rand2)=temp5; 
        end 
    elseif scheme == 4 
        rand1=ceil(rand*num_patients*num_processes); 
        if rand1<= num_patients 
            rand2=ceil(rand*num_patients); 
        else 
            rand2=ceil(rand*(num_patients*num_processes-num_patients)+num_patients); 
        end 
        Sc=S(k,:); 
        Bc=B(k,:); 
        Bc(rand1)=B(k,rand2); 
        Bc(rand2)=B(k,rand1); 
    elseif scheme == 5 
        [a,index1]=max(obj_value); 
        if index1 <= num_patients 
            [a,index2]=min(bed_wait(1:num_treatment_beds)); 
        else 
            [a,index2]=min(bed_wait(num_treatment_beds+1:num_treatment_beds+num_ptwt_beds)); 
        end 
        Sc=S(k,:); 
        Bc=B(k,:); 
        Bc(index1)=index2; 
    elseif scheme == 6 
        [a,index1]=max(obj_value); 
        Sc=S(k,:); 
        Bc=B(k,:); 
        if index1 <= num_patients 
            rand1=ceil(rand*(index1-1));  % random position in schedule ahead of index1 
            rand2=ceil(rand*num_treatment_beds); % random machine 
        else 
            rand1=ceil(rand*(index1-1-num_patients)+num_patients); 
            rand2=ceil(rand*(num_treatment_beds+num_ptwt_beds-
num_treatment_beds)+num_treatment_beds); 
        end 
        if index1~=1 
            temp1=Sc(index1); 
            temp2=arrival_k(index1); 
            temp3=duration_k(index1); 
            temp4=triage_k(index1); 
            for t = index1:-1:rand1+1 
                Sc(t)=S(k,t-1); 
                Bc(t)=B(k,t-1); 
                arrival_k(t)=arrival_k(t-1); 
                duration_k(t)=duration_k(t-1); 
                triage_k(t)=triage_k(t-1); 
            end 
            Sc(rand1)=temp1; 
            arrival_k(rand1)=temp2; 
            duration_k(rand1)=temp3; 
            triage_k(rand1)=temp4; 
            Bc(rand1)=rand2; 
        else 
            Sc(1)=1; 
            Bc(1)=rand2; 
        end 
    elseif scheme==7 
        [a,index1]=max(obj_value); 
        Sc=S(k,:); 
        Bc=B(k,:); 
        rand1=ceil(rand*(index1-1));  % random position in schedule ahead of index1 
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        if index1~=1 
            Sc(index1)=S(k,rand1); 
            Sc(rand1)=S(k,index1); 
            Bc(index1)=B(k,rand1); 
            Bc(rand1)=B(k,index1); 
            temp=arrival_k(index1); 
            arrival_k(index1)=arrival_k(rand1); 
            arrival_k(rand1)=temp; 
            temp=duration_k(index1); 
            duration_k(index1)=duration_k(rand1); 
            duration_k(rand1)=temp; 
            temp=triage_k(index1); 
            triage_k(index1)=triage_k(rand1); 
            triage_k(rand1)=temp; 
        end 
    elseif scheme == 8 
        [a,index1]=max(obj_value); 
        Sc=S(k,:); 
        Bc=B(k,:); 
        rand1=ceil(rand*(index1-1));  % random position in schedule ahead of index1 
        if index1>1 
            temp1=Sc(rand1); 
            temp2=Bc(rand1); 
            temp3=arrival_k(rand1); 
            temp4=duration_k(rand1); 
            temp5=triage_k(rand1); 
            for t = rand1:index1-1 
                Sc(t)=S(k,t+1); 
                Bc(t)=B(k,t+1); 
                arrival_k(t)=arrival_k(t+1); 
                duration_k(t)=duration_k(t+1); 
                triage_k(t)=triage_k(t+1); 
            end 
            Sc(index1)=temp1; 
            Bc(index1)=temp2; 
            arrival_k(index1)=temp3; 
            duration_k(index1)=temp4; 
            triage_k(index1)=temp5; 
        end 
    elseif scheme == 9 
        [a,index1]=max(obj_value); 
        if index1 <= num_patients 
            [a,index2]=min(bed_wait(1:num_treatment_beds)); 
        else 
            [a,index2]=min(bed_wait(num_treatment_beds+1:num_treatment_beds+num_ptwt_beds)); 
        end 
        Sc=S(k,:); 
        Bc=B(k,:); 
        Bc(index1)=index2; 
        rand1=ceil(rand*(index1-1));  % random position in schedule ahead of index1 
        if index1~=1 
            Sc(index1)=S(k,rand1); 
            Sc(rand1)=S(k,index1); 
            temp=Bc(index1); 
            Bc(index1)=B(k,rand1); 
            Bc(rand1)=temp; 
            temp=arrival_k(index1); 
            arrival_k(index1)=arrival_k(rand1); 
            arrival_k(rand1)=temp; 
            temp=duration_k(index1); 
            duration_k(index1)=duration_k(rand1); 
            duration_k(rand1)=temp; 
            temp=triage_k(index1); 
            triage_k(index1)=triage_k(rand1); 
            triage_k(rand1)=temp; 
        end 
    elseif scheme == 10 
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        [a,index1]=max(obj_value); 
        if index1 <= num_patients 
            [a,index2]=min(bed_wait(1:num_treatment_beds)); 
        else 
            [a,index2]=min(bed_wait(num_treatment_beds+1:num_treatment_beds+num_ptwt_beds)); 
        end 
        Sc=S(k,:); 
        Bc=B(k,:); 
        Bc(index1)=index2; 
        rand1=ceil(rand*(index1-1));  % random position in schedule ahead of index1 
        if index1>1 
            temp1=Sc(rand1); 
            temp2=Bc(rand1); 
            temp3=arrival_k(rand1); 
            temp4=duration_k(rand1); 
            temp5=triage_k(rand1); 
            for t = rand1:index1-1 
                Sc(t)=S(k,t+1); 
                Bc(t)=B(k,t+1); 
                arrival_k(t)=arrival_k(t+1); 
                duration_k(t)=duration_k(t+1); 
                triage_k(t)=triage_k(t+1); 
            end 
            Sc(index1)=temp1; 
            Bc(index1)=temp2; 
            arrival_k(index1)=temp3; 
            duration_k(index1)=temp4; 
            triage_k(index1)=temp5; 
        end 
    end 
  
    % Determine start and end times for schedule Sc 
    start=zeros(1,num_patients); 
    endtime=zeros(1,num_patients); 
    bed_index=zeros(1,num_beds); 
  
    for b=1:num_beds 
        if bed_index(b)==0 
            i=1; 
            bed_init_job=0; 
            while bed_index(b)==0 && i<=num_patients*num_processes 
                if(Bc(i)==b) 
                    bed_init_job=i; 
                    bed_index(b)=1; 
                    if i <= num_patients 
                        start(bed_init_job)=arrival_k(bed_init_job); 
                        endtime(bed_init_job)=start(bed_init_job)+duration_k(bed_init_job); 
                    else 
                        pt=floor(schedule(i)); 
                        start(i)=endtime(pt); 
                        endtime(i)=start(i)+duration_k(i); 
                    end 
                end 
                i=i+1; 
            end 
            index=find(Bc(1,:)==b); 
            for j=2:size(index,2) 
                if index(j)<= num_patients 
                    start(index(j))=max(arrival_k(index(j)),endtime(index(j-1))); 
                    endtime(index(j))=start(index(j))+duration_k(index(j)); 
                else 
                    pt=floor(schedule(index(j))); 
                    start(index(j))=max(endtime(index(j-1)),endtime(pt)); 
                    endtime(index(j))=start(index(j))+duration_k(index(j)); 
                end 
            end 
        end 
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    end 
  
    bed_wait=zeros(1,num_beds); 
  
    % Determine total tardiness (OBJECTIVE) 
    for i=1:array_length 
        if i <= num_patients 
            obj_value1(i)=max((start(i)-arrival_k(i)-max_WT(triage_k(i))),0); 
            bed_wait(B(k,i))=bed_wait(B(k,i))+obj_value1(i); 
            obj_value(i)=obj_value1(i); 
        else 
            pt=floor(schedule(i)); 
            obj_value2(i)=start(i)-endtime(pt); 
            obj_value(i)=obj_value2(i); 
            bed_wait(B(k,i))=bed_wait(B(k,i))+obj_value2(i); 
        end 
    end 
     
    tardiness(k+1)=sum(obj_value1)+sum(obj_value2); 
    obj_value1_total(k+1)=sum(obj_value1); 
    obj_value2_total(k+1)=sum(obj_value2); 
    Sp(k,:)=Sc; 
    Tardp(k)=tardiness(k+1); 
  
    % Determine Step 2 of SA - to update optimal schedule k+1 with new 
    % schedule or not 
    if (tardiness(k+1) < tardiness(k)) && (tardiness(k+1) >= tardiness_0) 
        S(k+1,:)=Sc; 
        B(k+1,:)=Bc; 
  
    end 
  
    if (tardiness(k+1) < tardiness_0) 
        S0=Sc; 
        B0=Bc; 
        S(k+1,:)=Sc; 
        B(k+1,:)=Bc; 
        tardiness_0=tardiness(k+1); 
        tardy1_0=sum(obj_value1); 
        tardy2_0=sum(obj_value2); 
        arrival_0=arrival_k; 
        duration_0=duration_k; 
        start_0=start; 
        endtime_0=endtime; 
        triage_0=triage_k; 
    end 
  
    if (tardiness(k+1) >= tardiness(k)) 
        rand3=rand; 
  
        if rand3 <= Temperature(k) 
            S(k+1,:)=Sc; 
            B(k+1,:)=Bc; 
        else 
            S(k+1,:)=S(k,:); 
            B(k+1,:)=B(k,:); 
            tardiness(k+1)=tardiness(k); 
        end 
  
    end 
   
    % Step 3 
  
    %Determine stopping criteria 
    change_wt(k+1)=abs(tardiness(k+1)-tardiness(k)); 
    change_wt_current=0; 
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    if k >= kmax2 
        for p=k+1:-1:k-kmax2+1 
            change_wt_current=change_wt_current+change_wt(p); 
        end 
    else 
        for p=k+1:-1:1 
            change_wt_current=change_wt_current+change_wt(p); 
        end 
    end 
    del_wt(k)=change_wt_current; 
  
    % Update parameters 
    Temperature(k+1)=alpha*Temperature(k); 
    k=k+1; 
end 
iterations=k-1; 
cpu_time=toc; 
fprintf('The minimum tardiness is %g\n',tardiness_0); 
fprintf('The number of iterations is %g\n',iterations); 
fprintf('The cpu time is %g\n',cpu_time); 
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Appendix 13 - Tabu Search Code (Machine Swap) 

 
function 
[initial,S0,B0,S,B,tardiness_0,tardiness,tard_min,cputime]=tabusearch4(arrival,duration,schedule,beds,
triage,max_iterations,max_delta,num_neighbours,num_patients,num_processes,num_treatment_beds,
num_ptwt_beds) 
  
tic 
  
% Initialisation 
array_length = num_patients * num_processes; 
start=zeros(1,array_length); 
endtime=zeros(1,array_length); 
num_beds=num_treatment_beds + num_ptwt_beds; 
bed_index=zeros(1,num_beds); 
S(1,:)=schedule; 
B(1,:)=beds; 
S0=schedule; 
B0=beds; 
arrival_k=arrival; 
arrival_0=arrival; 
duration_0=duration; 
duration_k=duration; 
triage_k=triage; 
triage_0=triage; 
kmax=max_iterations;                   % Maximum number of iterations 
kmax2=max_delta;                      % Number of sequences with no change for termination criteria 
change_wt=1000*ones(1,kmax+1);  % currently using 4 iterations of no change 
change_wt_current=sum(change_wt(1,1:kmax2)); 
tardiness(1)=0; 
bed_wait=zeros(1,num_beds); 
max_WT=[1 10 30 60 120]; 
obj_value1=zeros(num_patients,1); 
obj_value2=zeros(num_patients,1); 
obj_value=zeros(num_patients,1); 
tabulist=zeros(max_iterations,array_length); 
tabulist(1,:)=B0(1,:); 
tabu_count=1; 
  
% Determine initial start times 
for b=1:num_beds 
    b; 
    if bed_index(b)==0 
        i=1; 
        bed_init_job=0; 
        while bed_index(b)==0 && i <= num_patients*num_processes 
            if(B(1,i)==b) 
                bed_init_job=i; 
                bed_index(b)=1; 
                if i <= num_patients 
                    start(bed_init_job)=arrival(bed_init_job); 
                    endtime(bed_init_job)=start(bed_init_job)+duration(bed_init_job); 
                else 
                    pt=floor(schedule(i)); 
                    start(i)=endtime(pt); 
                    endtime(i)=start(i)+duration(i); 
                end 
            end 
            i=i+1; 
        end 
        index=find(B(1,:)==b); 
        for j=2:size(index,2) 
            if index(j)<= num_patients 
                start(index(j))=max(arrival(index(j)),endtime(index(j-1))); 
                endtime(index(j))=start(index(j))+duration(index(j)); 
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            else 
                pt=floor(schedule(index(j))); 
                start(index(j))=max(endtime(index(j-1)),endtime(pt)); 
                endtime(index(j))=start(index(j))+duration(index(j)); 
            end 
  
        end 
    end 
end 
start_0=start; 
endtime_0=endtime; 
  
% Determine total waiting time (OBJECTIVE) 
for i=1:array_length 
    if i <= num_patients 
        obj_value1(i)=max((start(i)-arrival(i)-max_WT(triage(i))),0); 
        bed_wait(B(1,i))=bed_wait(B(1,i))+obj_value1(i); 
        obj_value(i)=obj_value1(i); 
    else 
        pt=floor(schedule(i)); 
        if duration(i)>1 
            obj_value2(i)=max(start(i)-endtime(pt),0); 
            obj_value(i)=obj_value2(i); 
            bed_wait(B(1,i))=bed_wait(B(1,i))+obj_value2(i); 
        else 
            obj_value2(i)=0; 
            obj_value(i)=0; 
        end 
    end 
end 
tardiness(1)=sum(obj_value1)+sum(obj_value2); 
initial=tardiness(1); 
obj_value1_total=sum(obj_value1); 
obj_value2_total=sum(obj_value2); 
tardiness_0=tardiness(1); 
tardy1_0=sum(obj_value1); 
tardy2_0=sum(obj_value2); 
fprintf('The initial objective value is %g \n',tardiness(1)); 
fprintf('The initial obj 1 is %g\n',obj_value1_total); 
fprintf('The initial obj 2 is %g\n',obj_value2_total); 
  
% Iterative process 
k=1; 
while (k <= kmax) && (change_wt_current ~= 0) 
    k; 
    if mod(k,1000)==0; 
        k; 
    end 
    tabu_neighbour=zeros(1,num_neighbours); 
  
    for n=1:num_neighbours 
        % Generate neighbour (machine swap) 
        rand1=ceil(rand*num_patients*num_processes); 
        if rand1<= num_patients 
            rand2=ceil(rand*num_patients); 
        else 
            rand2=ceil(rand*(num_patients*num_processes-num_patients)+num_patients); 
        end 
        if k>1 
            %Sc(n,:)=S(k-1,:); 
            Bc(n,:)=B(k-1,:); 
            Bc(n,rand1)=B(k-1,rand2); 
            Bc(n,rand2)=B(k-1,rand1); 
        else 
            %Sc(n,:)=S(1,:); 
            Bc(n,:)=B(1,:); 
            Bc(n,rand1)=B(1,rand2); 
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            Bc(n,rand2)=B(1,rand1); 
        end 
         
        if rand1==rand2 
            tabu_neighbour(n)=1; 
        end 
         
        if Bc(n,rand1)==Bc(n,rand2) 
            tabu_neighbour(n)=1; 
        end 
         
        if tabu_neighbour(n)==0 
            if k>1 
                for its=1:tabu_count-1 
                    if Bc(n,:)==tabulist(its,:) 
                        tabu_neighbour(n)=1; 
                    end 
                end 
            else 
                if Bc(n,:)==tabulist(1,:) 
                    tabu_neighbour(n)=1; 
                end 
            end 
        end 
  
  
        if tabu_neighbour(n)==0 
             
            % Determine tardiness 
            start=zeros(1,num_patients); 
            endtime=zeros(1,num_patients); 
            bed_index=zeros(1,num_beds); 
  
            for b=1:num_beds 
                if bed_index(b)==0 
                    i=1; 
                    bed_init_job=0; 
                    while bed_index(b)==0 && i<=num_patients*num_processes 
                        if(Bc(n,i)==b) 
                            bed_init_job=i; 
                            bed_index(b)=1; 
                            if i <= num_patients 
                                start(bed_init_job)=arrival_k(bed_init_job); 
                                endtime(bed_init_job)=start(bed_init_job)+duration_k(bed_init_job); 
                            else 
                                pt=floor(schedule(i)); 
                                start(i)=endtime(pt); 
                                endtime(i)=start(i)+duration_k(i); 
                            end 
                        end 
                        i=i+1; 
                    end 
                    index=find(Bc(n,:)==b); 
                    for j=2:size(index,2) 
                        if index(j)<= num_patients 
                            start(index(j))=max(arrival_k(index(j)),endtime(index(j-1))); 
                            endtime(index(j))=start(index(j))+duration_k(index(j)); 
                        else 
                            pt=floor(schedule(index(j))); 
                            start(index(j))=max(endtime(index(j-1)),endtime(pt)); 
                            endtime(index(j))=start(index(j))+duration_k(index(j)); 
                        end 
                    end 
                end 
            end 
  
            bed_wait=zeros(1,num_beds); 
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            % Determine total tardiness (OBJECTIVE) 
            for i=1:array_length 
                if i <= num_patients 
                    obj_value1(i)=max((start(i)-arrival_k(i)-max_WT(triage_k(i))),0); 
                    %bed_wait(Bc(n,i))=bed_wait(Bc(n,i))+obj_value1(i); 
                    obj_value(i)=obj_value1(i); 
                else 
                    pt=floor(schedule(i)); 
                    obj_value2(i)=start(i)-endtime(pt); 
                    obj_value(i)=obj_value2(i); 
                    %bed_wait(Bc(n,i))=bed_wait(Bc(n,i))+obj_value2(i); 
                end 
            end 
  
            tardp(k,n)=sum(obj_value1)+sum(obj_value2); 
            obj_value1_total(k,n)=sum(obj_value1); 
            obj_value2_total(k,n)=sum(obj_value2); 
        else 
            tardp(k,n)=tardiness_0*100; 
            obj_value1_total(k,n)=tardiness_0*100; 
            obj_value2_total(k,n)=tardiness_0*100; 
        end 
  
    end 
    % Select neighbour with minimum tardiness 
    if sum(tabu_neighbour) < num_neighbours 
  
        [min_tard_k,min_neighbour]=min(tardp(k,:)'); 
  
        B(k,:)=Bc(min_neighbour,:); 
        tardiness(k)=min_tard_k; 
        tardy1(k)=obj_value1_total(k,min_neighbour); 
        tardy2(k)=obj_value2_total(k,min_neighbour); 
  
        if tardiness(k) < tardiness_0 
            B0(1,:)=B(k,:); 
            tardiness_0=tardiness(k); 
            tardy1_0=tardy1(k); 
            tardy2_0=tardy2(k); 
        end 
    else 
        B(k,:)=B(k-1,:); 
        tardiness(k)=tardiness(k-1); 
    end 
  
    k; 
    if k>1 
        change_wt(k)=abs(tardiness(k)-tardiness(k-1)); 
        change_wt_current=0; 
    end 
  
    if k >= kmax2 
        for p=k:-1:k-kmax2+1 
            change_wt_current=change_wt_current+change_wt(p); 
        end 
    else 
        for p=k:-1:1 
            change_wt_current=change_wt_current+change_wt(p); 
        end 
    end 
    del_wt(k)=change_wt_current; 
  
    %Update tabu list 
    if k>1 
        if tardiness(k) > tardiness(k-1) 
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            tabulist(tabu_count,:)=B(k,:); 
            tabu_count=tabu_count+1; 
        end 
    else 
        if tardiness(1)>tardiness_0 
            tabulist(tabu_count,:)=B(k,:); 
            tabu_count=tabu_count+1; 
        end 
    end 
    if k>1 
        S(k,:)=S(k-1,:); 
    end 
     
    tard_min(k)=tardiness_0; 
  
    k=k+1; 
 
end 
cputime=toc; 
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Appendix 14 - Hybrid 1 Code 

 
function[S0,B0,S,B,tardiness_0,tardinessp,tardiness1,tardiness2,tard_min,cpu1,cpu2]=hybrid1(arrival,d
uration,schedule,beds,triage,max_iterations,max_delta,num_neighbours,gamma,num_patients,num_pr
ocesses,num_treatment_beds,num_ptwt_beds) 
  
iterations1=gamma*max_iterations; 
iterations2=(1-gamma)*max_iterations; 
 
 % Perform stage 1 for iterations1 iterations on SA 
[tardiness,S0,B0,S,B,tardiness_0,iterations,cpu_time,start_0,endtime_0,tardy1_0,tardy2_0,Sp,Tardp,d
uration_0,arrival_0,triage_0]=simulated_annealing_tardiness(arrival,duration,schedule,beds,triage,.95,
100,num_patients,num_processes,num_treatment_beds,num_ptwt_beds,iterations1,iterations1,4); 
  
tardiness1=tardiness_0; 
cpu1=cpu_time; 
tardinessp(1,1:iterations1)=tardiness(1,1:iterations1); 
  
  
fprintf('Stage 1 tardiness after %g iterations is %g\n',iterations1,tardiness_0); 
  
beds2=B0; 
schedule2=S0; 
duration2=duration_0; 
arrival2=arrival_0; 
triage2=triage_0; 
  
% Perform stage 2 for iterations2 iterations on TS 
[S0,B0,S,B,tardiness_0,tardiness,tard_min,cputime]=tabusearch4(arrival2,duration2,schedule2,beds2,t
riage2,iterations2,max_delta,num_neighbours,num_patients,num_processes,num_treatment_beds,nu
m_ptwt_beds); 
  
tardiness2=tardiness_0; 
cpu2=cputime; 
tardinessp(1,iterations1+1:iterations1+iterations2)=tardiness(1,:); 
  
fprintf('Stage 2 tardiness after %g iterations is %g\n',iterations2,tardiness_0); 
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Appendix 15 - Hybrid 2 Code 

 
function 
[S0,B0,S,B,tardiness_0,tardinessp,tardiness1,tardiness2,tard_min,cpu1,cpu2]=hybrid2(arrival,duration,
schedule,beds,triage,max_iterations,max_delta,num_neighbours,gamma,num_patients,num_processe
s,num_treatment_beds,num_ptwt_beds) 
  
iterations1=gamma*max_iterations; 
iterations2=(1-gamma)*max_iterations; 
  
% Perform stage 1 for iterations1 iterations on TS 
[initial,S0,B0,S,B,tardiness_0,tardiness,tard_min,cputime]=tabusearch4(arrival,duration,schedule,beds,
triage,iterations1,iterations1,num_neighbours,num_patients,num_processes,num_treatment_beds,num
_ptwt_beds); 
  
tardiness1=tardiness_0; 
cpu1=cputime; 
tardinessp(1,1:iterations1)=tardiness(1,1:iterations1); 
  
  
fprintf('Stage 1 tardiness after %g iterations is %g\n',iterations1,tardiness_0); 
  
beds2=B0; 
schedule2=S0; 
duration2=duration; 
arrival2=arrival; 
triage2=triage; 
  
% Perform stage 2 for iterations2 iterations on SA 
[initial,tardiness,S0,B0,S,B,tardiness_0,iterations,cpu_time,start_0,endtime_0,tardy1_0,tardy2_0,Sp,Ta
rdp,duration_0,arrival_0,triage_0]=simulated_annealing_tardiness(arrival2,duration2,schedule2,beds2,t
riage2,.95,100,num_patients,num_processes,num_treatment_beds,num_ptwt_beds,iterations2,iteratio
ns2,4); 
  
tardiness2=tardiness_0; 
cpu2=cpu_time; 
its2=size(tardiness,2); 
tardinessp(1,iterations1+1:iterations1+its2)=tardiness(1,:); 
  
fprintf('Stage 2 tardiness after %g iterations is %g\n',iterations2,tardiness_0); 
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Appendix 16 – Diefenbach-Kozan Code 

 
function 
[initial,S0,B0,S,B,tardiness_0,tardiness,tard_min,cputime]=DiefenbachKozan(arrival,duration,schedule,
beds,triage,max_iterations,max_delta,num_neighbours,num_patients,num_processes,num_treatment_
beds,num_ptwt_beds) 
  
tic 
  
% Initialisation 
alpha=0.95; 
initial_temperature=100; 
array_length = num_patients * num_processes; 
start=zeros(1,array_length); 
endtime=zeros(1,array_length); 
num_beds=num_treatment_beds + num_ptwt_beds; 
bed_index=zeros(1,num_beds); 
S(1,:)=schedule; 
B(1,:)=beds; 
S0=schedule; 
B0=beds; 
arrival_k=arrival; 
arrival_0=arrival; 
duration_0=duration; 
duration_k=duration; 
triage_k=triage; 
triage_0=triage; 
kmax=max_iterations;                   % Maximum number of iterations 
kmax2=max_delta;                      % Number of sequences with no change for termination criteria 
change_wt=1000*ones(1,kmax+1);  % currently using 4 iterations of no change 
change_wt_current=sum(change_wt(1,1:kmax2)); 
tardiness(1)=0; 
bed_wait=zeros(1,num_beds); 
max_WT=[1 10 30 60 120]; 
obj_value1=zeros(num_patients,1); 
obj_value2=zeros(num_patients,1); 
obj_value=zeros(num_patients,1); 
tabulist=zeros(max_iterations,array_length); 
tabulist(1,:)=B0(1,:); 
tabu_count=1; 
Temperature(1)=initial_temperature; 
  
% Alter to apply to two stage flow shop scheduling problem 
% Determine initial start times 
for b=1:num_beds 
    b; 
    if bed_index(b)==0 
        i=1; 
        bed_init_job=0; 
        while bed_index(b)==0 && i <= num_patients*num_processes 
            if(B(1,i)==b) 
                bed_init_job=i; 
                bed_index(b)=1; 
                if i <= num_patients 
                    start(bed_init_job)=arrival(bed_init_job); 
                    endtime(bed_init_job)=start(bed_init_job)+duration(bed_init_job); 
                else 
                    pt=floor(schedule(i)); 
                    start(i)=endtime(pt); 
                    endtime(i)=start(i)+duration(i); 
                end 
            end 
            i=i+1; 
        end 
        index=find(B(1,:)==b); 
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        for j=2:size(index,2) 
            if index(j)<= num_patients 
                start(index(j))=max(arrival(index(j)),endtime(index(j-1))); 
                endtime(index(j))=start(index(j))+duration(index(j)); 
            else 
                pt=floor(schedule(index(j))); 
                start(index(j))=max(endtime(index(j-1)),endtime(pt)); 
                endtime(index(j))=start(index(j))+duration(index(j)); 
            end 
  
        end 
    end 
end 
start_0=start; 
endtime_0=endtime; 
   
% Determine total tardiness (OBJECTIVE) 
for i=1:array_length 
    if i <= num_patients 
        obj_value1(i)=max((start(i)-arrival(i)-max_WT(triage(i))),0); 
        %bed_wait(B(1,i))=bed_wait(B(1,i))+obj_value1(i); 
        obj_value(i)=obj_value1(i); 
    else 
        pt=floor(schedule(i)); 
        if duration(i)>1 
            obj_value2(i)=max(start(i)-endtime(pt),0); 
            obj_value(i)=obj_value2(i); 
            %bed_wait(B(1,i))=bed_wait(B(1,i))+obj_value2(i); 
        else 
            obj_value2(i)=0; 
            obj_value(i)=0; 
        end 
    end 
end 
tardiness(1)=sum(obj_value1)+sum(obj_value2); 
initial=tardiness(1); 
obj_value1_total=sum(obj_value1); 
obj_value2_total=sum(obj_value2); 
tardiness_0=tardiness(1); 
tardy1_0=sum(obj_value1); 
tardy2_0=sum(obj_value2); 
fprintf('The initial objective value is %g \n\n',tardiness(1)); 
fprintf('The initial obj 1 is %g\n\n',obj_value1_total); 
fprintf('The initial obj 2 is %g\n\n',obj_value2_total); 
  
% Iterative process 
k=1; 
while (k <= kmax) && (change_wt_current ~= 0) 
    k; 
    if mod(k,1000)==0; 
        k; 
    end 
    tabu_neighbour=zeros(1,num_neighbours); 
  
    for n=1:num_neighbours 
        % Generate neighbour (machine swap) 
        rand1=ceil(rand*num_patients*num_processes); 
        if rand1<= num_patients 
            rand2=ceil(rand*num_patients); 
        else 
            rand2=ceil(rand*(num_patients*num_processes-num_patients)+num_patients); 
        end 
        if k>1 
            Sc(n,:)=S(k-1,:); 
            Bc(n,:)=B(k-1,:); 
            Bc(n,rand1)=B(k-1,rand2); 
            Bc(n,rand2)=B(k-1,rand1); 
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        else 
            Sc(n,:)=S(1,:); 
            Bc(n,:)=B(1,:); 
            Bc(n,rand1)=B(1,rand2); 
            Bc(n,rand2)=B(1,rand1); 
        end 
        if k>1 
            Sc(n,:)=S(k-1,:); 
        else 
            Sc(n,:)=S(1,:); 
        end 
  
        if rand1==rand2 
            tabu_neighbour(n)=1; 
        end 
  
        if Bc(n,rand1)==Bc(n,rand2) 
            tabu_neighbour(n)=1; 
        end 
  
        if tabu_neighbour(n)==0 
            if k>1 
                for its=1:tabu_count-1 
                    if Bc(n,:)==tabulist(its,:) 
                        tabu_neighbour(n)=1; 
                    end 
                end 
            else 
                if Bc(n,:)==tabulist(1,:) 
                    tabu_neighbour(n)=1; 
                end 
            end 
        end 
  
  
        if tabu_neighbour(n)==0 
            % Determine tardiness 
            start=zeros(1,num_patients); 
            endtime=zeros(1,num_patients); 
            bed_index=zeros(1,num_beds); 
  
            for b=1:num_beds 
                if bed_index(b)==0 
                    i=1; 
                    bed_init_job=0; 
                    while bed_index(b)==0 && i<=num_patients*num_processes 
                        if(Bc(n,i)==b) 
                            bed_init_job=i; 
                            bed_index(b)=1; 
                            if i <= num_patients 
                                start(bed_init_job)=arrival_k(bed_init_job); 
                                endtime(bed_init_job)=start(bed_init_job)+duration_k(bed_init_job); 
                            else 
                                pt=floor(schedule(i)); 
                                start(i)=endtime(pt); 
                                endtime(i)=start(i)+duration_k(i); 
                            end 
                        end 
                        i=i+1; 
                    end 
                    index=find(Bc(n,:)==b); 
                    for j=2:size(index,2) 
                        if index(j)<= num_patients 
                            start(index(j))=max(arrival_k(index(j)),endtime(index(j-1))); 
                            endtime(index(j))=start(index(j))+duration_k(index(j)); 
                        else 
                            pt=floor(schedule(index(j))); 
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                            start(index(j))=max(endtime(index(j-1)),endtime(pt)); 
                            endtime(index(j))=start(index(j))+duration_k(index(j)); 
                        end 
                    end 
                end 
            end 
  
            bed_wait=zeros(1,num_beds); 
  
            % Determine total tardiness (OBJECTIVE) 
            for i=1:array_length 
                if i <= num_patients 
                    obj_value1(i)=max((start(i)-arrival_k(i)-max_WT(triage_k(i))),0); 
                    bed_wait(Bc(n,i))=bed_wait(Bc(n,i))+obj_value1(i); 
                    obj_value(i)=obj_value1(i); 
                else 
                    pt=floor(schedule(i)); 
                    obj_value2(i)=start(i)-endtime(pt); 
                    obj_value(i)=obj_value2(i); 
                    bed_wait(Bc(n,i))=bed_wait(Bc(n,i))+obj_value2(i); 
                end 
            end 
  
            tardp(k,n)=sum(obj_value1)+sum(obj_value2); 
            obj_value1_total(k,n)=sum(obj_value1); 
            obj_value2_total(k,n)=sum(obj_value2); 
        else 
            tardp(k,n)=tardiness_0*100; 
            obj_value1_total(k,n)=tardiness_0*100; 
            obj_value2_total(k,n)=tardiness_0*100; 
        end 
  
  
    end 
    tabucount(k)=sum(tabu_neighbour); 
    % Select neighbour with minimum tardiness 
    if sum(tabu_neighbour) < num_neighbours 
  
        [min_tard_k,min_neighbour]=min(tardp(k,:)'); 
  
        B(k,:)=Bc(min_neighbour,:); 
        S(k,:)=Sc(min_neighbour,:); 
        tardiness(k)=min_tard_k; 
        tardy1(k)=obj_value1_total(k,min_neighbour); 
        tardy2(k)=obj_value2_total(k,min_neighbour); 
  
        %Determine Step 2 of SA - to update optimal schedule k+1 with new 
        % schedule or not 
        if k>1 
            if (tardiness(k) < tardiness(k-1)) && (tardiness(k) >= tardiness_0) 
                S(k,:)=Sc(min_neighbour,:); 
                B(k,:)=Bc(min_neighbour,:); 
  
            end 
  
            if (tardiness(k) < tardiness_0) 
                S0=Sc(min_neighbour,:); 
                B0=Bc(min_neighbour,:); 
                S(k,:)=Sc(min_neighbour,:); 
                B(k,:)=Bc(min_neighbour,:); 
                tardiness_0=tardiness(k); 
                tardy1_0=sum(obj_value1); 
                tardy2_0=sum(obj_value2); 
                arrival_0=arrival_k; 
                duration_0=duration_k; 
                start_0=start; 
                endtime_0=endtime; 
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                triage_0=triage_k; 
            end 
  
            if (tardiness(k) >= tardiness(k-1)) 
                rand3=rand; 
  
                if rand3 <= Temperature(k) 
                    S(k,:)=Sc(min_neighbour,:); 
                    B(k,:)=Bc(min_neighbour,:); 
                else 
                    S(k,:)=S(k-1,:); 
                    B(k,:)=B(k-1,:); 
                    tardiness(k)=tardiness(k-1); 
                end 
  
            end 
        else 
  
            if (tardiness(k) < tardiness_0) 
                S0=Sc(min_neighbour,:); 
                B0=Bc(min_neighbour,:); 
                S(k,:)=Sc(min_neighbour,:); 
                B(k,:)=Bc(min_neighbour,:); 
                tardiness_0=tardiness(k); 
                tardy1_0=sum(obj_value1); 
                tardy2_0=sum(obj_value2); 
                arrival_0=arrival_k; 
                duration_0=duration_k; 
                start_0=start; 
                endtime_0=endtime; 
                triage_0=triage_k; 
            end 
  
            if (tardiness(1) >= tardiness_0) 
                rand3=rand; 
  
                if rand3 <= Temperature(k) 
                    S(k,:)=Sc(min_neighbour,:); 
                    B(k,:)=Bc(min_neighbour,:); 
  
                else 
                    S(k,:)=S(1,:); 
                    B(k,:)=B(1,:); 
                    tardiness(k)=tardiness_0; 
                end 
  
            end 
        end 
    else 
        if k>1 
            S(k,:)=S(k-1,:); 
            B(k,:)=B(k-1,:); 
            tardiness(k)=tardiness(k-1); 
        else 
            S(k,:)=S(1,:); 
            B(k,:)=B(1,:); 
            tardiness(k)=tardiness_0; 
        end 
    end 
    
    % Update termination criteria 
    if k>1 
        k; 
        tardiness; 
        change_wt(k)=abs(tardiness(k)-tardiness(k-1)); 
        change_wt_current=0; 
    end 
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    if k >= kmax2 
        for p=k:-1:k-kmax2+1 
            change_wt_current=change_wt_current+change_wt(p); 
        end 
    else 
        for p=k:-1:1 
            change_wt_current=change_wt_current+change_wt(p); 
        end 
    end 
    del_wt(k)=change_wt_current; 
  
    %Update tabu list 
    if k>1 
        if tardiness(k) > tardiness(k-1) 
  
            tabulist(tabu_count,:)=B(k,:); 
            tabu_count=tabu_count+1; 
        end 
    else 
        if tardiness(1)>tardiness_0 
            tabulist(tabu_count,:)=B(k,:); 
            tabu_count=tabu_count+1; 
        end 
    end 
    tard_min(k)=tardiness_0; 
    Temperature(k+1)=alpha*Temperature(k); 
    k=k+1; 
end 
cputime=toc; 
fprintf('The number of iterations was %g\n',k-1); 
fprintf('The minimum tardiness is %g\n',tardiness_0); 
fprintf('The computational running time was %g seconds \n',cputime); 
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Appendix 17 - Constructive Heuristic and Metaheuristic Hybrid: 
SPT-Diefenbach-Kozan 

 
function [tardinessDiefenbach-Kozan,initialDiefenbach-Kozan,cpu_time1,cpu_timeDiefenbach-
Kozan]=hybridCHMH(arrival_time,treatment_time,patientID,triage1,admission,PTWT) 
  
for i=1:100 
    i 
    [Patient_Scheduled,Patient_Data,Bed_Schedule,cpu_time1(i,1)] = 
Scheduling_D_B_SPT(triage1,arrival_time,treatment_time,admission,PTWT,patientID,6000,1,0, 10, 0, 
0); 
    
[schedule,beds,arrival,duration,triage]=convertCH2MH(Bed_Schedule,arrival_time,treatment_time,PT
WT,triage1); 
    [initialDiefenbach-Kozan,S0,B0,S,B,tardinessDiefenbach-
Kozan(i,1),tardiness,tard_min,cpu_timeDiefenbach-Kozan(i,1)]=Diefenbach-
Kozan1(arrival,duration,schedule,beds,triage,10000,10000,10,80,1,10,0); 
     
end 

     

 
 
 
 
 
 
 
 
 


