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This thesis concerns healthcare management 
and specifically addresses the problems of opera-
ting room planning and waiting list management. 
The operating room department is one of the 
most expensive areas within the healthcare sys-
tem which necessitates many expensive resour-
ces such as staff, equipment and medicine. The 
planning of operating rooms is a complex task 
involving many dependencies and conflicting fac-
tors and hence careful operating room planning is 
critical to attain high productivity. One part of the 
planning process is to determine a Master Surgery 
Schedule (MSS). An MSS is a cyclic timetable that 
specifies the allocation of the surgical groups into 
different blocks of operating room time. Using an 
optimization-based approach, this thesis investiga-
tes whether the MSS can be adapted to better 
meet the varying surgery demand. Secondly, an 
extended optimization-based approach, including 
post-operative beds, is presented in which diffe-
rent policies related to priority rules are simu-
lated to demonstrate their affect on the average 
waiting time. The problem of meeting the uncerta-
inty in demand of patient arrival, as well as surgery 
duration, is then incorporated. With a combina-
tion of simulation and optimization techniques, 
different policies in reserving operating room ca-
pacity for emergency cases together with a policy 
to increase staff in stand-by, are demonstrated. 

The results show that, by adopting a certain po-
licy, the average patient waiting time and surgery 
cancellations are decreased while operating room 
utilization is increased. 

Furthermore, the thesis focuses on how dif-
ferent aspects of surgery pre-conditions affect 
different performance measures related to ope-
rating room planning. The emergency surgery 
cases are omitted and the studies are delimited 
to concern the elective healthcare process only. 
With a proposed simulation model, an experi-
mental tool is offered, in which a number of ana-
lyses related to the process of elective surgeries 
can be conducted. The hypothesis is that, suffi-
ciently good estimates of future surgery demand 
can be assessed at the referral stage. Based on 
this assumption, an experiment is conducted to 
explore how different policies of managing inco-
ming referrals affect patient waiting times. Rela-
ted to this study, possibility of using data mining 
techniques to find indicators that can help to es-
timate future surgery demand is also investigated.  
Finally, in parallel, an agent-based simulation ap-
proach is investigated to address these types of 
problems. An agent-based approach would proba-
bly be relevant to consider when multiple plan-
ners are considered. In a survey, a framework for 
describing applications of agent based simulation 
is provided.
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Abstract 
 

This thesis concerns healthcare management and specifically 
addresses the problems of operating room planning and waiting list 
management. The operating room department is one of the most 
expensive areas within the healthcare system which necessitates 
many expensive resources such as staff, equipment and medicine. 
The planning of operating rooms is a complex task involving many 
dependencies and conflicting factors and hence careful operating 
room planning is critical to attain high productivity. One part of the 
planning process is to determine a Master Surgery Schedule (MSS). 
An MSS is a cyclic timetable that specifies the allocation of the 
surgical groups into different blocks of operating room time. Using 
an optimization-based approach, this thesis investigates whether the 
MSS can be adapted to better meet the varying surgery demand. 
Secondly, an extended optimization-based approach, including post-
operative beds, is presented in which different policies related to 
priority rules are simulated to demonstrate their affect on the average 
waiting time. The problem of meeting the uncertainty in demand of 
patient arrival, as well as surgery duration, is then incorporated. With 
a combination of simulation and optimization techniques, different 
policies in reserving operating room capacity for emergency cases 
together with a policy to increase staff in stand-by, are demonstrated. 
The results show that, by adopting a certain policy, the average 
patient waiting time and surgery cancellations are decreased while 
operating room utilization is increased.  
 
Furthermore, the thesis focuses on how different aspects of surgery 
pre-conditions affect different performance measures related to 
operating room planning. The emergency surgery cases are omitted 
and the studies are delimited to concern the elective healthcare 
process only. With a proposed simulation model, an experimental 
tool is offered, in which a number of analyses related to the process 
of elective surgeries can be conducted. The hypothesis is that, 
sufficiently good estimates of future surgery demand can be assessed 
at the referral stage. Based on this assumption, an experiment is 
conducted to explore how different policies of managing incoming 
referrals affect patient waiting times. Related to this study, possibility 
of using data mining techniques to find indicators that can help to 
estimate future surgery demand is also investigated.  
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Finally, in parallel, an agent-based simulation approach is 
investigated to address these types of problems. An agent-based 
approach would probably be relevant to consider when multiple 
planners are considered. In a survey, a framework for describing 
applications of agent based simulation is provided. 
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1. Introduction 
 
Health is a central issue for people all over the world and thus a topic 
of great concern, which is often debated. Together with an increasing 
number of elderly citizens the expectations on specialist care 
(hospital care) is getting higher, making the healthcare providers 
obliged to improve resource management to prevent cost from 
uncontrollable rising. Along with the concern for the rising healthcare 
expenditures, healthcare management (including both long term and 
short term objectives as resource allocation) displays an important 
role. One of the foremost expensive areas within healthcare concerns 
the allocation of operating room resources (Denton et al., 2006). 
Issues such as how to manage surgery waiting lists by use of efficient 
operating room planning is consequently of great importance and 
which provide strong incentives for investigation and analysis. This 
thesis concerns the problem of allocating healthcare resources for the 
specialty care specifically in terms of operating room planning and 
waiting list management.    

1.1 Background 
 
The specialty care is conservatively organized according to medical 
specialty, e.g., orthopaedics, general surgery, internal medicine and 
so forth. Additionally, there are divisions established to serve the 
medical specialties, e.g., radio therapy, operating room department, 
clinical chemistry etc. The operating room department commonly 
serves the operating departments like orthopaedics, general surgery 
and gynaecology. In larger hospitals, e.g., university hospitals, the 
specialties are even further branched off to e.g., thorax and 
neurosurgery and often have specialized operating room departments 
connected to each specialty. However, the common practice of 
operating room departments and their planning is to supply more than 
one operating specialty as depicted in Figure 1 below.  
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Department 
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Medicine

Hospital Care

 
Figure 1.  Departments of different medical specialties and departments acting to 
serve these departments constitute the hospital care.  
 
The operating room planning includes both short term planning and 
long term planning, i.e., emergency cases and non-emergency cases. 
Non-emergency cases are described as elective cases and are 
commonly referred from primary care to a specified department 
within the hospital care. Before surgery is decided, the patient 
generally meets the surgeon at the outpatient clinic, i.e., the hospital 
care. Emergency cases commonly enter the Operating room 
department passing through the Emergency department as viewed in 
Figure 2. However, there are exceptions to this rule; for instance, an 
elective patient admitted to an inpatient ward can suddenly become 
an emergency surgery case due to unexpected complications.  
 

Emergency Department

Operating
Room

Department

Outpatient Clinic

Orthopaedic Department

Primary Care

Emergecy case

Non-
emergency case

Patient Referral

Hosptital Care

 
Figure 2.  The Operating room planning concerns both non-emergency patients, 
i.e., elective cases and emergency cases. The non-emergency cases are commonly 
referred from primary care. 
 
In general, the elective surgery process starts at primary care. The 
patient is then referred to specialist care for an outpatient 
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appointment. If surgery is decided, the patient is then put on hold for 
surgery. In reality, the surgery waiting list system consists of two 
waiting lists; one, to meet the surgeon specialist at the outpatient 
appointment, and one, waiting to be scheduled for surgery after the 
appointment. Moreover, there is one surgery waiting list system 
related to each of the operating departments and which are 
individually managed, i.e., one waiting list at the Deparment of 
Orthopaedics, one at the Department of General Surgery and one at 
the Department of Gynaecology according to Figure 1 above. 
Consequently, the allocation of operating room resources affects the 
different waiting lists. In addition, the Operating room department 
also has to consider a variety of postoperative resources when 
planning. After surgery, the patients are monitored in a postoperative 
ward for circulation and respiration, but also for assistance with 
analgesic before being transferred to the ward or directly discharged. 
In addition, some patients will need postoperative intensive care and 
consequently have to be transferred to the Intensive care unit, (ICU) 
after surgery.  

 

1.2 Related Work 
 
The need for managing labor and other resources by use of 
measurements, analysis and methods of how to efficiently perform a 
job, combined with economic incentives, was first expressed during 
the industrial revolution (Ozcan, 2009). Later on, during World War 
II, quantitative methods of managing military operations started to 
evolve and these methods were associated with the emerging area of 
Operations Research. The discipline of Operations Research has since 
expanded widely into many fields of application, i.e., transportation, 
logistics, production planning, healthcare, scheduling and so forth. 
After 1970, the methods and techniques have gain more advantage 
from the development of computers and the ability to compile larger 
amounts of data (Ozcan, 2009). Examples of Operations Research 
methods and techniques include; mathematical optimization, queuing 
theories, computer science-based areas and methods like AI and 
simulation techniques. However, in the healthcare management field, 
the traditional Operations Research methods are integrated with 
techniques from other disciplines like medicine, health economics, 
public health science and so on. It is no exaggeration to claim that 
healthcare management science is a multidisciplinary field of which a 
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number of methods are used and problems addressed. Lagergren 
(1998) describes four major application areas within the healthcare 
field in which quantitative modeling approaches are being used: 
 
A.  Epidemiology, health promotion and disease prevention,  
B. Health and care systems design,  
C. Health and care systems operations, and 
D. Medical decision making. 
 
Although these four application areas are closely associated, 
application areas B and C correspond more to the planning and 
organization of healthcare and its resources compared to application 
areas A and D, which are more related to the management of medical 
prevention and decision. In contrast to many industrial applications, 
the healthcare field struggles with the difficulty of measuring the 
outcome (Pierskalla and Brailer, 1994; Ozcan and Smith, 1998). The 
question is how health should be measured? This is a vital and of 
highest important issue that most studies related to healthcare are 
dealing with and in particular healthcare economists but that also 
healthcare managers can not overlook. However, the measures that 
are commonly utilized for evaluating healthcare performance and 
delivery on a national level are limited to average lifespan and infant 
mortality (Seila and Brailsford, 2009). Further measures for 
evaluating regional differences within a country, often encompass 
patient waiting lists size and waiting times, which commonly relate to 
the elective surgery system. This system is associated with non-
emergency surgery and is generally classified according to type of 
surgery or problem, e.g., cataract surgery, hip joint replacement, and 
so on (Hanning and Lundström, 2007). 

Commonly, the overall goal described in the literature of 
healthcare management science is to minimize cost for healthcare 
delivery with either preserved healthcare delivery or even better; 
increased healthcare delivery. This goal is then served by different 
efficiency parameters, e.g., patient waiting times, patient length of 
stay or patient through-put, see for example (Harper and Gamlin, 
2003, Marshall et al, 2005 and Decker and Li, 1998). Operating room 
scheduling and planning is one of the foremost healthcare application 
areas in which quantitative modeling approaches have been described 
in the literature (Cardoen et al., 2010, van Oostrum et al., 2008, Testi 
et al., 2007, Hans et al., 2008). The reason for this, discussed in a 
literature review by Magerlein and Martin (1978), is the interesting 
condition of complexity and the possibility of prominent cost 
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reduction. In addition to the above mentioned performance 
measurements, the operating room planning also measure operating 
room utilization, overruns and overtime (Blake et al., 2002, Dexter et 
al., 1999, Sciomachen et al., Denton et al., 2006, Lamiri et al., 2008). 
A detailed literature review of operating room planning and on 
different performance criteria can be found by Cardoen et al. (2010). 

The studies of operating room planning can be categorized 
according to problem description, starting with the problems related 
to the different ways of entering, i.e., elective cases and emergency 
cases. Accordingly, waiting lists and waiting times are commonly 
used as a measure for evaluating healthcare performance and in 
particular the elective surgery system and hence often seen in the 
literature. Everett (2002) presents a simulation approach of an 
elective surgery waiting system in which a global waiting list is 
organized to serve several hospitals. The proposed model is 
suggested as a decision support tool for managing the fluctuating 
waiting times between different hospitals. One possible drawback of 
the suggested model is the limited opportunity of continuity of care. 
In a study by Bridgman et al. (2005), a slot system to control the 
demand for orthopaedic referrals from primary care is suggested to 
prevent unnecessary referrals from entering the waiting system. 
Hereby, the waiting times could be notably reduced. An interesting 
observation by Torkki et al. (2002) reveals that sampling patient 
waiting times commonly is conditioned to the patients being operated 
on. In order to conduct an unbiased sampling, Torkki et al. (ibid) 
claim that the patients that are still waiting must be included in the 
sample. The management of the uncertainty of emergency cases is 
another interesting problem. Wullnik et al. (2007) study the problem 
of how to reserve operating room capacity for emergency cases by 
comparing two approaches. With a simulation model they conclude 
that the approach of reserving operating room capacity in all 
operating rooms outperforms the approach of dedicating one 
operating room for emergency patient. A different approach of 
analysing the problem of managing the uncertainty of emergency 
cases is described by Lamiri et al. (2008). Lamiri et al. (ibid.) 
combine mixed integer programming with Monte Carlo simulation to 
solve the problem of minimizing the cost of having elective patients 
waiting and staff overtime. In contrast to managing emergency cases, 
the problem of allocating resources for the elective cases is described 
in the literature as a leveled planning problem. At the first planning 
level (which is sometimes divided into two separate levels), the 
allocation of operating room time between the different surgical 
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departments or surgeon groups, i.e., gyneagology, orthopaedics and 
general surgery, is determined and this provides a basis for building a 
master surgical schedule (MSS). MSS is a cyclic timetable that 
determines the surgical group with each block of operating room 
time. With integer programming technique Blake et al., (2002) show 
how the targeted operating room hours of each surgical group can be 
converted in to block time in an MSS. Also Testi et al., (2007) use 
integer programming technique to solve the first level to establish an 
MSS. In addition, they also consider the next planning level which 
includes the problem of determine the sequence of surgical cases to 
be scheduled in each block. Specifically, the second planning level 
concerns the elective case scheduling (ECS), (i.e., which cases, in 
what sequence and operating room, should preferably be scheduled?).  
Dexter et al., (2002) investigate the utilization rate of operating room 
in relation to scheduling specific cases into specific operating rooms. 
Beliën and Demeeulmeester, (2007) evaluate different heuristic based 
integer programming models for building MSS with the performance 
measure of minimizing post operative bed shortage. Similarly, in 
(van Oostrum et al., 2006) and (Hans et al., 2006) both use advanced 
optimization techniques to maximize the operating room utilization 
whereas van Oostrum et al., also consider the subsequent bed usage 
in the problem formulation. Sciomachen et al., (2005) describes a 
discrete event simulation approach to address the first level of 
building a MSS with respect to waiting lists but also the second level 
by investigating different sequencing rules. The experiment is set up 
to verify the operating room productivity in terms of utilization rate, 
throughput and overruns. Further research addressing the second 
level is Dexter el al., (1999) evaluating different algorithms to 
schedule add-on elective cases, i.e., short term planning. Best Fit 
Descending with fuzzy constraints performed best operating room 
utilization compared to the other algorithms.  

Summarizing the literature review on operating room 
planning we first distinguish between the problems of approaching 
elective and/or emergency cases. The elective surgery system is often 
described as a waiting list problem and how to managing admissions 
by use of queuing theory and simulation technique. The elective 
problem could further be separated into two main levels where the 
first level covers the operating room time needed according to 
surgeon specialty and their waiting lists and also the task of building 
an MSS, whereas the second level (ESC) manages the scheduling of 
the elective surgery cases specifically. Further the literature on ESC 
can be divided according to deterministic or stochastic surgery 
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durations when planning. Quantitative modeling techniques such as 
simulating and/or optimization are commonly used for these problem 
descriptions. The time horizon is commonly addressed on a tactical 
level even if some long term and short term studies are published. 
The scope usually features pre or post operative conditions according 
to the two-level problem description. In the first level the pre 
operative conditions such as waiting list and medical priority are 
partly considered and accounted for whereas in the second level post 
operative conditions such as post operative beds are accounted for. 
The methods mostly describe optimization technique and/or 
simulation technique and a variety and mixture of performance 
measures are used as described above.   
 
 

1.3 Problem Definition 
 
Operating room department and the planning and scheduling of the 
operating rooms can be regarded as the engine of the healthcare 
surgery system. The entrance to the surgery system occurs either 
through the emergency system or the elective surgery system as 
described in Figure 2, above. Surgery waiting list management and 
operating room planning are activities closely interconnected as 
previously described, and hence are both considered in this thesis.  

1.3.1 Operating Room Planning 
 
Inefficient operating room planning and scheduling affect a number 
of other areas within the healthcare organization and must therefore 
be carefully considered and coordinated (Ozcan, 2009). Important 
resources related to operating room capacity and the operating room 
planning are surgeons, operating rooms including equipment, 
operating teams i.e., anesthetist nurse(s) and operating room nurse(s). 
The occurrence of uncertainty in both patient demand (e.g. 
emergency cases and seasonal variation) and surgery duration has to 
be considered for both long term as short term planning. In a long 
term planning, decisions of how much and how to reserve operating 
room capacity must be considered. While in a short term planning, 
decisions related to cancellation rules could be relevant if, for 
instance, the emergency operating room capacity already is allocated 
and elective cases must be cancelled in favor of emergency cases. 
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Different objectives concerning the operating room planning can be 
expressed depending on how the surgery demand and supply of 
resources relates. Let us review an example case to illustrate the 
described problem. Consider a situation of temporarily scarcity of a 
particular surgeon specialty leading to a severe patient waiting time 
condition. The utilization of the surgeons with that particular 
specialty should preferably be maximized. This could mean that a 
decision of temporarily having two or more operating teams and 
rooms serving one surgeon would be eligible even if the utilization of 
the operating rooms and teams are far from optimal and the short 
term monetary cost for the operating room department would rise. In 
the long term, this decision could imply reduced society cost in terms 
of increased healthcare delivery besides the assumed responsibility of 
meeting the healthcare demand. Hence, the objective of operating 
room planning varies between situations and the conditions of which 
the planning process is obliged. 

First the total operating room capacity must be determined 
based on regional population criteria such as age and so forth. Once 
the operating room capacity is determined, the operating room time 
and capacity has to be divided between the different surgery 
specialties (e.g., orthopaedics, general surgery, gynaecology) in order 
to meet the patient demand as a whole, including emergency cases. 
This is called the MSS (Master Surgery Schedule), which is a cyclic 
timetable that determines the surgical group with each block of 
operating room time.  

Up to now, we have discussed issues related to pre-operative 
operating room planning of which all are associated to the waiting list 
management.  Next, the scheduling of the patients into the different 
rooms, utilizing certain per-operative resources like operating team 
but also post-operative resources like beds, must be considered. This 
also includes the sequencing of the different patient types. 
Additionally, surgery durations must be estimated, taking a certain 
level of uncertainty into account. There are a number of factors that 
affect surgery duration of which some are; type of surgery and 
technique used, type of anaesthesia, level of morbidity related to 
circulation and respiration and finally surgeon specialist.  
 

1.3.2 Waiting List Management 
 
As pointed out in the previous section, the operating room planning 
also involves parts of how to manage the surgery waiting lists. 
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Important decisions of how to allocate the operating room capacity 
between the different surgery specialties (creating an MSS) are also 
very relevant to the waiting list management and thus must be taken. 
Also considerations have to be taken regarding prioritization, in 
which emergency cases have the highest priority and the remaining, 
elective cases, can be further divided into 2-3 prioritization groups. 
Given a certain operating room capacity, how should patients of 
different prioritization be handled in order to maximize patient 
through-put and minimize patient waiting time? Next to the definition 
of priority 1, which commonly represents surgery cases needing 
surgery within the scope of immediate treatment to 24 hours, let us 
consider patients with priority 2 which includes cancer patients.  
Ethical issues of how long a patient diagnosed with cancer can wait 
before having surgery are of very important matter. If patients with 
no prioritization (i.e. priority 3) are guaranteed surgery within a 
certain time limit, this may affect the waiting time for medium 
prioritized patients including cancer patients. The policy of handling 
different priority groups is consequently a very interesting and ethical 
aspect concerning the waiting list management. 

Another relevant and interesting aspect concerning the 
elective surgery management and waiting lists is how to allocate 
individual surgeons to patients. This involves policies and decisions 
already at referral stage. Surgeons within a specified specialty, e.g., 
orthopaedics, are commonly further specialized into a one or two 
subspecialties, e.g., hip, shoulder etc. Similar to how the operating 
room capacity is allocated between the different surgery specialties, 
the allocation of surgeons within a surgeon specialty (but between the 
different sub-specialties) also have to be considered in order to 
minimize differences in patient waiting time.  

 

1.4 Research Questions 
 
The aim of this thesis is to investigate the applicability of computer-
based models for healthcare management problems, specifically 
related to operating room planning and waiting list management. The 
studied problem consists of several aspects that are interconnected. 
Subsequently, the following research questions are formulated to 
address the problem: 
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RQ1: What are the main goals and performance metrics used for 
operating room planning? 
 
RQ2: How can the uncertainty related to surgery cases be analyzed 
and modeled in the context of operating room planning? 
 
RQ3: How can policies related to MSS and surgery prioritization 
affect waiting list management? 
 
RQ4: How can the elective surgery process be modeled to analyze 
different problems related to the elective waiting list management? 
 
RQ5: How is it possible to predict future surgery need already at the 
referral stage and what implications can be drawn by use of such 
predictions? 

 

1.5 Research Methods 
 
A number of research methods have been used in this thesis. Besides 
quantitative modeling techniques such as optimization and 
simulation, extensive interviews have been conducted in parallel in 
order to explore the research domain but also for validation purpose. 
Several studies have been designed as case studies in which a specific 
environment, including problem setting, is analyzed. Along with each 
study the related literature is reviewed and discussed. The first 
research question is addressed through the literature reviewed and the 
cases studied.  
Quantitative modeling describes the process of iteratively develop a 
model that correspond to the real world and the problem(s) addressed.  
A process description of quantitative modeling can be illustrated as 
follows (Lundgren et al., 2003). 
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Figure 3.  A description of the quantitative modeling process. Continuous 
evaluations and updates are required in order to verify and validate the model.  
The Blekinge Hospital has provided us with real data of which have 
been employed in a number of experimental approaches. In order to 
address RQ5, a retrospective study of patient records is conducted in 
which specific data from a certain patient group are extracted. 
Techniques from data mining are then used to automatically generate 
models that are able to predict whether surgery should be performed. 
Data mining is a research area, which includes techniques from areas 
such as: statistics, machine learning and artificial intelligence. The 
overall goal of data mining is to find useful information in large 
quantities and/or complex types of data (Lavesson, 2008). In contrast 
to the model process described in Figure 3, the data mining model is 
automatically generated. 

1.5.1 Optimization 
 
An optimization model can be referred to as a mathematical model 
that represents a real-world problem in which problem choices are 
represented by decision variables and the problem is solved by 
finding values of these decision variables that maximize or minimize 
an objective function under the condition of a set of constraints. The 
challenge is to find a suitable abstraction level of the real world to 
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model. With increased complexity in terms of number of variables 
and constraints could make the problem difficult to solve.  

In this thesis we let the optimization model to represent parts 
of the decision making related to waiting list management and 
operating room planning. The intention is to model the expected 
management decisions accurately rather than focusing on models and 
methods for finding the optimal solution. The modeling of expected 
management decisions, here used by optimization modeling 
technique, is used in most of the included studies and in particular to 
address the problems connected to RQ2-RQ4. 

1.5.2 Simulation 
 
Simulation is used to imitate a real-world scenario and how it evolves 
over time. Experiments conducted in a real-world setting can be very 
time consuming and/or complex or even unethical to perform. Due to 
this fact, simulation approaches is ideal to address healthcare issues. 
Simulations are often categorized into two types; discrete or 
continuous. In discrete simulations the state variables changes 
instantaneously at separate points in time whereas in continuous 
simulations the state variables changes continuously with respect to 
time (Law and Kelton, 2000). The most widely used simulation 
approach in the healthcare field is the discrete-event simulation 
(DES). DES enables analysis of patient flow, forecasting and 
complex relationships among the different model variables (Jun et al., 
1999). Brailsford (2007) describes the appealing features of DES as it 
gives the modeller opportunity to design entities with human 
characteristics of age, gender, diagnosis, blood group, disease status, 
sexual preference, hair colour etc.   

Davidsson (2000) compares traditional DES to a multi agent 
based simulation (MABS) approach. He points out the advantages of 
MABS compared to DES and other simulation techniques as it 
supports the ability to model individual behaviour in an extended 
way, including pro-activeness and learning ability etc. Look (2007) 
describes an agent as “a computer system capable of flexible, 
autonomous (problem solving) action, situated in dynamic, open, 
unpredictable and typically multi agent domains”. In operating room 
planning there are typically a number of objectives to consider and 
decisions to be taken. A plausible design approach would be to model 
the different decision makers in an operating room planning process 
according to the agent concept. Specifically, it would be interesting to 
elaborate on the multi-objective problem (that today partly is 
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represented by the described optimization model) that especially is 
connected to RQ3 and RQ4.  

The primary purpose of using a discrete-event simulation 
approach in this study is to include the possibility to analyse the 
impact of variability and uncertainty that operating room planning 
and waiting list management have to consider and which specifically 
is addressed in RQ2. Also the patient flow of individual patients are 
modelled with relevant characteristics of which provide basis for 
decisions taken in operating room planning and waiting list 
management. The possibility of model patient flow through the 
studied system by use of simulation, provides basis for addressing 
RQ2-RQ4.   
 

1.6 Contribution 
 
RQ1: What are the main goals and performance metrics used for 
operating room planning? 
 
RQ1 is addressed in paper I-IV. This research question is of an 
interesting nature since the problem of operating room planning has a 
number of stakeholders and also constitutes a number of problem 
settings. In each of the four papers, different problem settings related 
to operating room planning are described and analyzed. Depending 
on how the problem is defined and which stakeholders are involved 
in the problem description, there are different goals and performance 
metrics used. 
 
RQ2: How can the uncertainty related to surgery cases be 
analyzed and modeled in the context of operating room 
planning? 
 
RQ2 is addressed in papers III and IV.  In Paper III, we specifically 
investigate how emergency cases affect the operating room planning. 
With a simulation based approach, we analyze different management 
policies concerning how to reserve operating room capacity in case of 
emergency surgeries. With historical data we conduct an experiment 
of simulating both elective and emergency cases. We study how 
operating room capacity can be allocated in order to better meet the 
uncertainty in demand related to emergency cases. Experimental 
results show that by modifying the stand-by system for both patients 
and staff in combination with increased operating room capacity 
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reserved for emergency patients, the operating room performance 
could be significantly reduced. The uncertainty of surgery duration is 
also accounted for in the simulation experiments. 
 In contrast to Paper III, Paper IV partly focuses on the 
uncertainty related to the elective surgery system, i.e., the non-
emergency system. The elective surgery system represents a long-
term planning of patients from referral to appointment and finally to 
possible surgery. When planning for elective surgery the planning 
process is conducted several weeks before the surgery is actually 
performed. In Paper IV we model the steps from incoming referral to 
appointment and simulate the uncertainty of deciding for surgery at 
the appointment. Simulation-based experiments indicate that less 
variation in patient waiting time can be obtained by having 
sufficiently good estimates of the patient surgery need already at the 
referral stage.  
 
RQ3: How can policies related to MSS and surgery prioritization 
affect waiting list management? 
 
RQ3 is addressed in Paper I and Paper II. The effect from the weekly 
timetable, called the MSS, on patient waiting time is analyzed in 
Paper I in which we investigate the possibility of having a more 
flexible timetable with respect to patient need. We experiment with 
three different policies of allocating operating rooms: Fixed 
allocation, Flexible surgeon team allocation and Flexible surgeon 
allocation, which describe different levels of flexibility in surgeon 
allocation to operating room planning. Flexible surgeon allocation is 
regarded as the most flexible allocation policy. The approach is to 
formulate the allocation process as an optimization problem in which 
patients are scheduled for surgery with the minimization of a cost 
function representing patient waiting time and medical priority. 
Results show that applying a flexible policy when conducting an 
MSS is more cost efficient compared to a more static policy. 
 In Paper II we focus on how different policies for managing 
patient prioritization during operating room planning affect patient 
waiting time. Especially, we study the effect on patient waiting time 
for medium-prioritized patients when applying rules for no-
prioritized patients. We present a cost function that corresponds to the 
medical prioritization in combination of time waited and the cost of 
having surgery in another hospital. The cost function evolves 
according to prioritization group. The cost of having surgery in 
another hospital is set according to type of surgery. In an 
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experimental approach we simulate the total cost and waiting time 
effects when applying rules that control patient waiting time for no 
prioritized patients. Decisions of having surgery at another hospital 
can be taken if operating room capacity can not manage to schedule 
patients within time according to certain policy rules. Results show 
that by applying rules to control waiting time for no-prioritized 
patients affect waiting times for medium sized patients in a negative 
direction. Also the total cost is increased.  
  
RQ4: How can the elective surgery process be modeled to analyze 
different problems related to the elective waiting list 
management? 
 
In Paper IV, we address RQ4. The elective surgery system starts 
when patients are referred to surgeon specialist (hospital care). The 
referred patient meets a surgeon with the corresponding subspecialty 
at an outpatient appointment to discuss and decide upon surgery. If 
surgery is decided, the patient is then put on hold for surgery. With 
an extensive simulation approach including optimization technique to 
represent different decisions taken related to patient scheduling and 
surgeon allocation we attempt to model the behavior that are of 
relevance for analyzing the elective surgery system and waiting list 
management. Each, of the afore mentioned, steps are modeled 
including resource allocation related to both appointment scheduling 
and operating room planning. Moreover, each surgeon resource is 
designed with her/his specific skills of subspecialties. For illustrative 
purpose, we use the simulation model to explore the effects of using 
different policies related to the referral management. Experimental 
results point out the importance of managing referrals, taking into 
account, surgeon allocation using estimates on future surgery 
demand. More specifically, the results indicate less variation in 
patient waiting times when using estimates of future surgery demand 
when assigning patient referrals to the surgeon specialist.  

We argue that a number of problems related to the elective 
surgery system and waiting list management can be analyzed with the 
presented simulation model. 
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RQ5: How is it possible to predict future surgery need already at 
the referral stage and what implications can be drawn by use of 
such predictions? 
 
RQ5 is addressed in Paper V. In Paper V we hypothesize that future 
estimates of future surgery demand can be drawn already at the 
referral stage. By use of data mining technique we extract 
information from patient records and automatically generate models 
that are able to predict surgery need. The significance of these models 
is twofold: we may extract surgery indicators from them and the 
models themselves can be used for prediction at the referral stage. 
We conduct an experiment in which we compare different learning 
algorithms on a data set of 80 hip arthrosis patients. The results 
indicate that it is possible to predict surgery need already at the 
referral stage. The generated surgery indicators can provide basis for 
how to structure patient referrals in future and support the process of 
operating room planning related to elective surgery system in an early 
stage. 
 
 

1.7 Conclusions and Future Work 
 
In this thesis we have reviewed the main concepts and issues 
associated to operating room planning and waiting list management. 
We have concluded that operating room planning and waiting list 
management are closely interlinked activities for which should not be 
considered separately in order to achieve hospital productivity. By 
surveying related literature, we have been able to break down the 
research domain into tractable problem descriptions of which have 
been addressed in the included papers (Paper I-VI). The conducted 
research shows that quantitative modeling is a suitable technique for 
analyzing problems related to the operating room planning and 
waiting list management. Suggested modeling approaches have been 
developed in collaboration with a Swedish hospital which also has 
provided us with real data.  
 As now having explored the research domain with several 
problems formulated and cases studied, we have also realized that 
many problems are still left to analyze and methods to develop. We 
have modeled the elective waiting list management and performed 
some experiments related to the referral management which is of 
future research interest. The model can be further developed in terms 
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of several aspects, for instance, one interesting aspect is to extend the 
model to also consider surgeon resources in a more detailed setting. 
With this approach we believe we can model an elective surgery 
system that can provide us with useful information on how to 
schedule specific surgeons in order to achieve productivity and 
minimize patient waiting time.  
 Another interesting direction for future work and which 
briefly has been considered in this thesis, is the possibility of using a 
multi agent-based simulation approach to model operating room 
planning. In order to better meet the complexity and often conflicting 
tasks of operating room planning we further plan to apply agent 
technology. The properties of the agent concept that appeals to this 
problem domain are that each agent can act on behalf of its own 
belief, desire and intention. Using the agent abilities of interaction 
and negotiation we might reach an efficient modeling approach to 
address the multi objective problem of operating room planning. How 
to allocate the operating room resources with respect to different 
stakeholders and decision makers working under a variety of 
uncertainties, with an agent modeling approach is indeed tempting.  
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Abstract 
 
There is a growing proportion of elderly which increases the demand 
for health care. As a consequence health care costs are rising and the 
need for hospital resource planning seems urgent. Different aspects 
(often conflicting) such as patient demand, clinical need and political 
ambitions must be considered. In this paper we propose a model for 
analyzing hospital surgical suite with focus on operating room 
planning. An optimization model is developed for patient operation 
scheduling and for key resource allocation. Medical examinations and 
treatments of patients are performed using a number of resources 
similar like products are refined in a number of processes in a 
logistics chain. Optimal resource allocation given different objectives 
according to patient perspective, staff perspective, costs etc. under 
different system settings (e.g. principles for operating room allocation 
and amount of stand-by personnel) is studied. Preliminary results are 
presented based on case studies from two Swedish hospitals.  
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2. 1 Introduction 
  
Hospital surgical suite is an activity where several different resources 
have to be synchronized in order to achieve efficiency. Many studies 
have been conducted in attempt to optimise health care delivery 
through the last decades, see comments by Lagergren (1998), Riley 
(1999) and De Angelis et al (2003). Scheduling staffs, beds and 
operating room allocations are common optimisation problems that 
are studied in this field (Beaulieu, 2000, Kua et al, 2003, Ogulata and 
Erol, 2003). Various approaches including optimisation techniques 
are used depending on how the problem is formulated and possibly 
separated into different parts. One of the main interests of optimizing 
health care is how the allocation of operating room is performed. 
Previous research focusing on optimizing the surgical suite, generally 
propose strategies to minimize monetary costs and to achieve as high 
patient through-put as possible (Lowery, 1992, Hollingsworth, 2003). 
In this paper, we connect operating room planning mainly to the 
patient perspective, which is not the typical view of this planning 
task; also personnel perspectives and financial aspects are considered. 
 Operating room planning is a complex task which has to 
consider many aspects such as surgeon scheduling, operating team 
scheduling (included anaesthetic personnel), patient related 
information, (i.e. estimated operating time, priority and diagnosis), 
equipments and surrounding activities like intensive care unit etc.  
We suggest optimization modelling to support allocation of key 
resources for operating room planning. The purpose is to show that 
this method can serve as a tractable tool for tactical planning within 
this environment. The case study is based on real data from Swedish 
hospitals. 
 In this paper, we first introduce the problem as experienced 
from two hospitals of different types. Then, an optimization model is 
suggested and the generation of input-parameters is presented. 
Different scenarios are created and the result of using the 
optimization model is presented. Finally, conclusions and directions 
for future research are outlined.       
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2. 2 Problem description: Operating room 
planning 
 
Due to the complexity of operating room planning and the way 
surgery activity affects and are affected by many processes within 
hospital, it is a challenge to find out and analyze the parts which 
primarily influence the surgery activity. In this case study we try to 
identify primary requirements that form the basis to operating room 
planning. In order to obtain an understanding of the surgery activity 
from a general point of view, we have studied two cases at two 
Swedish hospitals; 

o Blekinge Hospital (Blekingesjukhuset) 
A medium sized hospital (ca. 420 beds). 
Department of general surgery 

o   Universitetssjukhuset) 
A university hospital (ca. 2400 beds) 
Department of cardiothoracic surgery 

Blekinge Hospital is a medium sized hospital (for hospitals in 
Sweden) where we study a general surgery department whereas the 
study at Sahlgrenska University Hospital concerns surgery that is 
specialized and which are mostly located at university hospitals.  

2.2.1 Surgery planning 
 
The main problem is to map the list of planned patients into an 
operating schedule that meets both patient priority and available 
resources needed for a particular operation while at the same time 
consider how the total time of care is performed, presuming that the 
objective is to operate on as many patients as possible. In this 
context, it is important to state that disturbances of acute operations 
are not included explicitly in this study. With acute operations we 
mean patients that need immediate operation. Patients are given 
different priorities after medical decisions into three groups;  

1. Double priority (Operation needed within 2-4 weeks. 
Local differences) 

2. Single priority 
3. No priority  

The surgical suit is provided with a fixed number of operating rooms. 
In order to perform an operation there are some general requirements; 
 



 26

-One operating room 
-One operating team consisting of (local differences): 

-  one nurse anaesthetist,  
-  one or two operating room nurses and  
- one or two assistant nurses. In our model, we refer the    
operating team to opening  hours at each operating 
room.    

-One available anaesthetist (Not considered in this model)  
-Post operative care. There must be beds available at the ICU 
(Intensive Care Unit) or at the ward. 

In order to handle the priority group 1, the final operation schedule, 
keeping in mind that we in reality are dealing with a rolling horizon, 
usually are made one week at a time. In addition there are typically 
queues of patients that can be operated on if possible.  

2.2.2 Department of general surgery 
 
In general surgery, the surgeons are internally divided up into teams 
according to specialty. Table 1 shows se an example of how the 
surgeons are grouped into surgeon teams and how diagnosis/patients 
can be spread among these. Patient 1 represents diagnosis which can 
be operated on by all surgeon teams included all surgeons, so-called 
standard operation. Diagnosis represented by patient 2, require 
surgical operations handled by the surgeons of surgeon team 1. 
Patient 5 has a diagnosis that requires skills that only surgeon 1 and 2 
(working in the same surgeon team) have. Finally, patient 6 has a 
diagnosis that only can be treated by surgeon 6 and 9, but in 
contrastto the case of patient 5, the surgeons are working in different 
teams. 

Table 1 Surgeon team and patient diagnosis. 

Patient 1 Patient 2  Patient 4 Patient 5 Patient 6

Surgeon team 1 Surgeon 1 ok ok ok
Surgeon 2  ok ok
Surgeon 3 ok ok
Surgeon 4 ok ok
Surgeon 5 ok ok

Surgeon team 2 Surgeon 6 ok ok ok
Surgeon 7 ok ok
Surgeon 8 ok ok

Surgeon team 3 Surgeon 9 ok ok ok
Surgeon 10 ok ok
Surgeon 11 ok ok

Patient with example diagnosis 



 27

 
Currently, each surgeon team has a fixed number of operating rooms 
per week at its disposal. This is, as far as we know, a common 
planning strategy at many Swedish medium sized hospitals. It is 
interesting to note how the surgeon teams are allocated to the same 
number of operating rooms every week with no considerations taken 
to how the present patient load is distributed among the surgeon 
teams and the availability of surgeons. In addition, surgeons from 
general surgery departments are also scheduled with other duties at 
ward or consulting-room which complicate the scheduling of the 
surgeons. In order to take surgeon preferences into account, surgeons 
must not operate on two subsequent days in order to see patients at 
ward (operated on the day before) and seeing new patients at 
consulting-room.  
 

2.2.3 Department of cardiothoracic surgery  
 
Due to the “complexity” of operations at cardiothoracic surgery, the 
operating teams are specialized and are only working with 
cardiothoracic surgery. Unlike the surgeons at the general surgery, 
the cardiothoracic surgeons are not as much occupied with other 
duties. This is explained by the fact that there are usually other 
physicians (generally cardiologists) than the cardiothoracic surgeon 
that are responsible for the medical examination and rehabilitation. 
This enhances the availability of the cardiothoracic surgeons 
considerably compared to the general surgeons and introduces greater 
flexibility in the surgeon scheduling. The internal divisions of 
surgeon teams are employed in the same way as in the general 
surgery. Also principles of how the division of surgeons are related to 
different diagnosis, illustrated in Table 1, are utilized in 
cardiothoracic surgery as well. Central to the cardiothoracic surgery 
is the ICU (Intensive Care Units) that must have resources of beds 
and staff to handle the need of post operative care, i.e. patients 
transferred from the operating room suite. This in turn means that the 
ward must be able to accept patients transferred from the ICU to 
prevent restriction of patient through-put.  
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2.2.4 Summary 
 
The operating room scheduling has the same basic principles at both 
hospitals. Temporary schedules are constructed several weeks in 
advance while the final schedules are constructed Thursday or Friday 
the week before. The scheduling is performed manually (without any 
advanced software support). When comparing the two strategies for 
operating room scheduling, the surgeon scheduling at the general 
surgery is dealing with more aspects than in the cardiothoracic 
surgery. By aspects we mean that individual preferences from the 
surgeons at the general surgery have to be considered as for example; 
not operating on two subsequent days.  The static operating room 
allocation used in the case of general surgery is not used in the case 
of cardiothoracic surgery. The surgeons at the cardiothoracic surgery 
mostly operate during working hours and are not as much scheduled 
for other duties as the surgeons at the general surgery.  An interesting 
observation related to the operating room planning that is very much 
valid for both of the case studies; the importance of available 
resources at ICU and later at the ward to prevent restriction of patient 
through-put at operating room suite with associated cancellations of 
operations. This could be comparable to how products are refined in a 
number of processes in a logistics chain where resources at the ICU 
but also at the ward must be available in order to fulfil the 
requirements to carry through the operating room schedule. This 
parallel is sharper in the case for Sahlgrenska University Hospital. 
 

2.3 Problem formulation 
 
Based on the two case studies, we have identified some key resources 
that we find the most relevant when optimizing operating room 
planning. Also we have identified some rules related to the identified 
resources that have to be considered in order to meet additional non-
key requirements.  

2.3.1 Optimization Model 
 
Indices and Sets: 
j Index for patient set J, 
k Index for surgeon team set K, 
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l Index for surgeon set L, 
m Index for operating room set M, 
t Index for time slot set T. 
 
 
Parameters: 

mta  Available time in surgeon room m in time slot t (when time for 
potential acute operations has been excluded). 

kb  Parameter of how many operating rooms a surgeon team is allowed to 
allocate in the same time slot. 

jc  Cost of not operating on patient j. 

jld  1 if surgeon l is qualified to operate on patient j, 0 otherwise. 

je  Estimated operating time for patient j.  

ltf  1 if surgeon l is available on time slot t, 0 otherwise. 

klg  1 if surgeon l is included in surgeon team k, 0 otherwise. 

jq  Estimated days of post operative care for patient j. 
 

Variables: 
 

kmto  1 if surgeon team k is allocated to operating room m in time slot t, 0 
otherwise (binary).  

tp  Number of patients transferred from ICU (Intensive Care Unit) in 
time slot t (integer). 

js  1 if patient j is not operated on, 0 otherwise (binary). 

tw  Available beds at ICU (Intensive Care Unit) or the ward in time slot t 
(integer). 

lmtx  1 if surgeon l is assigned to operating room m in time slot t, 0 
otherwise (binary). 

jmty   1 if patient j is assigned operating room m in time slot t, 0 otherwise 
(binary). 

ktz  1 if surgeon team is operating in time slot t, 0 otherwise (binary). 
 
Objective 
   
The objective of the operating room planning is to operate on as 
many patients as possible with considerations taken to patient priority 
and presented resources available. In our model we have chosen the 
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objective function of minimizing the cost of not operating on a 
patient, which, as far as we now, is not the usual way of modelling. 
The cost parameter is meant to represent an estimation composed of a 
combination of patient suffering (related to; diagnosis, time waited 
for operation and medical priority) and public cost (e.g. cost of 
sickness benefits etc.) and is individual related to the patient. 
Alternatively, by having the cost parameter only representing one of 
the composted issues, one cost perspective could be viewed. 
 
Also, at this moment, we take no considerations to the longer term 
perspective and a rolling horizon, i.e. we are only considering one 
week of planning. 
 
Minimize z = ∑

∈Jj
jj sc  

 
 
Subject to: 
 
Patient can only be operated on once. Also if operation of patient j 
does not occur for the current week, a cost is paid.  
 
∑∑
∈ ∈

−=
Mm Tt

jjmt sy 1        }1,0{, ∈∀ jsj    (1) 

 
Capacity limit, the patients are associated with an estimated operating 
time according to what kind of operation and severity. 
 

mt
Jj

jjmt aey ≤∑
∈

  tm,∀     (2)     

 
Connection between patient diagnosis/operation types, surgeon 
available: 
 

∑
∈

⋅⋅≤
Ll

lmtltjljmt xfdy  tmj ,,∀    (3) 

 
Aspects of surgeon team and operating room allocation 
 
As described above, the surgeon teams at the general surgery are 
fixed to certain operating rooms and days (time slots) and within 
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these assigned time slots and operating rooms, the surgeons within 
the surgeon team are distributed. While at the same time studying the 
case of cardiothoracic surgery, where a dynamic/flexible operating 
room allocation is employed, we provide alternatives within the 
optimization model for analysis. To enable a flexible operating room 
allocation, we set up limitations for, on the one hand; the surgeon 
teams and on the other hand; the surgeons, to operate on two 
subsequent days by replacing the fixed operating room allocation  
with either constraints (4a) or (4b). By this, we keep the restrictions 
of having the surgeons free from operative duties the day after having 
operated in order to be accessible to the post operative patients as 
preferable in the general surgery.  
 

1)1( ≤+− kttk zz    tk,∀ , 2≥t    (4a) 
 
 

1)( )1( ≤+∑
∈

−
Mm

lmttlm xx .  tk,∀ , 2≥t    (4b) 

 
Constraints (5) are related to the choice of implicating constraint (4a) 
and they limit how many operating rooms a surgeon team is allowed 
to occupy at the same time.  
 

∑
∈

≤
Mm

kkmt bo * ktz   tk,∀     (5) 

 
Constraint ensuring that only one surgeon team is allowed to occupy 
an operating room in a time slot. 
 
∑
∈

≤
Kk

kmto 1   tm,∀     (6) 

 
Restricting surgeons to only one surgeon team per operating room 
and time slot: 
 

∑
=∈

≤
1: klgKk
kmtlmt ox   tml ,,∀    (7) 

 
Restrict the surgeon to one operating room per time slot. 
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∑
∈

≤
Mm

lmtx ,1    tl,∀     (8) 

 

2.3.2 Model Extension 
 
One of the main causes to disturbances of operating room planning 
besides unpredictable events of acute operations is the restriction of 
patient through-put in either the ICU or the ward. The possibility of 
including estimated expected post operative care into the 
optimization model for the operating room planning is therefore 
interesting. In the following experiment description, constraint (9) 
and (10) are not included. 
 
Available ICU/Ward-beds 
 

t
Jj Mm

jmttt wypw =−+ ∑∑
∈ ∈

− )1(   t∀    (9) 

 
Patients transferred from ICU/Ward in time slot t. 
 

 
             t∀    (10) 
 

 
We assume that )( jqtjmy −  is a given parameter for jqt −  ≤  0 (i.e. given 
by earlier operations) 

2.4 Operating room scheduling  
 
Based on the two conducted case studies, we analyze the potential of 
optimization modelling for operation room planning to support 
allocation of key-resources. However, we focus on the general 
surgery and have conducted an experiment using the provided model 
to help analyze static versus dynamic operating room allocation. As 
pointed out above, there is a difference in this direction between how 
the allocation of operating rooms and scheduling of surgeon is 
performed in the two hospitals. The experiment set-up and results are 
further described below. 
 

∑∑
∈ ∈

−=
Jj Mm

qtjmt j
yp )(
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2.4.1 Experiment 
 
The main outline of the conducted experiment of scenarios is 
organized according to;  

1. Analysis concerning static allocation of operating rooms 
compared to dynamic/flexible allocation of the same.  

2. Extended opening hours of the operating rooms. 
When utilizing static operating room allocation, the surgeon teams 
allocate the same number of rooms at the same day (time slot) every 
week. While at the dynamic/flexible approach, employed at the 
cardiothoracic surgery, the surgeons (not the surgeon teams) allocate 
the rooms and time slots according to patient load. This fact gave us 
the idea of allowing for the optimization model to incorporate a 
choice of the level of flexibility, in order to simulate the 
dynamic/flexible approach also at the general surgery. We have 
modelled (see description of optimization model) so that we are free 
to choose either a static surgeon team allocation, as is utilized in 
Blekinge Hospital, flexible surgeon team allocation by applying 
constraint (4a), or the alternative of no team allocation; flexible 
surgeon allocation by applying constraint (4b), utilized in 
Sahlgrenska University Hospital. Constraint (9) and (10) are, as 
earlier mentioned, not applied in this experiment principally because 
further investigations in how the estimated post operative care can be 
related to the clinic (patient group). 
 We use opening hours for each operating room, denoted 
default time, according to Table 2 below (parameter mta ). Then we 
extend opening hours to 450 minutes on Mondays and Tuesdays in 
Room 1 to illustrate the effects of potential shifts, over-time or flex-
time for the staff (operating room team). No considerations to 
availability of staff and beds are taken. On Fridays, the time slots are 
smaller due to staff considerations during week-ends.  
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 Monday Tuesday Wednesday Thursday Friday 
Room 
1 

350min 350min 300min 300min 200min 

Room 
2 

300min 300min 300min 300min 200min 

Room 
3 

300min 300min 300min 300min 200min 

Table 2 Default opening hours 
 
 In order to conduct as relevant experiment scenarios as 
possible, we use input data based on statistics from Blekinge 
Hospital. The scenarios represent one week of operating room 
planning. The numbers and types of operations that apply for 
operating room admission in the scenarios are in ratio to operations 
performed during the last year at Blekinge Hospital. We have chosen 
the number of 40 patients at each scenario to represent the patient 
queue. No considerations to seasonal variations are taken, if there are 
any. The estimated length of time for each operation, je , is based on 
mean values from real data plus 45 minutes of set-up time (also mean 
value). Also number of surgeons and surgeon teams correspond to the 
approximately amount of available surgeons during one week at 
Blekinge Hospital. In this experiment we use 5 surgeon teams with 3 
surgeons each. The individual schedules for the surgeons, i.e. what 
day to operate or to have a day-off and so on, are predetermined 
which together with the fixed allocation of operating room constitute 
basis to current operating room scheduling at Blekinge Hospital and 
is here  denoted; default case. To enable flexible room allocation we 
let the individual surgeon schedules to be in a more preliminary state. 
This implies that the surgeons are not scheduled for surgery or other 
duties until the final surgery schedule is set.  We let two of the three 
surgeons always to bee available for surgery. The number of 
operating rooms considered is three, as in Blekinge Hospital, and the 
time slots representing opening hours per day and room are 
calculated four full-time days, Monday-Thursday, and one half day, 
Friday. The opening hours for each room are in reality describing the 
availability of operating team (not to mix-up with surgeon team). The 
cost parameters jc  are not based on real cases but are here 
randomized to represent patient diagnosis and patient waiting time. 
Our intention is to further develop this value into realistic patient cost 
parameters.  
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 As described earlier, the surgeons at the general surgery often 
are responsible for the medical examination of the patients. In several 
cases this implies the responsible surgeon also to be the operative 
surgeon, i.e. a combination of patient-surgeon that is fixed. This 
could also be the case when some operations require special surgical 
qualifications. Patients with double priority often are contracted 
diseases with carcinogenic or other problematic characteristics which 
involve additionally needs. In reality, this means, the surgeon 
together with the patient wants to decide what day the operation will 
be performed. To reflect these needs and come as close to the reality 
as possible, we have constructed 6 fixed operations per week 
distributed among all surgeon teams, for the scenarios which are not 
default. This entails increased validity to the suggested dynamic 
approach, and allows us to compare our proposal to the existing 
system (here; default scenarios) of operating room planning. We use 
40 patients for admission to operating room planning as default. Each 
patient is assigned a random cost between 1-70 except for 6 patients 
that are assigned the value of 100 which will represent the patients 
that are needed to be scheduled within this time frame. This cost is 
modelled as a penalty to the objective function when the patient is not 
operated on and represents a mix of medical priority, time waited and 
economical aspects. Except for the following described aspects, the 
scenarios use the same system settings for optimization. 
 
 

2.5 Results 
 
We have used 4 sets of data input to represent the patient associated 
cost parameter when optimizing. In Table 3 we can first see the 
minimized costs from the default scenarios, i.e. Fixed Allocation. The 
total computed cost results indicate that using a more 
dynamic/flexible operating room planning model is more cost-
efficient than the default case. The flexible approach implies a 
general increase in efficiency, i.e. increased patient through-put. 
 

1 2 3 4 1 2 3 4
Fixed Allocation 157 173 191 117 123 142 153 153

Flexible Surgeon Team Allocation 132 149 150 100 72 72* 83* 42*
Flexible Surgeon Allocation 121 149* 150* 84* 54 72* 83* 42*

Default opening hours  Extenden opening hours

 
Table 3 Minimized cost according to allocation strategy and opening 
hours. 
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In the table the asterisk denotes there might exist some better 
solutions since the gap in the branch and bound approach (Cplex 8.1) 
could not be closed within the time limit of 1000 seconds of CPU-
time. 
 

2.6 Conclusion and Future work 
 
One of the main objectives for this research has been to provide 
optimization modelling to support analyzing operating room 
planning. Although this experiment only shows preliminary results, 
we have demonstrated how optimization modelling can be used for 
analyzing strategies and different settings with respect to resource 
allocation. The experiment was conducted in collaboration with two 
Swedish hospitals which to a certain extent effected the problem 
formulation. The conclusions have to be interpreted with this in mind, 
e.g. the amount of flexibility in allocation depends on the 
organizational structures and might differ between different 
countries. The results from the experiment are demonstrated to 
Blekinge Hospital with interested reactions. However, we are aware 
of that the model is limited and our intention is to expand the model 
in different directions. For example, further research with 
experiments, with constraints (9) and (10), considering the logistics 
to greater extent are already in progress and will soon be reported. 
We will further study the impact of more representative cost 
parameter on the results. Also, the left-out aspect of operating room 
planning under uncertainty, i.e. acute operations and other events, is 
very relevant and will be considered for future work. Since the size of 
the operating room allocation problem could be very big, we are 
looking into additionally optimization techniques such as 
decomposition for better and faster results. 
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Abstract 
 
Elective surgery management typically deals with a queue of patients 
that have to be scheduled for operation within a certain time frame 
considering both medical and economic constraints. In order to 
prevent the patient queue and waiting times from growing, surgery 
management has to decide whether to temporarily increase patient 
throughput at the regional hospital or have some patients scheduled 
for surgery at another hospital. In Sweden, there is a newly passed 
law stating that patients that have been decided upon surgery should 
not have to wait more than ninety days before this surgery is carried 
out. This implies that, if a patient decides to apply the new law by 
requesting surgery within ninety days, the regional hospital is obliged 
to arrange and pay for either in-house surgery or surgery at another 
hospital. In this paper, we suggest an approach using simulation 
including optimization for modeling surgery management decisions. 
We study a case based on data from a General Surgery Department at 
a Swedish hospital and present our results as a health economic 
evaluation. The results indicate an increase in the mean waiting times 
for medium prioritized patients when the new law is applied. 
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3.1 Introduction 
  
Today’s health care works under both medical as well as economic 
pressure. Along with the improvements in medical science the 
medical treatments get increasingly complex. Different parts of the 
patient treatment have to be synchronized, combined and organized 
in order to achieve a sufficiently good outcome. In order to 
strengthen the patient’s position, the Swedish government has 
recently passed a law (November 1, 2005) stating that patients that 
are scheduled for elective surgery can only be put on hold for ninety 
days or less before the surgery is conducted; if this is not possible at 
the regional hospital, the hospital management is obliged to arrange 
and pay for surgery at another hospital. This fact exercises great 
pressure on the organizational activities within the hospital and 
motivates further investigation by the research community. The 
purpose of this paper is to introduce a simulation model to be used 
for analyzing connections between surgery management decisions, 
available resources and the environment (e.g. the recently passed 
law). In accordance to the case studied, we assume emergency 
patients (emergency cases) are handled separately and because of this 
assumption that group will have no major impact on the management 
of elective surgery from an economic perspective.  
 
It is particularly interesting to study how the recently passed law 
effects the surgery management and how this in turn influences the 
patient queues and patient waiting times. Throughout the last 
decades, applications of simulation and optimization techniques in 
health care have become increasingly wide spread (Jun et al., 1999; 
Lagergren, 1998). Operating room planning and scheduling is a 
commonly addressed problem that is often either modeled with 
simulation (Lowery, 1992; Kim and Horowitz, 2002; Wharton, 1996) 
or optimization (Ogulata, 2003; Ozkarahan, 2000; Vissers et al., 
2005). Similarly to the studies presented by Lowery (1992), Vissers 
et al., (2005) and Kim and Horowitz (2002), we also consider 
resources of post-operative care to the operating room planning. But 
as a distinction, we benefit by using both simulation and optimization 
techniques. Thus, one of the main contributions of this paper is a 
method that combines optimization for operating room scheduling 
with a simple simulation to enable analysis of a rolling time horizon. 
The reason for using optimization is to obtain a suitable way of 
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modeling the expected planning and scheduling given changes in 
policies and resources.  The method also provides an opportunity for 
economic evaluation in relation to management decisions and policy 
choices. 
 
Health economic evaluation is based on comparative studies where 
several courses of action are analyzed in terms of monetary costs and 
other consequences (Drummon et al., 2005). The evaluation can be 
viewed as a choice of different treatments or health care programs 
with associated costs and consequences. There are some examples of 
the use of optimization techniques for this type of analysis in health 
care. As an example, Sendi and Al (2003) use an integer 
programming approach to reach optimal budget allocation given 
different costs and effects related to different treatment alternatives. 
They use a model in order to find the best mix of treatments in 
relation to different compositions of patients and different 
assumptions of budget requirements. Similarly, in our model the 
optimization is used to find a suitable mix of surgery alternatives 
represented by the choice of when to operate on a patient and 
where—at the local hospital or at another hospital (out-sourced 
surgeries)—given different scenarios of patient queues. In addition to 
the requirements of a medical priority and time waited, the model 
also has to cope with the requirement of meeting the demand from 
the recently passed law in a similar way as a planner would. The 
introduced optimization model and its scheduling decisions represent 
a rather knowledgeable and rational planner of elective surgery. 
 
The rest of the paper is organized as follows: In section 2, we 
introduce the department of general surgery and describe its’ general 
characteristics. Then we present the simulation and optimization 
model in section 3 and 4 followed by a description of the Blekinge 
hospital case in section 5. The experiment is described in section 6 
and finally, in section 7, we present some conclusions and discuss 
some directions for future work. 
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3.2  Department of general surgery 
 
A department of general surgery in Sweden (elective surgery) deals 
with a waiting list of patients with different surgical diseases and 
medical priorities. The priority of patients for elective surgery is 
generally divided into three priority groups where priority one 
corresponds to the patients that need surgery within one, or at the 
most, two weeks.  Priority two corresponds to patients that need 
surgery within four to eight weeks, and finally, priority three (no 
priority) corresponds to patients that need surgery within a 
“reasonable time frame.” The waiting times corresponding to the 
third priority varies according to the number of patients waiting with 
higher priority (priority one and two). Hence, the patients with 
medical priority three are the patients that are most probable to 
request surgery at another hospital according to the new law. From 
now on we will refer to the patients that get surgery at another 
hospital in order to comply with the law of a maximum time limit of 
ninety days, as out-sourced.  
 
Usually, the department of general surgery is divided according to 
surgical specialty where each specialty usually controls, or is 
assigned, a defined number of operating rooms with attendant 
resources, i.e. anesthetists, nurses etc. In practice, this means that 
each surgical specialty has its own patient queue to manage where 
patients are selected and scheduled for surgery with respect to 
medical priority, time waited and resources available. The operating 
schedule is gradually completed one week at a time in a rolling time 
horizon of about four to six weeks (see section 3.1 below for further 
discussion about this). After surgery, the patients stay at the recovery 
unit for post-operative probation during a couple of hours (on the 
condition of no major complications). Hereafter the patients are 
transferred to the surgery ward for post-operative care before they are 
discharged. How long the patients remain in the ward varies 
according to type of surgery, the patient’s condition etc. Hence, in 
addition to available operating rooms, the selection and scheduling of 
patients is also affected by the availability of beds at the surgery 
ward. See Figure 1 for an illustration of patient flow.  
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Patient arrival Patients out-sourced

Patients discharged

Patient queue

Post operative care 

Operating
Theatre

 
 
Figure 1.  A graphical illustration of patient flow.  
 

3.3 Simulation 
 
The simulation represents patient arrival, patient and operating room 
scheduling as well as resource allocation related to surgery over time. 
The simulation system is in part a rather simple discrete event 
simulation for which the state variables are changed at separated 
points in time, see Law and Kelton (2000) for additional description 
of discrete event simulation systems. We incorporate an optimization 
model into the simulation system in order to decide the recurrent 
scheduling of surgeries. The system is implemented in Java and the 
optimization is solved by using Cplex. 
 

3.3.1 Simulation steps 
 
Every simulation step starts with the generation of instances of 
patients and these instances are added to a queue, see Figure 2 for an 
illustration of the different sub-steps of one simulation step. 
Thereafter a new operating schedule is created by using an 
optimization model. Finally, before the process is restarted, some 
patients are transferred according to the patient flow illustrated in 
Figure 1, i.e. some patients are removed from queue, out-sourced, 
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moved to operating theatre followed by post-operative care, or 
discharged.  

A. Patients are randomly
     generated.

C. Patients are removed 
     and transferred

B. Scheduling 

Updated
in parameters

New schedule

New simulation 
-(time) step

Simulation start 

 
Figure 2. Sequential simulation behavior at each simulation step. Each simulation 
step is divided into three sub-steps, A,B and C. 
 
Sub-step A 
For every step in the simulation, the patient queue is updated and new 
patients are randomly generated according to a Poisson distribution 
(with a parameter λ associated with the patient (surgery) category of 
expected number of patient arrivals based on the weekly mean, here 
calculated from one year of patient arrivals) and added to the queue. 
Based on suggestions in previous research and due to the fact that no 
significant seasonal fluctuations have been observed, we assume the 
weekly patient arrival, or rather patients applying for surgery, to 
follow a Poisson process,(Bruin et al., 2005; Gorunescu et al., 2002) 
The surgery categories will be further described in section 5.2. The 
patients are each modeled with an ID, a type of surgery (category), an 
estimated surgery duration, the estimated number of days for post-
operative care at the surgery ward, a medical priority and a date of 
arrival (i.e. the date of admission).  
 
Sub-step B  
Considering the patient queue and resources available, an 
optimization model representing the scheduling made by elective 
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surgery management, determines an operating schedule. In this 
experiment, we have chosen to let one simulation step represent one 
week of time and we let the time horizon of the schedule be four 
weeks. The scheduling of patients is modeled considering the number 
of opening hours per day per operating room, and number of beds 
available for post-operative care at the surgery ward. The surgery 
ward has a limited number of beds, but can increase the number to 
some extent when necessary to a penalty of cost in the optimization 
model.  
 
Sub-step C  
When a patient is scheduled for surgery (first week of the operating 
schedule, see also Figure 3) and post-operative care at the surgery 
ward, the patient is also deleted from the queue. It is assumed that the 
patients going through surgery will also go through post-operative 
care. By post-operative care, we refer to the stay at the surgery ward 
and not at the recovery unit, i.e. we do not consider the hours of post-
operative probation. If a simulated patient has not been scheduled for 
surgery after twelve weeks (approx. ninety days) in patient queue, i.e. 
after twelve simulation steps, the patient will be deleted from the 
queue with a probability of 0.1. This deletion from queue is explained 
by the probability of patients applying the new law and having 
surgery at another hospital.  
 

3.3.2 Patient scheduling and cost 
 
We use an optimization model in order to model the elective surgery 
scheduling. The scheduling is based on medical priority, time spent in 
the queue and available resources such as operating rooms, surgeons, 
post-operative beds. Furthermore, the model needs to be able to meet 
requirements related to the new law. The general aim is to schedule 
and operate on as many patients as possible given restrictions related 
to available resources and the budget. In the case of a scarcity of 
resources, implying that all patients can’t be operated on, medical 
priority and time waited need to be considered when scheduling. 
 
The modeled time horizon used for scheduling at every simulation 
step could vary, but in this experiment it is set to four weeks. The 
patients scheduled for surgery during the first week in the four-week 
time frame are withdrawn from the patient queue and are considered 
as operated. These patients are also scheduled for post-operative care 
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at the surgery ward. That is, we do not model the uncertainty with 
respect to, e.g., patient diagnosis change; i.e. a patient’s condition can 
get worse or he/she could even die, also patients can recover faster 
than expected. The patients scheduled for surgery during the last 
three weeks in the four-week time frame are still in queue, but keep 
their appointed times for surgery in schedule when the three last 
weeks become the three first weeks in the schedule after moving one 
week forward and so on (see Figure 3). They are only rescheduled or 
cancelled with an associated penalty of cost.  
 

1 2 3 4 5 6 7 Weeks

Operation schedule     

Simulation      
step

 Operations 
performed

 
Figure 3. At each simulation step the time frame is moved one week further. The first week of the four-
week time frame is  considered as final, i.e. the scheduled patients are considered as operated, and the 
other three weeks become the tree first weeks at the next step where a new four-week time frame of the 
schedule is compiled. 
 
In the scheduling we consider the patient related costs (out-sourcing 
costs and patient rescheduling/cancellation costs) and surgery costs 
(extra bed costs and overtime costs). Also additional costs for taking 
priorities and expected sufferings into account are considered. In the 
model some costs can be related to real costs at the hospital such as 
costs of using resources outside the ordinary workforce, i.e. overtime 
pay and the use of extra beds in a ward. Furthermore, the expected 
costs of patients making use of the new law (out-sourcing) can be 
related to a known price list (denoted cost B below). Based on control 
priorities for different patient groups, we here also assign each patient 
a cost of not being operated on, which is a cost related to the patient 
“need and suffering” (denoted cost A below). In order to reflect how 
the patient associated costs relate to the time waited for surgery, both 
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cost A and B are gradually increased during simulation for a given 
patient.  
 

A. The cost related to patient need and suffering is of course very 
difficult to estimate. In this experiment, we let the patient 
need and suffering correspond to the medical priority, 
together with the time waited for surgery, where the cost 
increases non-linearly with time waited. Patients with higher 
medical priority have a faster growth of cost.  The cost curve 
is given by the estimated cost of suffering for not operating on 
a patient or postponement on the surgery. The cost is based on 
the patient medical priority and is denoted prioc . The cost 
grows with time according to weekprioc #)1( α+ , where α  is an 
increase factor and week#  is the number of weeks patients 
have been waiting for surgery.  

 
B. The cost of out-sourcing is taken from a nationally applied list 

that specifies the cost of having a patient operated on at 
another hospital in Sweden. The price varies according to type 
of surgery and estimated complication level. In this paper, we 
assume that 10% of the eligible patients request a surgery 
according to the new law (because they have waited more 
than twelve weeks). Since the law is newly introduced and 
there are still no available statistics on how patients will 
respond to making use of the new law, this figure is an 
estimate. Hence, we assume the surgery management to 
calculate the out-sourcing costs based on that assumption. 
When a patient has waited twelve weeks for surgery, the cost, 
denoted by typec , representing 10% of the full cost for a 
particular surgery is added. This cost is then linearly increased 
with 10% of the full cost at every simulation step according to 

)(# weekctype , where week#  is the number of weeks (in 
addition to the twelve weeks) patients are waiting for surgery. 
Figure 4 is an illustration of how the patient related cost 
parameter (summation of cost A and B) is related to one 
patient. 



 48

0

50000

100000

150000

200000

250000

300000

350000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Weeks

Cost A

Cost B

Figure 4.  Costs of both type A and B for one patient of priority 2. Cost B depends on type of surgery 
the patient is planned for wheras cost A depends on the medical priority. 
  
In Figure 5 we can see two examples of how the patient related cost 
parameter evolves over time and how the conditions are changed for 
the scheduling. It should be observed that the operating scheduling is 
performed according to opening hours a day, i.e. the time step is more 
detailed compared to the time step in the simulation that is one week.  
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Figure 5. Patient related cost of need and suffering increases according to the time waited and medical 
priority. A patient with priority 2 has arrived later than a patient with priority 3 but his/her related cost 
increases faster. At week nine, the two cost curves are crossed and the cost related to the patient of 
priority 2 has become higher than the other.  
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How fast the patient related cost increases depends on medical 
priority and type of surgery, i.e. price of out-sourcing a particular 
type of surgery, (cost A and B), and differs from patient to patient. 
This means that the cost related to patient need and suffering 
increases in relation to different diagnosis (different diagnosis implies 
different medical priority). We assume some types of surgery to be 
more afflicted with waiting times than others, i.e. higher medical 
priority is modeled with a faster growth of cost. The purpose is to 
make sure of a relative distinction between waiting times at the 
beginning of the operating schedule and waiting times at the end of 
the operating schedule. In addition, a cost is considered whenever a 
scheduled surgery is cancelled or rescheduled. 
 
 

3.4  Optimization Model  
 
There are two important types of variables in the optimization model. 
One represents if and when a patient is scheduled for surgery within 
the time horizon (variable y). The other type of variable represents if 
the patient is scheduled within the time horizon or if it is not 
scheduled (variable s).  
In the previous section we described two types of costs (A and B) 
that are associated with each patient. In the objective function of the 
optimization model we minimize the summation of these costs 
according to:  
 

I. the cost of if and when to operate on a patient within the time 
horizon is modeled by the summation of cost A and B 
(described by the first expression in the objective function 
below). Less cost is incurred at the beginning of the schedule. 
The cost increases for every simulation step as described 
above. 

II. if a patient is not scheduled for surgery, we incur a cost which 
corresponds to the patient waiting twice the time horizon 
(here 8 weeks) for surgery (described by the second 
expression in the objective function below). This means that 
the cost paid for not scheduling a patient is the same as having 
the patient scheduled 8 weeks from current time step. This is 
obviously only an estimate since we don’t know when the 
patient will actually be scheduled for surgery 
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Furthermore, the objective function minimizes hospital related costs 
according to: 
 

III. the cost of using extra beds for post-operative care at the 
surgery ward.  

IV. the cost of having staff working overtime. Overtime is divided 
into single and double overtime. Single overtime refers to the 
first less expensive hours of working overtime (here two 
hours) whereas double overtime refers to working additional 
overtime with a higher cost. 

 
Below we introduce the indices, sets, parameters and variables of the 
model. Even though the optimization model is rather general we 
choose to present some values, within parenthesis, of parameters and 
cardinalities of sets used in the case study already here in order to 
make it easier for the reader to interpret the model. We also indicate 
which values are given by previous simulation step (denoted by 
“sim”). The parameter values are all discussed in section 5, and for 
those for which no values are presented here, values are presented in 
section 5.  
 
 
Indices and Sets: 
a Index for surgery ward set A, (2);   
j Index for patient set J (sim); 
m Index for operating room set M, (3); 
n Index for patient surgery category set N, (7); 
p Index for time periods (weeks) in the scheduling set P = 

{1,.., p }, where p  is the number of time periods in P, (4). 
t Index for time slot (days) set T, where T= {1,..,|T|} = 

{1,..,|P|* t }, where t represents the number of time periods in 
T (days) per time periods in P (weeks) (7). 

 
Parameters: 

mta  Number of opening hours at operating room m 
in time slot t.  (Monday to Sunday: 5, 6, 6, 6 , 
2, 0, 0) 

amb  1 if operating room m belongs to surgery ward 
a, 0 otherwise. 
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type
jpc  Cost related to type of surgery. Increases over 

time waited. (Cost B - sim)   
prio
jpc  Cost related to an estimation of patient need 

and suffering. Corresponds to medical priority 
and increases over time waited. (Cost A - sim) 
  

njd  1 if patient j belongs to surgery category n, 0 
otherwise (sim). 

je  Estimated surgical procedure-time for patient j. 
1_restrf  Single overtime availability restriction. (2 

hours per operating room and day) 
2_restrf  Double overtime availability restriction. (10 

hours per day) 
3_restrf  Summation restriction of single and double 

overtime per operating room and day. (5, 6, 6, 
6 , 2, 0, 0) 

mng  1 if patient (surgery) category n can be 
operated in operating room m, 0 otherwise. 

jmth  1 if patient j is scheduled for surgery in 
operating room m at time slot t, 0 otherwise 
(sim).    

jq  Estimated number of post-operative days for 
patient j. 

1_overtc  Cost of one hour single overtime in operating 
room, see section 5.1. (724 SEK) 

2_overtc  Cost of one hour double overtime in operating 
room, see section 5.1. (965 SEK) 

cancelc  Cost of cancelling a scheduled surgery (35 000 
SEK). 

schre
pc _  Cost of rescheduling a surgery in time period p 

(10 000, 3000, 1500 SEK).  
extrac  Cost of utilizing one extra bed at surgery ward. 

(5000 SEK) 
avail
atu  Number of ordinary utilization of beds at 

surgery ward a at time slot t . 
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extra
atu max_  Number of maximum utilization of extra post-

operative beds at surgery ward a in time slot t 
that is permitted  

occup
au  Number of occupied post-operative beds from 

patients operated during the previous period 
and post-operative admitted to ward a (sim). 

delete
atu  Number of patients leaving surgery ward a at 

time t (sim).  
 
Variables: 

js  1 if patient j is not operated during period, 0 
otherwise. 

atu  Number of post-operative beds occupied at 
surgery ward a at time slot t. 

extra
atu  Number of extra post-operative beds utilized at 

ward a at time slot t. 
mtv  Number of single overtime hours in room m at 

time slot t. 
mtw  Number of double overtime hours in room m at 

time slot t. 
atx  Number of patients discharged from surgery 

ward a at time slot     t. 
jmty  1 if patient j is operated in operating room m in 

time slot t, 0 otherwise. 
schre

jpy _  1 if patient j is rescheduled in time period p, 0 
otherwise. 

jz  1 if patient j is cancelled from schedule, 0 
otherwise. 

 
 
Minimize z = 
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Constraint (1) specifies that patients can only be scheduled for 
surgery once and forces the variable js  to become one if patient is 
not scheduled. Constraint (2) balances the estimated surgical 
procedure-time scheduled with opening hours at the operating theatre 
including overtime. Constraint (3) enforces patients belonging to a 
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certain surgery category to be scheduled for surgery at operating 
rooms that are adequate for surgeries related to that particular 
category. Constraints (4) and (5) controls the post-operative care, i.e. 
makes sure that there are available beds at the surgery ward for 
patients scheduled for surgery. Constraint (6) connects patients 
scheduled for surgery from one simulation step to the next simulation 
step and keeps track of possible cancellations. Constraints (7)-(9) 
define restrictions related to overtime and constraints (10)-(11) 
concern the possibility of utilizing extra beds at the surgery ward. 
The single overtime compensation corresponds in the case to the first 
two hours of overtime in relation to one working shift. The double 
overtime compensation is more expensive and is subsequently used 
as from the third hour of overtime work and onwards, also in relation 
to one working shift. The double overtime is very expensive and 
undesired and is therefore limited in the model. Finally, in constraint 
(12) we initialize number of post-operative beds occupied and 
utilized from the previous simulation step. Hence, constraints (6) and 
(12) are set to handle data transfer from one simulation step to the 
next.  
 
 

3.5 Blekinge Hospital Case 
 
The presented methodology is illustrated using a department of 
general surgery at a medium sized Swedish hospital. We base our 
study on data collected at the specialty of urology, incorporated in the 
department of general surgery at Blekinge Hospital. In total, the 
department of general surgery operates approximately 3500 patients a 
year where about 40% are assigned to the urology specialty. The 
planning and scheduling of surgeries is conducted in a rolling time 
horizon where the currently listed patients are gradually planned for 
surgery and the schedule is increasingly filled when the patients 
appear. The first part of the operating schedule, corresponding to one 
week of planned surgeries, is regarded as final. This final schedule is 
generally decided on Thursday/Friday the week before and concerns 
surgeries on Monday to Friday the week after. This is to facilitate 
preparations at the anesthesia department. The operating theatre has 
two operating rooms available for urology surgeries from Monday to 
Friday with each operating room connected to one of the two surgical 
wards. This is due to the fact that the operating theatre is located in 
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two separate buildings with a significant distance between, 
approximately 60 kilometers. There are two coordinators working 
with the patient queue and planning of the surgeries. Together with 
the surgeons and the anesthesia department they decide upon the final 
operating schedule. 
 

3.5.1 Hospital Costs 
 
The cost of overtime is based on Swedish collective agreements 
(2005) and average salaries of the personal categories generally 
working in one operating room, i.e. one operating room nurse, one 
anesthesia nurse and one assistant nurse. The cost of utilizing extra 
beds for post-operative care at the surgery ward is difficult to 
estimate and is here based on the principle that extra bed number one 
is not as costly as extra bed number two. We assume that one extra 
bed can be managed by ordinary staff, while more than one extra bed 
requires extra staff implying extra costs. In Table 1 we present the 
number of beds available at post-operative care.   
 

5 2 3 1

3 2 2 1

2 2 1 1

No. of available post 
operative beds

Maximum no. of extra post 
operative beds available

Surgery  ward 1 Surgery  ward 2

Monday - Friday

Saturday 

Sunday 

No. of available post 
operative beds

Maximum no. of extra post 
operative beds available

 
 
 
Table 1. Number of post-operative beds available at each surgery ward according 
to day of the week.   
  

3.5.2 Patients 
 
Patient related costs are, as earlier mentioned, divided according to 
type of surgery (out-sourcing) and patient need and suffering. The 
price list of out-sourcing can be provided by the county council of 
Blekinge. The principles of how to price patient need and suffering, 
i.e. medical priority, is much more difficult. The cost related to 
patients of priority one is very high in order to make these patients 
prioritized and scheduled at the beginning of the schedule. The costs 
related to priority two and three are tuned so that the cost relations 
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corresponds to the view of surgery management. Below we present 
the estimates related to how the different cost curves grow, see also 
section 3.2 for detailed description of the parameters, c and α . 

1. Priority 1 
400000=prioc , 

5.0=α  
2. Priority 2 

2500=prioc , 
25.0=α  

3. Priority 3 
1000=prioc , 
1.0=α  

 
 
It is difficult to estimate the above cost parameters since there are no 
explicit real world equivalent values. By using information from 
discussions with planner about priorities between different patients in 
different situations we have got estimates of these values.    Further 
these estimates have partly been validated through comparison of 
results from the model with, i.e. real world waiting times. The cost 
parameter can be changed in order to reflect different views.  
 
In cooperation with nurses and doctors from the case studied, we 
have distinguished 7 categories of main types of surgery managed at 
the specialty of urology. Each category is connected to one or several 
priority groups as follows;   

1. Orchiectomy - priority 1 
2. Nephrectomy - priority 1 (only performed in operating room 

1) 
3. TUR-B (Trans-Uretal Resection of the Bladder) - approx.70% 

priority 2 and 30% priority 3 
4. Radical Prostatectomy - priority 1 
5. TUR-P (Trans-Uretal Resection of the Prostata) - approx. 

70% priority 2 and 30% priority 3 (only performed in 
operating room 1) 

6. Percutaneous Stone Extraction - approx. 70% priority 2 and 
30% priority 3 

7. Others – approx. 25% priority 1, 50% priority 2 and 25% 
priority 3. 
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Category 2 and 5 are only performed in operating room 1, meaning 
that operating room 2 is not provided with necessary equipments to 
perform these types of surgeries.  
 

Cost Mean arrival
(per week)

1 33 000 0.37 3
2 126 000 0.33 6
3 126 000 1.57 3
4 42 000 0.87 7
5 35 000 9.38 4
6 28 000 0.89 2
7 20 000 0.94 2

Mean post-operative
days

Surgery category

 
Table 2. Out-sourcing cost, mean arrivals per week and mean post-operative days of patients 
specified for type of surgery. 
  
Data of patient arrival (in reality, patient admission to the surgery 
waiting list) has been difficult to obtain and an approximation of the 
number of patients from each category annually operated has been 
used for this purpose. Based on the annual distribution of categories 
operated at Blekinge Hospital, a Poisson distribution has been used 
for patient generating.  
 

3.6 Experiment 
 
The purpose of the experiment is to illustrate the use of the suggested 
method and provide some results of how patients are scheduled when 
applying the new law. We are mainly interested in studying potential 
patient queue changes and changes in costs due to the law. The 
experiment is basically setup according to the scenarios of surgery 
planning before the law is applied and after the law is applied. The 
health economic aspect is considered by a comparative analysis of 
finding the best mix of surgery alternatives where relevant real costs 
are considered. We let the simulation warm up period be 20 
simulation steps in order to reach a steady state. The total length of 
simulation excluding the warm up period is 52 simulation steps, 
representing one year. Each simulation step represents one week and 
one week has seven time periods (working days), i.e. t  is set to 
seven.  
 
Scenario 1 models the steady state of patient queue and no law 
applied. The cost parameters related to the patient need and suffering 
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are tuned so that the waiting times correspond to the actual waiting 
times at the Dep. of Urology at Blekinge Hospital. This can be 
viewed as a validation scenario. 
Scenario 2 models the steady state of patient queue with the new law 
applied. In addition to the cost parameter from scenario 1 (Cost A, 
need and suffering), the cost parameters representing the cost of 
surgery out-sourcing are added (Cost B). 
 
The mean waiting times from the experiment results, given the 
available resources and patient demand in the scenarios as in the case 
of Blekinge Hospital, are presented in Table 3. The simulation results 
show the mean values from 10 separate runs for each scenario. 
Interestingly, the mean waiting time for patients of priority group two 
increases when applying the new law, i.e. it increases in Scenario 2. 
This is presumably by competition from patients of priority group 
three when the cost of out-sourcing is included. The method 
demonstrates that we are able to quantify the effects on the mean 
waiting times when applying the new law. As expected, the mean 
waiting time decreases for priority group three when applying the 
new law and no significant changes occur for patients of priority 
group one.  

Scenario 1 Scenario 2

Prio 1 Prio 2 Prio 3 Prio 1 Prio 2 Prio 3

0.0 6.0 31.3 0.0 8.0 15.2

Stand.Dev. 0.0 1.2 1.9 0.0 0.3 0.8

Mean waiting 
time (weeks)

 
Table 3. Computed mean waiting times and its standard deviation in weeks 
(simulation steps) from 10 separate simulation runs for each scenario. 
 
In Table 4, we present the different costs obtained from the 
experiment. Mean out-sourcing costs are included in Scenario 2 
which reaches almost 2 million SEK. The overtime pay and estimated 
cost for surgery cancellations are almost the same in scenario 2 as in 
scenario 1. The cost results show rather large dispersions between the 
different simulation runs (10 simulation runs) that could partly be 
explained by rather high variations in surgery related out-sourcing 
costs, i.e. some surgeries are much more expensive than others. 
Together with variations in patient arrival, this may cause periods of 
rather high costs of out-sourcing. 
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Scenario 1 Scenario 2

over time cancel. cost os. cost over time cancel. cost os. cost

Mean 303 000 2 363 000 0 303 000 2 345 000 1 970 000

Stand.Dev. 8000 317 000 0 11 000 332 000 685 000

 
Table 4. Computed mean costs of overtime, cancellation and out-sourcing from 10 
separate simulation runs for each scenario. Costs in SEK. 
 
The mathematical optimization model is solved by using Cplex 9.0. 
The simulation is implemented in Java and the total time consumed 
simulating one scenario is approximately 45 minutes. 
 
 

3.7 Conclusion & Future work 
 
A method based on optimization and simulation for analyzing the 
effects of different surgery management decisions has been 
presented. The method has shown being able to analyze a case of 
general surgery at Blekinge Hospital. In particular, it has been shown 
how the method can be used for analyzing effects of the new law 
assuring (or at least offering) patients to have surgery within 90 days. 
The result of this analysis indicates that the mean waiting times for 
patients with medical priority 3 is reduced with approximately 16 
weeks. However, the costs for out-sourcing now have to be 
considered as it reaches almost 2 million SEK which constitutes 43% 
of the total cost. The mean waiting times for patients with medical 
priority 2 increases with almost two weeks. Recalling that medical 
priority 2 corresponds to patients that need surgery within 4-8 weeks, 
a mean delay of 2 weeks could imply considerable consequences.  
The presented method, including a simulation approach and an 
optimization model, is rather general despite the level of detail, i.e. 
parameter values can be changed, constraints and variables can be 
removed or added. Hence, we believe the method has the potential to 
be used in a number of types of analyses. For instance, it could be 
used for analyzing connections between overtime, hiring extra staffs 
and out-sourcing, particularly in the case of non-constant demand of 
surgery (e.g. seasonal fluctuations). In particular, the simulated 
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arrival pattern can be customized to better reflect systems with 
seasonal variations as suggested by Alexopoulos et al., (2008)  
To widen the health economic aspect, restrictions related to budget 
etc., can be implemented and included in the analysis. However, the 
method in its current format is rather limited with respect to being 
able to explicitly capture uncertainties, such as changes in resource 
requirements of a patient. 
 
There are stochastic characteristics in the resource allocation and 
surgery scheduling problem which are more predominant in other 
cases of operating room planning than in the case studied here. That 
type of situation could probably be addressed by developing the 
suggested method. For instance, the management of emergency 
surgeries in relation to elective surgery could then be studied, e.g. 
how much of the available resources should be allocated to 
emergency surgeries.  
In addition, predictions on the number of out-sourcing patients as 
presented in this work can provide interesting information when 
performing analysis of geographical distribution of heath services 
capacities within regional or national settings. See P. R. Harper et al. 
(2005) for an example on this topic. 
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Abstract 

 
In this paper we analyse the operating room planning at a department 
of orthopaedic surgery in Sweden. We focus on the problem of 
meeting the uncertainty in demand of patient arrival and surgery 
duration and at the same time maximizing the utilization of Operating 
Room (OR) time. With a discrete-event model we simulate how 
different management polices affect different performance metrics 
such as patient waiting time, cancellations and the utilization of OR 
time. The experiments show that the performance of the operating 
room department can be improved significantly by applying a 
different policy in reserving OR-capacity for emergency cases 
together with a policy to increase staff in stand-by. Moreover, the 
developed simulation model provides estimates for a what-if situation 
related to the prognosis of an increasing number of hip-joint 
replacements. 
 



 64

4.1 Introduction 
 
Operating room planning is a very challenging task from a number of 
perspectives. The uncertainty in patient arrival and surgery duration, 
together with the occurrence of multiple interactions with other 
departments in the hospital, makes the Operating Room (OR) 
planning very complex. Also the resources to be planned, i.e. OR 
with highly skilled personnel, are rather expensive, thus, management 
efforts to increase performance are needed. The performance of the 
operating room department concerns various aspects such as costs, 
patient waiting time, OR utilization, patient through-put, surgery 
cancellation, surgery delay and staff overtime work, and many of 
these aspects are more or less inter-connected. Considering different 
metrics of performance, we focus on the problem of how to allocate 
the available OR time between elective and emergency cases at an 
orthopaedic department, i.e., how much of the available orthopaedic 
OR capacity should be reserved for emergency and for elective cases, 
respectively. The aim is to assign the OR time for elective and 
emergency cases to maximize the performance of the operating room 
department. 

We use discrete event simulation and optimization modelling 
to study the impact of the uncertainty in patient arrivals and in 
surgery durations, subject to different management policies 
concerning the allocation of OR time. With the developed simulation 
tool we use probability distributions based on historical data to 
generate the stochastic patient arrivals and surgical procedure times. 
Moreover, we provide a method to investigate and analyse relevant 
what-if situations such as an increase in orthopaedic surgeries. The 
number of orthopaedic surgeries has in general increased along with 
technological and medical advances. Today, some orthopaedic 
surgeries are carried out that would not have been considered for 
surgery five to ten years ago. For instance, one of the presented 
scenarios represents a 30% increase of hip-joint surgeries which is 
one type of surgery that increases substantially [1]. A prediction of 
how such an increase could influence the performance of the current 
operating room planning in relation to different management policies 
is also demonstrated. 
 The number of applications using discrete-event simulations 
in healthcare is rather large and started to increase significantly at the 
end of 1990s [2]. Simulation techniques provide a range of 
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possibilities for healthcare analysis, for instance: performance 
analysis (e.g. what is the capacity of current system?) and what-if 
analysis (e.g. what is the effect of changes to staff planning or of 
other changes to management policies?). The literature reports on 
several studies which analyse the performance of medical clinics, i.e. 
emergency departments, operating room department, geriatric 
departments and outpatient clinics which use simulation and/or 
optimization techniques [3-6]. Marshal et al. [7] emphasize the 
importance of modelling the patient-flow when analysing the 
complexity of healthcare activities. With patient-flow simulation 
models, the stochastic behaviour of the system can be taken into 
account and provide out-comes for different performance metrics [7]. 
One successful application of a simulation modelling approach is 
suggested by Harper [8]. His model simulates patient-flows under 
uncertainty in service times in relation to different proposal schedules 
in order to reduce patient waiting times in an outpatient department.  

Examples of performance metrics in the context of hospital 
operating room planning are: cost, patient through-put, length of stay, 
waiting time, cancellations, over-time work, idle operating room time 
or on-time starts. VanBerkel and Blake [9] present a discrete event 
simulation model to analyse consequences (patient through-put and 
waiting times for elective patients) of redistributing beds and OR-
time between two sites of a general surgery division. A. Jebali et al. 
[10] examine different strategies of operating room scheduling with 
respect to cost minimization. They use performance metrics such as 
staff overtime, staff under time and patient waiting time which they 
convert into a cost function.  

Additionally, there are several studies exploring the operating 
room planning and the uncertainty related to surgical procedure time 
and patient arrival and its effects [11-14]. Denton et al. analyse the 
surgery sequencing in relation to the stochastic surgery durations 
[13]. They use waiting times, idle OR-times and tardiness to compute 
performance of their OR analysis. In [15] a stochastic model for 
surgery scheduling with respect to emergencies is presented. With an 
optimization algorithm they show how the cost of waiting time and 
overtime can be reduced. Van Houdenhoven et al. [11] use discrete 
event simulation to compare two approaches of how to reserve OR 
capacity for emergency surgery in order to increase performance of 
an operating room department. Different to [11], this study focuses 
on orthopaedic surgeries with a rather different setting. As for 
example, the emergency waiting time is here of minor concern since 
orthopaedic surgeries often can wait 24 hours before surgery without 
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any medical complications which is not the case for general 
emergency surgeries. Also the occurrence of a stand-by system 
(further explained in section 2.1) is of more importance to 
orthopaedic patients why we let stand-by patients to be one of the 
main parameters in this research. All of the before mentioned studies 
overlook the cost of possible surgery cancellation which we argue is 
one of the main problems when considering operating room planning 
and cost. In this study we investigate a real problem of how to reserve 
emergency capacity in an orthopaedic surgery department at a 
Swedish hospital. We examine how different management policies 
affect the overall performance. The performance is here defined to 
measure OR efficiency, cost, medical responsiveness (meeting the 
demand of different medical priorities in waiting times) and patient 
ease (a surgery cancellation could be very inconvenient to the 
patient). Also we emphasise the importance of simultaneously 
consider all these performance metrics in order to facilitate an 
accurate and proper analysis of the over all performance. The 
complex trade-off decisions related to the operating room planning 
are modelled with an optimization model and incorporated with the 
simulation model. It is a modification of the model used in previous 
research used for studying long-time effects of different policies 
concerning elective waiting list management [16]. In contrast to the 
model used in [16] this model is developed to analyse the effects of 
the stochastic influences related to operating room planning, e.g. 
emergency cases and unexpected disturbances in surgical procedure 
times. 

The rest of the paper is organised as follows. Section 2 
introduces the studied problem and we then present our approach in 
Section 3. This is followed by Section 4 in which the simulation 
model and results are reviewed. The last section features conclusions 
and some pointers to future work. 
 

4.2 Problem Description 
 
In this study we investigate the operating room planning in an 
orthopaedic department at Blekinge Hospital, located in the south of 
Sweden. The hospital is a medium sized hospital and the orthopaedic 
department consists of approximately 25 surgeons at different 
educational levels.   
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4.2.1 Emergency vs. Elective OR Time 
 
Figure 1, demonstrates the problem of how to allocate available OR 
capacity between elective and emergency surgical cases. If too little 
time is allocated for elective surgeries, the waiting list may increase; 
and if too much time is allocated for elective surgeries, cancelations 
and overtime may increase due to requirements of emergency patient 
operations. In addition to choosing a proper allocation of resources 
for elective and emergency surgical cases, it is important to achieve a 
high throughput, or as in this case, to reduce idle time. To reduce idle 
OR time at the operating room when the number of emergency 
surgeries temporarily is lower than expected, stand-by patients can be 
admitted. A stand-by patient is prepared for surgery at home (or at 
work) and called upon when an opportunity occurs. In advance, the 
Orthopaedic Department and the stand-by patient have agreed upon 
dates for which the stand-by patient could be alerted. This is 
especially suitable for waiting list management at an orthopaedic 
department due to the characteristics of orthopaedic disease and 
injuries, and is frequently used at Blekinge Hospital. By accepting the 
stand-by offer the patient’s waiting time could be considerably 
reduced. However, not every patient or surgery is suitable for the 
stand-by system. In this study we assume there are a sufficient 
number of patients that accept the stand-by offer. This means that we 
do not expect the system to run out of potential stand-by patients. 
 

Operating Room Time

Elective Emergency
 

 
Figure 1. An illustration of the problem related to balancing the allocation of 
operating room time between elective and emergency surgical cases.  
 

4.2.2 The Operating Room Department  
 
The department of orthopaedic surgery at Blekinge Hospital is 
assigned two operating rooms to manage emergency and elective 
patients, i.e. patients preferably operated within 24 hours and the 
latter within 4 - 6 weeks. The remaining, long-term elective patients 
are managed within another setting (all long-term elective patients are 
managed by a nearby hospital) and are therefore not included in this 
study.  
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Presently, the OR time is assigned according to Figure 2. For 
Monday to Thursday, all OR time in OR 1 and approximately 1/3 of 
the OR time in OR 2 are exclusively assigned to elective surgeries 
and 2/3 of the OR time in OR 2 is reserved for emergency surgeries. 
On weekends (here Fri - Su) there are no planned surgeries (elective 
surgeries), i.e., all OR time in OR 2 is reserved for emergency 
surgeries, and no OR time in OR 1 is allocated to orthopaedic 
surgery. 

OR 1

OR 2

Reserved OR time for emergency surgeries. On Mon-Thu,
stand-by patients are prepared in case of idle OR-time

Monday - Thursday

OR 2

OR time for elective surgies

Friday - Sunday

 
 

Figure 2. Current allocation of OR time between elective and emergency 
surgeries for different days of the week. 
 
The OR-time assigned to the orthopaedic department is based on the 
total number of orthopaedic surgeries performed during one year and 
its’ mean surgical procedure time. However, the distribution of these 
hours does not necessarily correspond to the demand on a daily basis 
due to the uncertainty associated with emergency arrivals and 
surgical procedure time. Thus, a more exhaustive investigation of the 
OR need would be suitable.  
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4.2.3 System description 

Patient arrival Patient Queuing Operating Room Scheduling

Two different arrival patterns to 
enter the system:
1. Patients arrive after an 
appointment with the surgeon 
where the decision on surgery is 
taken.
2. Patients arrive as emergency 
patients, in most cases from the 
Emergency Department 

The patient queue is equivalent to 
the patient waiting list for surgery. 
A stand-by system is also in use 
which implies two queues in reality.

Patients are scheduled for elective 
surgery approximately 3-4 weeks in 
advance. This means that there 
exists a working OR schedule that 
is gradually filled and edited. Step 
by step, the schedule is updated due 
to emergency cases and/or 
cancellations for example. 

 
Figure 3. The system we study can be divided into three main processes, 
patient arrival, patient queuing and operating room scheduling. 
 
The system we study includes the main processes from the point 
when the patient arrives (either as an emergency patient or elective 
patient that has decided upon surgery after an appointment) to the 
point when the patient surgery ends. The three main processes 
included are: patient arrival, patient queuing and operating room 
scheduling (see Figure 3). In Patient Arrival patients enter the system 
and form a queue. Patient Queuing represents how the patient queue 
is designed. After entering the system patients are given a medical 
priority according to patient need (the medical priority is given by a 
surgeon either at the emergency department or at the out-patient 
clinic). Also, the possibility of a stand-by OR-time is considered at 
this point. A stand-by OR-time is offered to patients who are planned 
for surgery that is especially suitable for a short-time notice and who 
also are willing to accept the pre-requirements related to a stand-by 
surgery (i.e. short-time notice). Dependent on the given priority and 
the stand-by possibility, a patient queue is formed. Finally, in the 
Operating Room Scheduling process, the schedule is decided based 
on the patient queue and available resources. The operating room 
schedule is performed by a coordinator.  
 

4.3 Simulation Model 
 
As a simulation model provides estimates of some properties of 
system performance under a set of given constrains [18], we propose 
a discrete-event simulation to analyse the efficiency of the Operating 
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Room Department of orthopaedic surgery with respect to the 
uncertainty of patient demand and surgery procedure time.  
 

4.3.1 Queuing System 
 
We compose a queuing system which includes an optimization model 
as further described below and the three characteristics earlier 
expressed by E. El-Darzi et al. [3]: 

• arrival process – here, patient arrival 
• service mechanism – here, operating room scheduling and 

policies 
• queuing discipline – here, patient priority and queuing 

 
 
Arrival Process 
 
The patient arrival is modelled by a Poisson process. We use the 
intensity parameter λ to represent the mean expected number of 
patient arrivals per time period for each type of surgery (there are 
approximately 300 different types of orthopaedic surgeries performed 
in Blekinge Hospital). The parameter λ is based on the observed daily 
mean, here calculated from historical data of one year of patient 
arrivals per type of surgery. The simulated patient arrival describes 
both the elective patient arrival (i.e. those that are entering the 
surgery waiting list after an appointment with the surgeon) and the 
emergency patient arrival.  The simulated number of emergency 
arrivals among the arrivals is also based on historical data.  
 
 
Service Mechanism 
 
Policies related to the operating room management concerns 
allocation of OR time (for both elective and emergency surgeries), 
policies for stand-by patients, overtime policies, surgery cancellation 
policies and surgery delay policies. Due to the multi objective 
problem associated with the operating room management, we have 
chosen to model the policies with optimization technique. The 
decisions taken with respect to current patient queue, current 
overtime need, and patients allocation to operating rooms 
(scheduling) and other management issues related to the OR 
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performance are performed by an optimization model, i.e. we 
incorporate an optimization model to simulate the complexity of the 
decisions taken related to the operating room planning. In addition, 
the optimization model also involves the prioritization related to the 
waiting list management (patient queue) and is further described in 
the next section on queuing discipline.  

The expected surgical durations are based on the particular 
type of surgery and its mean, calculated from historical data, i.e. all 
surgeries of a particular type of surgery performed during one year. 
Different to the expected surgical duration, the actual surgical 
duration is modelled according to a lognormal probability 
distribution, also based on the particular type of surgery. The 
lognormal probability distribution is in previous research commonly 
used for model surgical procedure times [17, 19-20]. The discrepancy 
between the expected and the actual surgical procedure times 
represents how the uncertainty in surgery durations impacts the 
performance of operating room planning.  
 
 
Queuing Discipline   
 
Patients included in this study are orthopaedic emergency patients 
needing surgery within 24 hours and orthopaedic elective patients 
needing surgery within 4-6 weeks. The decisions taken to determine 
which elective patients to schedule for surgery are modelled by the 
optimisation model. We argue that the alternative of using a strict 
First-In-First-Out policy (FIFO) is a too crude policy for modelling 
patient queuing of elective patients. Our observations indicate that 
strict FIFO is currently not employed, since other aspects than patient 
arrival date, such as expected surgery durations, medical priority and 
costs, are accounted for. Hence, we model the queuing as a bin 
packing problem (the bin representing the operating room time in a 
certain day). We use the objective function of minimising the cost of 
not operating on a patient. We use a patient related cost which 
increases with waited time (for every simulation step, the patient 
related cost is increased for those patients that are not scheduled for 
surgery, i.e. still waiting for surgery in patient queue), and hence, the 
principle of FIFO is partly accounted for. The increase is non-linearly 
according to weekc #)1( α+ , where c is the cost and α  is an increase 
factor and week#  is the number of weeks the patient has been 
waiting for surgery. Other cost parameters such as cost for cancelling 
a surgery and over time cost are also accounted for and included in 
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the model. Stand-by patients deviates from the queuing discipline of 
FIFO in order to make better use of the resources. The emergency 
arrivals enter the waiting list under the constraint of getting surgery 
within 24 hours, here, they are scheduled for surgery the next day, i.e. 
next simulation step.  
 

4.3.2 Overview of the Simulation Model 
 
We use discrete event simulation combined with optimisation to 
model the system of patient arrival, surgery duration and surgery 
scheduling. The rules related to the planning and scheduling of the 
surgery operations are represented by constraints in an optimisation 
model as described above. A detailed account of the optimisation 
model is attached in Appendix. Each operating room, here one or two 
rooms depending on the day of week, acts as a server that serves 
patients with OR-time for surgery. The servers supply a queuing 
system that exhibits the characteristics of a combination of FIFO, 
medical priority and a stand-by system, hence the simulation system 
can be referred to an M/G/2 – system [18].    

Every simulation step, here representing 24 hours in time, 
starts with the generation of instances of patients (each patient is 
instantiated with a cost parameter that increases through the 
simulation as explained above) which are added to a queue. 
Considering the patient queue with the estimated surgery durations 
and operating room time available (see Section 2.2), the optimisation 
model determines the surgery schedule. The schedule has a four week 
time-frame and is gradually filled with patients and partly re-planned. 
When performing the scheduling, we let the surgical procedure time 
be the expected mean (as used for scheduling the four week time-
frame) and which typically is different from the actual surgery 
procedure time. Further on the day of operation a randomly generated 
surgery procedural time based on a lognormal probability distribution 
is used. Hence, the optimisation model has to decide upon a surgery 
schedule for the current day based on constraints related to that 
particular day (i.e. new emergency arrivals, actual surgical procedure 
times, cancelations and over-time restrictions) and in addition, 
continue to fill up the four week time schedule and reschedule, if 
necessary. In Figure 3 an illustration of the simulation system is 
presented.  

 



 73

A. Patient arrival put   
in a patient queue.

C. Simulation state 
variables are updated

Updated 
patient queue

B. Surgery scheduling

Updated 
schedule

Optimization
Java Framework

Simulation System

 
Figure 3.  Description of the simulation model. The simulation starts with A, 
patient arrival, and further to B, operating room scheduling, and finally to C 
where the simulation state variables are updated due to the new schedule and 
the process is re-iterated. 
 

4.3.3 Scenarios 
 
Base scenario 
 
We intruduce a base scenario to represent the current system. By this 
we also attain an opportunity to validate the model through a 
comparison with the real system. In a continuous dialogue with the 
chief surgeon and chief nurse at the department of orthopaedics, 
validation follow-ups with techniques like Event Validity and Face 
Validity have been embedded throughout the work [21].  

An initial set of experiment aim at learning how the resources 
are utilized. After 20 separate simulation runs (using different 
random seeds) on the base scenario, where one simulation run 
representing 364 days (one year), the difference in utilisation of the 
OR-time reserved for emergency surgeries between week-days and 
week-ends appears significant and is presented in Table 1. Not very 
surprisingly, the precautions taken in week-ends result in low OR-
time utilisation and on the contrary, high OR-time utilisation in 
week-days as the OR-time seem scarce.  
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Utilization of OR-time reserved for emergency surgeries in the base scenario

Mon - Thu Fri - Sun

Mean utilization 1.17 0.71

 
Table 1. Utilisation rate of OR-time reserved for emergency surgeries in base 
scenario.  In week-days the utilisation exceeds available OR-time and 
emergency surgeries can only be performed due to staff overtime work and/or 
elective surgery cancellations.  
  
The overutilization in weekdays indicate that the reserved OR-time 
for emergency patients is insufficient and therefore overtime work 
and/or elective surgery cancellations are enforced in order to meet the 
emergency demand. The underutilization in week-ends indicates idle 
OR-time meaning that expensive resources, already paid for, are not 
used. In addition to expensive idle OR-time, overtime work and 
surgery cancellations are very expensive actions to take and thus we 
believe that further analyses in how to reserve OR capacity for 
emergency patients are needed. 

The current decision to reserve longer OR-time for emergency 
patients in week-ends is taken to ensure emergency capacity in case 
of unexpected number of emergency surgeries. In the week-days 
there is always the possibility of using the OR-time assigned to the 
elective surgeries to emergency surgeries by cancelling elective 
surgeries or by using overtime work. The overtime work is caused by 
the uncertainty related to both emergency arrivals and surgery 
duration. In an effort to increase OR performance (here, minimizing 
surgery cancellations, idle OR-time, overtime work and elective 
waiting times) we introduce a proposal scenario to simulate. 
 
Proposal scenario 
 
In the proposal scenario we have tried to compose a policy of OR 
allocation that better meets the demand of both emergency and 
elective surgeries on a daily basis with respect to OR performance, 
i.e. a more efficient OR-time utilization, less surgery cancelations, 
less overtime work and stable waiting times. The fixed costs 
(equipments and staff costs excluding overtime costs, etc) in the 
proposal scenario should preferably not exceed the fixed costs in the 
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base scenario. Thus, by reducing the overtime work a reduction of 
total cost is expected. 

 
 

OR 1

OR 2

Reserved OR time for emergency surgeries. On Mon-Thu,
stand-by patients are prepared in case of idle OR-time

Monday - Thursday

OR 2

OR time for elective surgeries

Friday - Sunday

 
 
 
 

 

 
 
 

Figure 4. In proposal scenario, the opening hours in OR 2 is extended and no 
elective patients are scheduled in OR 2. In week-end a stand-by system for the 
staff is introduced.   

OR 1 

OR 2 

Reserved OR time for emergency surgeries,
stand-by patients is prepared in case of idle OR-time

Monday - Thursday

OR 2 

OR time for elective surgeries

Friday - Sunday

Stand-by system for staffs. Called upon if required, i.e., 
in case of emergency surgery. 

Extended 
opening hours

Proposal Scenario

Base  Scenario
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In order to prevent overtime utilisation Monday to Thursday we 
extend the opening hours in OR 2 by one hour in week-days. We also 
expand on the possibility of stand-by patients to keep elective waiting 
times reasonable but also to reduce idle OR time, see Figure 4. 
The idea is to perform a reasonable amount of surgeries also on days 
with few emergencies. Similar to the base scenario we assume there 
is a sufficiently number of patients accepting the stand-by offer. In 
weekends we introduce a stand-by resource (stand-by system) applied 
to the staff, meaning that one operating team (i.e. operating nurses, 
nurse anaesthetist) is scheduled to work but can stay home and being 
prepared to work if required, i.e. in case of emergency surgeries. If 
the stand-by staffs are not called upon, the cost is much less than if 
being on duty at the hospital. Emergency cases of general surgery and 
gynaecological surgeries are often recognized to have a higher 
urgency level compared to orthopaedic emergency surgeries. 
Therefore, the OR-time reserved for general and gynaecological 
emergency surgeries is sufficiently allocated, i.e. the opening hours 
of in Blekinge Hospital 24-hours a day (Figure 2 and 4 only shows 
the OR-time allocation for the Orthopaedic Department). This means 
that this OR could also be used by some shorter orthopaedic 
emergency surgeries when it is not in use by any of the other 
operating departments (general surgery and gynaecological surgery). 
Hence, we believe that a stand-by system applied to the staff (OR-
staff working with orthopaedic surgery) can be justified. 
 
Main differences between base scenario and proposal scenario 
 
Base Scenario:    Proposal Scenario: 
- Patient stand-by system - Extended time for 

patient stand-by system                                 
- No stand-by system for staff - Extended opening 

hours in OR 2 in week-
days (i.e. extended OR 
time reserved for 
emergency patients) 
- A stand-by system for 
staff is introduced 
 

The extended opening hours in OR 2 in the proposal scenario implies 
a higher accumulated cost for staff but this cost is compensated for by 
the stand-by system for staff that is introduced in week-ends. 
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Accordingly, the cost for a stand-by system for staff in week-ends is 
lower than having staff on duty in a regular way in week-ends. 
Hence, the requirement of retaining the fixed cost intact (or reducing 
the fixed cost) when introducing a proposal scenario is fulfilled. All 
costs are calculated and based on present union agreements and 
salaries at the Blekinge Hospital. 
 
 

4.4 Results 
 
In Table 2, a summary of the simulation output is displayed and 
grouped according to scenario type. In the proposal scenario the 
results indicate a significantly decreased number of surgery 
cancellations and overtime work compared to the base scenario.  
However, the elective waiting time is more than twice as long as in 
the base scenario, but still, the timeframe of 4 - 6 weeks in which the 
elective surgeries preferably should be operated, is fulfilled and the 
longer waiting times are therefore of no major concern. The patient 
through-put is almost the same as in the base scenario. 

Number of 
surgeries

Number of surgery 
cancellations

Overtime
hours  

Mean

St.Dev.

Base Scenario

Number of 
surgeries

Number of surgery 
cancellations

Avg. time spent
in queue (weeks)

Overtime
hours  

Mean

St.Dev.

Proposal Scenario

1916

32

15

5.4

2.1

0.56

132

18

Avg. time spent
in queue (weeks)

1914

29

2.15

1.8 15

62

0.53

4.4

 
Table 2. Results from 20 separate simulation runs from each scenario 
considering 364 days, i.e. base scenario and proposal scenario. 
 
A paired t-test validation technique is used to see if there is a 
significant decrease in overtime work and the number of 
cancellations in proposal scenario compared to base scenario. The 
overtime work, the cancellations and the average waiting times from 
the compared scenarios were found to be significantly different, p < 
0.01. When emergency resources are insufficient, as the case in the 
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base scenario, elective surgeries are cancelled and/or overtime work 
increases in order to manage the effects of unexpected events (i.e., 
emergency patients, surgery complications indicating longer surgery 
durations than expected). However, the average time spent in queue 
(weeks) were increased but remained within the limit of 4 - 6 weeks.  
In total, 10 % of the patients did not meet the requirement of meeting 
the time limit (of 6 weeks) but none had to wait more than 10 weeks. 
In reality, there are always a number of surgeries that are postponed 
or cancelled on patient initiative (patients get better, they get ill and 
inoperable or they might even die). This factor is not accounted for in 
this study which might indicate an over estimate of the time waited. 
 

4.4.1 Costs 
 
As discussed above, the fixed costs related to the proposal scenario 
turned out to be approximately the same as in the base scenario. This 
means that the cost for equipment and staff (excluding overtime 
work) was not increased, even though a stand-by system for staff was 
introduced. The overtime work was significantly reduced and hence, 
the variable cost (here, cost for overtime work) was decreased. 
Besides a total cost reduction, a reduction in surgery cancellations 
also occurred. 
 

4.4.2 Steady-State 
 
In order to validate that the warm-up period (of one year) is enough 
and that the system has reach steady state (i.e. waiting times and 
patient queues are stable) 12 simulation runs (6 for each scenario) 
were studied more carefully. In these set of experiments, 20 years 
(including the warm-up period) were simulated for both scenarios. 
The results are presented in Figure 5 and 6.  
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Figure 5.  The mean waiting times in weeks for 6 randomly chosen runs from 
base scenario taken at 4 separate occasions in time, i.e. during year 2, 5, 10 and 
20. The dashed line represents the mean of all the plotted waiting times and 
the continuous line represents how the mean changes through out the 
simulation. 
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Figure 6. The mean waiting times in weeks for 6 randomly chosen runs from 
proposal scenario taken at 4 separate occasions in time, i.e. during year 2, 5, 10 
and 20. The dashed line represents the mean of all the plotted waiting times 
and the continuous line represents how the mean changes through out the 
simulation. 
 
 
These graphs (Figure 5 and 6) indicate that the simulations are stable 
and that a reasonable steady state is reached after 1 year in both 
scenarios.  
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4.4.3 A Potential Future Scenario 
 

A potential future scenario in which there is a 30% increase in hip-
joint surgeries added to the patient arrival has been studied (a general 
opinion is that the hip-joint surgeries will increase the coming years). 
The results are presented in Table 3, based on the previous scenarios 
(base scenario and proposal scenario). The results indicate even 
greater stress to the emergency resources which promotes more 
cancellations and increased overtime work. Furthermore, in these 
simulation runs the mean waiting time firmly increases and indicates 
an unstable situation if no additional resources are added to the 
system. 
 

Number of 
surgeries

Number of surgery 
cancellations

Overtime
hours  

Mean

St.Dev.

Base Scenario 30% increase hip-joint surgeries

Number of 
surgeries

Number of surgery 
cancellations

Avg. time spent
in queue (weeks)

Overtime
hours  

Mean

St.Dev.

1976

28.3

19.4

6.5

3.0

0.81

170

24

Avg. time spent
in queue (weeks)

1967

31

2.15

1.76 24

83

0.97

5.02

Proposal Scenario 30% increase hip-joint surgeries

 
Table 3. Results from base scenario and proposal scenario with a 30% 
increase in hip-joint surgeries added to the patient arrival. 20 separate 
simulations runs from each scenario were performed. 
 
 

4.5 Conclusion and Future Work 
 
This paper presents estimates on the performance of an operating 
room department related to two different management policies for 
operating room planning with the use of a discrete-event simulation. 
We analyse the performance of the operating room department, 
focusing on the problem of meeting uncertainty in demands, i.e. the 
focus is on uncertainty related to patient arrival and surgical 
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procedure time. Two scenarios, representing two different 
management policies for operating room planning, are demonstrated 
and simulated for which one, i.e. base scenario, expresses current 
practice at the department of orthopaedics that we have studied.  

The simulation of one year using the base scenario 
demonstrates insufficiency in meeting the demand of emergency 
cases. Here, the negative effects of disturbances increase, i.e., surgery 
cancellation and overtime work. A proposal scenario is suggested, 
representing a management policy that better meets the demand of 
uncertainty to approximately the same fixed cost as in the base 
scenario (cost of overtime work is excluded from the fixed cost). The 
management policy in proposal scenario showed to better meet the 
patient demand as a significant decrease in surgery cancellation and 
overtime work was achieved. As based on the results from the 
simulation experiment we conclude that the simulated performance of 
the operating room department was improved, except for a smaller 
increase in mean waiting time, when applying the proposal scenario.  

Moreover, we simulate a plausible scenario specifying a 30% 
increase in hip-joint surgeries. We study how the different 
management policies given current available resources would manage 
with such an increase. The difference in cancellations, overtime and 
queue time between the base scenario and proposal scenario are 
further accentuated compared to the situation without the increase in 
hip-joint surgeries. 
With the developed simulation approach we have demonstrated how 
different management policies can be analysed and assist in decision-
makings related to the performance of the operating theatre. The 
policies are modelled by using an optimization technique that is re-
iterated every 24th hour in the simulation model in order to represent 
decisions taken on a daily level. We emphasize the benefits of using 
optimization techniques to simulate the complexity related to 
operating room planning.  Additional scenarios representing different 
management policies are of interest to study, in particular with 
respect to resource allocation of different resources, i.e., operating 
rooms, operating teams (nurses, anaesthetist etc.) and surgeons. For 
instance, a flexible number of operating teams in relation to operating 
rooms and surgeons seems to be a promising approach for increasing 
the resource utilisation and one point of future research could be to 
investigate how to achieve the potential of such flexibility. 
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Appendix 
 
Optimisation model 
 
This model is similar to the model presented in [16]. 
  
 
Indices and Sets: 
 
j Index for patient set J 
m Index for operating room set M 
p Index for time periods (weeks) in the scheduling set P = 

{1,.., p }, where p  is the number of time periods in P. 
t Index for time slot (days) set T, where T= {1,..,|T|} = 

{1,..,| p |* t }, where t represents the number of time periods 
in T (days) per time periods in P (weeks). 

 
Parameters, where some of the values have been included within parentheses: 
 

mta  Number of opening hours at operating room m 
in time slot t. 

jb  1 if patient j has been scheduled before, 0 
otherwise. 

prio
jpc  Cost related to an estimation of patient need 

and suffering.   
1_overtc  Cost of one hour single over-time (3600 SEK). 
2_overtc  Cost of one hour double over-time (7200 

SEK). 
3_overtc  Cost of exceeding the limitation of the weekly 

overtime work. (10000 SEK). 
cancelc  Cost of cancel an operation on operating day 

(15000 SEK). 
2_cancelc  Cost of cancel an operation on other days 

(2000 SEK). 
weekd  Limitation of the weekly overtime work. 

sched
je  Estimated surgical procedure time for patient j. 
oper
je  Surgical procedure time for patient j. 

1_restrf  Available single overtime (2 hours). 
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2_restrf  Available double overtime (2 hours). 
3_restrf  Available maximum overtime (8 hours). 

jmth  1 if patient j is scheduled for operation in 
operating room m at time slot t, 0 otherwise. 

 
Variables: 
 
g Overtime exceeding maximum per week. 

Could correspond to extra personnel. 
js  1 if patient j is not operated during period, 0 

otherwise. 
mtv  Number of single overtime hours in room m at 

time slot t. 
mtw  Number of double overtime hours in room m at 

time slot t. 
mtww  Number of overtime hours exceeding 4 in 

room m at time slot t. 
jmty  1 if patient j is operated/scheduled in operating 

room m in time slot t, 0 otherwise. 
current
jz  1 if patient j is cancelled current operating day 

from schedule, 0 otherwise. 
other
jz  1 if patient j is cancelled other day than current 

operating day from schedule, 0 otherwise. 
 
 
 
minimise z = 
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subject to: 
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The objective function minimises different costs related to operating 
room planning. First we have costs related to not scheduling a patient 
for surgery. If a patient is not selected for surgery within the four-
week schedule, we assume the patient to be scheduled for operation 
in four weeks after the considered time horizon, and hence, a penalty 
corresponding to that the patient waits 8 weeks in the queue is 
included. Also we have a cost related to when to operate on a patient 
(naturally this cost requires that the patient has been selected for 
surgery). This controls in which week patients should be scheduled in 
the four-week operation schedule. Less cost is incurred in the 
beginning of the schedule and more later. Further we have costs 
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related to surgery cancellations and overtime. All costs are set up in 
order to achieve a behaviour which corresponds to the real system 
behaviour. 

Constraint (1) specifies that patients can only be scheduled for 
surgery once and forces the variable js  to become one if patient is 
not operated on. Constraint (2) and (3) balances the estimated/actual 
time for surgeries scheduled with opening hours at the operating 
theatre included overtime in constraint (3). Constraint (4) and (5) 
connects patients scheduled for surgery from one simulation step to 
the next simulation step and keeps track of possible cancellations. 
Constraints (6) - (9) define restrictions related to overtime and 
constraint (10) delimits the cancellations to a maximum of one per 
patient. Further the variable g and parameter jmth  are transferred into 
next simulation step in order to keep track of the weekly overtime 
and the operating room schedule. 
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Paper IV 
 
 

Simulating Waiting List Management at a Surgery 
Department using Estimates of Future Surgery Demand 
 

Marie Persson & Jan A. Persson 
 

Submitted to Journal 
 

Abstract 
 

This study addresses the problem of managing key surgeon resources 
to achieve efficiency and productivity at the surgery department. We 
propose a simulation model to assist in analysing different 
management policies related to the elective care process. We 
hypothesize that sufficiently good estimates of future surgery demand 
can be calculated as early as the patient referral stage. Based on this 
hypothesis we conduct an experiment to investigate how different 
policies of managing incoming referrals effect patient waiting lists. 
Preliminary results indicate that less variation in patient waiting times 
are obtained when using estimates of future surgery demand when 
assigning patient referrals to the surgeon specialist. In addition, we 
argue that the presented simulation model can be used in a number of 
analyses concerning the management of elective care process. 
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5.1 Introduction 
 
Similarly to many European countries today, the Swedish hospitals 
try to adjust to an increasing demand for healthcare services. 
Meanwhile, the hospitals are subjected to political pressure to control 
and even reduce costs. The increased demand for healthcare results in 
longer waiting lists and waiting times, which paradoxically also are 
political pointers and a measurements of how a specific healthcare 
provider in general performs. In order for healthcare providers to 
control cost, meet the patient demand and also keep waiting lists in 
check, the healthcare administration is obliged to make decisions and 
act in terms of productivity. In Sweden, most healthcare services are 
provided by the county council, which basically consists of two main 
actors; the primary care, i.e., general practitioners, and the specialist 
care, i.e., hospital care. With the exception of emergencies, the 
common practice for Swedish citizens applying for healthcare is to 
book an appointment at the general practitioner or a private 
consultant. If deemed necessary, the patient may then be referred to 
specialist care for an appointment and potentially surgery. Specialist 
care is seldom conducted by the private sector in Sweden. 

Already at the referral stage, hospitals should preferably be 
able to estimate the forthcoming elective patient demand in order to 
achieve efficiency and productivity. This paper concerns the hospital 
care and specifically addresses the problem of how to plan and 
allocate key resources (e.g., surgeons) for activities such as patient 
appointments and surgical procedures to meet productivity objectives 
such as the maximization of patient through-put and the minimization 
of waiting times. Given a set of patients with different referral types, 
we investigate how the allocation of surgeon resources to 
appointment and surgery, influences the waiting lists and the waiting 
times. Patient referrals can be considered as a volume of orders which 
has to be managed and each order requires certain type of resources. 
For example, one patient may need a certain type of surgery, which in 
turn can only be conducted by a surgeon with the corresponding 
skills while some other patient needs another type of surgery, or 
instead of surgery, examination or treatment. In collaboration with 
the Department of Orthopaedics at Blekinge Hospital, which is a 
medium-sized Swedish hospital, we propose a simulation model to 
assist in analyzing different management policies concerning the 
hospital resource allocation related to the elective care process. In the 
simulation model, we simulate the step from incoming patient 
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referrals throughout the elective care process to possibly surgery at a 
hospital. In this study, the simulation model is based on the actual 
situation at the aforementioned department. 

 

5.1.1 The Elective Care Process 
 
The elective care process is the healthcare process of non-emergency 
patients. This description represents the common practice of how the 
non-emergency patients proceed through the Swedish healthcare 
system. After the patient has been referred to the hospital care (e.g. 
the orthopaedics, gynaecology, or general surgery department), the 
referral is examined by an expert, surgeon specialist. The patient is 
then put on hold for an appointment at the outpatient clinic with a 
surgeon from the sub specialty field that corresponds to the patient’s 
need. At the outpatient clinic the surgeon specialist (in discussion 
with the patient) decide upon treatment. If surgery is decided, the 
patient is put on hold for surgery (preferably conducted by the same 
surgeon). In practice, this means that each surgeon is assigned two 
patient waiting lists; one for appointment scheduling (outpatient 
clinic) and one for surgical scheduling (operating room planning). 
The system under study concerns the point from incoming referrals 
(from general practitioner) and the waiting lists assigned to each 
surgeon to appointment and possibly surgery at the hospital care, 
which is depicted in Figure 1.  

Waiting list of 
elective 

surgeries

Waiting list of 
patient 

appointments

Outpatient Clinic Surgical Suite

Resources of surgeons

Post operative 
appointments

 
Figure 1.  The incoming referrals are assessed and graded and the patients are put 
on the appointments waiting list. At the outpatient clinic, the decision about 
whether to perform surgery will be taken and if decided, the patient will be put on 
the next waiting list (for surgery).   
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Patient appointments generate elective surgical cases and 
surgical cases generate follow-up appointments which makes 
appointments and surgical cases interconnected. For simplicity, we 
disregard from the follow-up (post operative) appointments in this 
study. In order to match the different patient needs to the surgeons 
with the appropriate sub specialties, the patients are, in practice, 
divided between the surgeons. As a result, the number of patients and 
the time to appointment as well as the time to surgery may vary 
significantly between the patient groups assigned to the different 
surgeons. From a management perspective, it is desirable to obtain 
surgeon waiting lists that are comparably balanced regarding the 
resource demand, i.e., load balancing, to prevent large differences in 
waiting time and to create opportunities to increase the average 
patient through-put. Similarly to the way different job types are 
distributed on the available machinery in a factory, patients are thus 
distributed on the available surgeons in the hospital. 
 

5.1.2 Outline 
 
The remainder of the presented study is organized as follows: first, 
we discuss how the simulation approach to waiting list management 
has been handled in the literature. Then, we explain how the 
presented simulation approach is designed and finally we present an 
experiment with some results and discussion on future work. 
 

5.2 Related Work 
 
The problem of managing waiting lists and patient waiting times in 
healthcare is a well studied problem (Blake, 2005, Everett, 2002, 
Torkki, 2002). Already in 1952, Bailey (1952) used a mathematical 
model to compare four different approaches of appointment systems 
with regard to patient waiting time (in the waiting room) and to the 
time spent waiting for consultants between the appointments in an 
outpatient department. Goddard and Tavakoli (1998) studied a more 
long-term perspective of the problem in which the relationship 
between referral rates and the waiting lists and duration of waiting for 
elective cases were analyzed. Using empirical data and an estimable 
demand model, Goddard and Tavakoli concluded that the duration of 
wait is negatively correlated with the demand and also discussed how 
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a guarantee of maximum duration of wait may encourage more 
demand, perhaps with an increased average waiting time. And this 
guarantee may led to that less seriously ill cases must be treated faster 
so the more seriously ill cases have to wait longer. This discussion is 
of current interest in Sweden today as a guaranteed maximum time to 
wait (Healthcare guarantee) was recently introduced. In a related 
study, Smethurst and Williams (2002) claimed that hospital waiting 
lists are self regulated as outpatient referral rates decrease when 
waiting list densities increase and vice versa. Vissers et al.,(2001) 
discuss the waiting list phenomenon as a result of four mechanisms; 
need assessment, demand management, resource allocation and 
production management in relation to different management policies 
and decisions on different levels in health care. Due to the health care 
complexity and the difficulty of analyzing different and combined 
management decisions on several levels, for example related to 
waiting list management, simulation has become one of the most 
popular techniques in this research field (Lagergren 1998, Jun et al, 
1999, Brailsford, 2007). Jun et al., (1999) present a survey of how 
simulation techniques have been applied for analyzing healthcare and 
report on how the rapid growth of number and quality of simulation 
techniques have delivered numerous of new problem solving 
opportunities within the healthcare setting. In a recent survey, 
Brailsford (2007) describes one of the positive aspects of healthcare 
simulation approaches in that it is usually the real world problem 
itself that drives the theoretical development rather than the opposite. 

As an example, Harper and Gamling (2003) use simulation 
techniques to analyze how different appointment schedules effect 
patient waiting time. Different performance metrics concerning the 
waiting times at the clinic were monitored, e.g., from the point when 
the patient enters the outpatient clinic until the first service or until 
the patient leaves the clinic. However, in the presented study, we 
focus on waiting lists and waiting times in a more long-term 
perspective and on the benefit from using the same simulation 
approach for a number of different performance metrics. In a recent 
study, VanBerkel et al.,(2007) used simulation to analyze waiting 
lists at a the Division of General Surgery in Canada. VanBerkel et al. 
model the point from decision of surgery to the point when the 
patient is discharged from the hospital and leaves the bed. In contrast 
to the model proposed by VanBerkel et al., our model simulates the 
point from the referral stage to patient surgery and focus more on the 
problem of allocating surgeons in relation to patient referral types to 
analyze waiting lists. Vasilakis et al (2007) study the impact of 



 94

pooling referrals on a single appointment list compared to adding a 
patient to a chosen surgeon, which is the most common policy. 
However, considering that surgeons from several specialties 
commonly are sub specialized, the pooling policy is arguably 
unsuitable in several cases. We therefore present an alternative to the 
pooling policy by estimating the forthcoming patient surgery need 
already at the referral stage and schedule the surgeon(s) according to 
the obtained knowledge. We present a simulation model that provide 
us with the possibility of comparing and analyzing different referral 
scheduling policies given a set of different referral types and types of 
surgeon resources.  
 

5.3 Simulation Approach  
 
In our case, and which also is the common practice in Swedish 
hospitals, the surgical suite is shared between the different operating 
departments i.e., the orthopaedic department, the general surgical 
department and the gynaecology department. Based on the total 
surgical need, each operating department has to state its’ demand for 
operating room (OR) capacity. In order to plan for and ensure a 
sufficient workforce of shared resources, e.g. operating room nurses 
and anaesthetist nurses, at the surgical suite, each of the surgical 
departments are obliged to specify their requirements for OR several 
months in advance. (Already when scheduling the weekly patient 
appointments, the forthcoming OR demand for each specialty should 
preferably be considered.) The question is whether it is possible to 
conduct sufficiently good OR time predictions for each patient based 
solely on the referrals. We believe that having sufficiently good 
predictions on OR demand, based on the referrals, is one of the key 
issues that can assist in improving the overall waiting list 
performance in future healthcare management. In a recent study, 
Persson et al. (2010) investigate the possibility of using data mining 
techniques to find surgery indicators that can help to estimate future 
OR demand. However, in this study we estimate future OR demand 
by classifying referrals according to sub specialty (e.g., back, hip, 
knee or shoulder), surgery probability and surgery duration (see 
Table 1). The estimates and classification are conducted with 
assistance of surgeon specialists from Blekinge Hospital. 
Additionally, we use historical data from both the outpatient clinic 
and the surgical suite at the Department of Orthopaedics at Blekinge 
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Hospital to simulate patient progress throughout the system, i.e., from 
patient referral to possible surgery. To our knowledge, a simulation 
that encompasses each necessary step, from incoming referrals to 
possible surgery, on a sufficient level of detail has not been presented 
previously. 
 

5.3.1 Simulation Model Overview 
 
Below, we describe the simulation steps depicted from Figure 2. The 
steps, 1-6, represent main activities during one week in the elective 
care process. In comparison to the model described in Figure 1., the 
post operative (follow up) appointments are here disregarded After 
step 6 the simulation starts over with new incoming referrals and a 
new week is simulated. 

2. Referral Management
Every patient referral is assigned to 
a surgeon with the corresponding 
sub specialty. The patients are put 
on hold for appointment later on to 

the selected surgeon.

1. Incoming patient referrals.
Classified according to sub specialty:

hip, knee, shoulder etc. and the probability of 
surgery. In total 16 classes.

Incoming patients (for each sub speciality) are 
generated using a Poisson distribution.

3. Appointment Scheduling
Optimisation model
4. Appointments

5. Surgery Scheduling
Optimsations model
6. Surgeries

Waiting list

Patient removal Patient removal

Hospital elective care system

Waiting list

Figure 2.  The simulation steps 1-6 represent main activities during one simulated 
week. The simulation model is built in Java with included optimization models 
solved by Ilog Cplex 10.0. 
 
The simulation steps 1 - 6 is described in detail: 

1. Incoming referral 
Incoming referrals are generated by a Poisson distribution based 
on historical real-world data. The referrals are pre-classified with 
the corresponding μ  according to Table 1 below. The 
classification scheme has been established in assistance with the 
Department of Orthopaedics Surgery at Blekinge Hospital.  
 
2.   Referral management 
The specialist surgeons are modeled according to sub specialty, 
i.e., each surgeon is modeled to have one or several sub 
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specialties representing the specific surgeon skills. See Table 1 
for more details on referral classes (sub specialties) and how they 
relate to the surgeons. At this step the referrals are divided 
between the surgeons according to matching subspecialty. 
Different policies of managing referrals are investigated and 
developed using different scenarios, see below for a detailed 
description on the policies and the corresponding scenarios. 
 
1. Appointment scheduling 
With a probability of 0.8, a surgeon is available for appointment 
scheduling during a week. The 80% availability should 
characterize the approximate number of surgeons that are in duty. 
Based on the average number of incoming referrals per week, the 
number of scheduled appointments each week is set to 55 or less. 
Due to other surgeon duties like emergency duty and ward duty, 
all of the 80% available surgeons should not be scheduled for 
appointment, which is obeyed by our simulation model by using 
the restriction of 55 appointments per week. Based on an 
optimization model with the objective function of minimizing 
total patient waiting time, specific patients from waiting list are 
selected for appointments scheduling. Based on the fact that, the 
surgeons most often are scheduled for appointments either a 
whole day or half a day, each of the surgeons are scheduled with 
either 16 patient appointments (representing scheduled 
appointments for a whole day) or 8 patient appointments or less 
(representing scheduled appointments of half a day or less) (see 
Appendix A). Further, the schedule is set 3 weeks in advance 
which is motivated to achieve a reasonable planning horizon, 
preferred both by OR-planners from Blekinge Hospital and 
probably by patients.  
 
4.  Appointments 
This simulation step represents the decisions taken at the 
appointments. The appointments performed current week 
(remember that the appointment and surgery schedule for current 
week was set 3 weeks before according to the above description) 
are decided to either have surgery or not with a probability of 0.9. 
This means that on the appointment day, the patient is estimated 
to have surgery with a probability of 0.9 or 0.1 depending on 
corresponding sub specialty, (see Table 1). Those that are decided 
to have surgery are put on hold for surgery and those that are not, 
are removed from the system. The patients are here assumed to be 



 97

operated by the same surgeon as examined at the outpatient clinic. 
The probability of 0.9 and 0.1 for a decision on surgery or not is 
an estimate based on interpretations of historical data and is 
interesting for future research.  
 
5.  Surgery scheduling 
Naturally, the surgeons that are in duty and available for 
appointment scheduling, emergency duty and so on,  are also the 
surgeons available for surgery scheduling the same week. Like 
the Appointment scheduling – step above, the surgeon and patient 
scheduling for surgery are also modeled according to an 
optimization problem with the objective function of minimizing 
patient waiting time. Constrains of number of OR and available 
OR time are included in the model (see Appendix B). 
Additionally, the surgeons are not allowed to operate on two 
subsequent weeks. This restriction is set to represent the desired 
variability of a surgeon schedule, i.e., the surgeons are also 
scheduled with other duties like ward duty, emergency duty and 
other as known. The surgery schedule is also set 3 weeks in 
advance. Patients are scheduled for surgery by the surgeon as 
determined in step “Appointment scheduling.  
 
6.  Surgeries 
The patients that are decided to have surgery current week are 
simulated by removal from the system.  
 

These are the main steps of the developed simulation model, which is 
used to represent how the elective process at the Department of 
Orthopaedics at Blekinge Hospital proceeds given a set of specific 
resources, i.e., surgeons and surgeon skills, ORs, and so on. Even if 
the simulation model is a simplification of the real world situation 
and has a number of elements that could be further developed, we 
believe the most important parts are considered and modeled in order 
to analyse referral management and surgeon allocation in relation to 
patient waiting lists. (The input data, referrals, in relation to number 
of surgeries performed in the simulation are corresponding to the real 
data). Other decisions such as number of patients scheduled for 
appointment, referral classification and probability of surgery as well 
as number of surgeons available for appointment and surgery are all 
taken in agreement with expert surgeons and managers at Blekinge 
Hospital.  
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1. Hip (specific)
Surgery: p = 0.9, µ = 2.5
Surgery Duration: 360 min
Surgeon: 1, 4, 7, 14 
2. Hip (general)
Surgery: p = 0.9, µ = 2.5
Surgery Duration: 120 min
All surgeons
3. Knee (specific)
Surgery: p = 0.9, µ = 3.9
Surgery Duration: 300 min
Surgeon: 2, 3, 4, 5, 7
12, 17, 18, 20

5. Knee (crusiate ligamente)
Surgery: p = 0.9, µ = 3.9
Surgery Duration: 60 min
Surgeon: 2, 3, 5, 17, 18

4. Knee (general)
Surgery: p = 0.9, µ  = 3.9
Surgery Duration: 120 min
All surgeons

6. Shoulder (specific)
Surgery: p = 0.9, µ  = 1.7
Surgery Duration: 120 min
Surgeon: 2, 6
7. Shoulder (general)
Surgery: p = 0.1, µ = 1.7
Surgery Duration: 120 min
All surgeons

9. Back(specific)
Surgery: p = 0.9, µ  = 4.1
Surgery Duration: 180 min
Surgeon: 8, 9, 10, 11
10. Back(general)
Surgery: p = 0.1, µ = 4.1
Surgery Duration: 180 min
All surgeons

12. Children(specific)
Surgery: p = 0.9, µ  = 0.3
Surgery Duration: 60 min
Surgeon: 7, 12

11. Children(general)
Surgery: p = 0.1, µ = 0.3
Surgery Duration: 60 min
All surgeons

14. Hand(general)
Surgery: p = 0.9, µ  = 5.5
Surgery Duration: 60 min
All surgeons

13. Hand(specific)
Surgery: p = 0.9, µ = 5.5
Surgery Duration: 120 min
Surgeon: 4

16. Feet(general)
Surgery: p = 0.9, µ = 5.2
Surgery Duration: 120 min
All surgeons

15. Feet(specific)
Surgery: p = 0.9, µ = 5.2
Surgery Duration: 120 min
Surgeon: 4, 13, 14

8. Other
Surgery: p = 0.9, µ  = 1.7
Surgery Duration: 60 min
All surgeons

Elective Sub Specialties

 
Table 1.  These are the sub groups used when estimating patient future surgery 
demand. For each sub specialty, surgery is estimated with a probability of p = 0.9 
or p = 0.1. All the patient referrals are grouped according to theses data and weekly 
generated through a Poisson distribution with the corresponding μ . The patient 
referrals are assigned to surgeons according to surgeon specific skills. There are 23 
surgeons all together in this study. 
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5.3.2 Referral Management Policies 
 
We hypothesize that sufficiently good estimate on patient 
forthcoming surgery demand can be given already at referral stage. 
Based on these assumptions, we use the simulation model to analyze 
different management policies of allocating surgeon resources. We 
argue that instead of assigning referrals to a surgeon with the 
corresponding subspecialty required at random basis, the probability 
of surgery and surgery duration should be considered, i.e., an 
indication of the expected future workload of surgeons. Today at the 
Department of Orthopaedics, referrals are assigned surgeons 
according to subspecialty with limited consideration of how the 
workload (or how long the waiting list) of a specific surgeon is. For 
this purpose we suggest that each of the surgeon’s waiting lists 
should be regarded as an estimate on total number of OR-hours (i.e., 
forthcoming OR-hours). This estimate is an indicator of future 
workload for each surgeon and ought to be as similar as possible 
between the surgeons in order to prevent differences in waiting times.  

We have designed the study by setting up an experiment 
conducted through a comparison of four different policies of 
assigning patient referrals to surgeons, see Figure 3. In this study we 
assume all the surgeons to work full time. Scenario 1 is an extreme of 
how to manage patient referrals when randomly assigning patients 
with matching subspecialty to surgeons (representing a worst case), 
while Scenario 2 represents an approach of considering number of 
patients assigned to surgeons with matching subspecialty and finally, 
Scenario 3a and 3b considers estimated future OR-demand when 
assigning patient referrals to surgeons. The policy used today in the 
Department of Orthopaedics, can be referred to a mixture between 
Scenario 1 and 2. First of all, the referrals are divided according to 
subspecialty. In some cases, when there is a clear unbalanced 
situation regarding surgeon workload, the overloaded surgeons are 
released from being assigned new patient referrals. 
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Incoming referrals

Surgeon 1

Surgeon 2

Surgeon 3

Surgeon 4

Surgeon 5

Surgeon 6

Policy-based 
allocation

Referral Management

Figure 3.  Similarly to how different types of jobs are assigned to different 
machines in a manufacturing system, patient referrals are assigned to different 
surgeons for future appointment and possible surgery. 
 
Scenario 1. 
Each patient referral is matched with the surgeon having the 
corresponding sub specialty. If there are two ore more surgeons 
matching, a surgeon is chosen on random. 
 
Scenario 2. 
The simulation model assigns a patient to a surgeon based on the 
number of patients the surgeon already has been assigned. For 
instance, if there are three surgeons with matching sub specialty, the 
surgeon with least patients already assigned, is chosen.  
 
Scenario 3a. 
Similar to Scenario 2, the simulation model assigns a patient to a 
surgeon but now based on future OR time a surgeon is estimated. 
From each surgeon, a cumulated estimated OR time from the 
surgeon’s appointment waiting list can be calculated.  For instance, if 
there are three surgeons with matching sub specialty, the surgeons 
with least OR time estimated, is chosen.  
 
Scenario 3b. 
In this scenario the incoming referrals are assigned to the surgeon 
based on estimated future OR time. The objective is to spread future 
OR time as equal as possible between the surgeons. For simplicity we 
model this rule with an optimization model using the objective 
function of minimizing the variance in total OR time (estimated 
future OR time derived from each of the surgeons’ appointment 
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waiting lists) between the surgeons, see below. Whereas scenarios 1, 
2 and 3a take one referral at a time into account, the decision in 
Scenario 3b is based on the consideration of all referrals which have 
come in during a week.   
 
Indices and Sets: 
i Index for  surgeon set I;  
j Index for patient set J; 
n Index for sub specialty set N; 
 
Parameters: 

ia  Number of scheduled OR time for surgeon i before this 
patient allocation. 

je  Number of estimated OR time for patient j. 

jnf  1 if patient j belongs to sub specialty n, 0 otherwise. 

ing  1 if sub specialty n can be treated by surgeon i, 0 
otherwise. 

 
Variables: 

ijo   1 if patient j is assigned surgeon i, 0 otherwise.  

is  Number of scheduled OR time for surgeon i after this 
optimisation. 
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1=∑
∈Ii

ijo    j∀     (4) 

 
Constraint (1) describes the mean value of surgeon OR time and 
constraints (2) define the rules for assigning patients to the surgeon 
with the corresponding sub specialty. In constraints (3) each surgeon 
OR time is calculated and constraints (4) ensure the patient to be 
assigned to exactly one surgeon. 
 

 5.3.3 Experimental Procedure 
 
An experiment includes n scenarios, m surgeons and each scenario is 
simulated p times. The experiment captures a simulated period of 122 
weeks out of which the first 70 weeks are regarded as a warm-up 
period. According to the case of study we have m = 23 surgeons with 
different combinations of sub specialty skills according to Table 1 
and n = 4 scenarios, which all are presented above. Each scenario is 
simulated p = 10 times. The experiment is further designed as 
follows; Let iklx  denote mean patient waiting time for the patients 
operated during time periods (weeks) 71 to 122 by surgeon 

),...,1(, mii =  in scenario ),...,1(, nkk =  in simulation 
run ),...,1(, pll = . 

In order to compensate the total mean for the different number 
of patients in each of the surgeons waiting lists, denoted iq , we 

calculate the weighted comparison of the mean, w
klμ , as the 

following: 
 

w
klμ  = ∑

∑ =

=

m

i
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i
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1

1
 

 
In the same way, we compute an estimate of the weighted standard 
deviation w

klσ  of the mean waiting time in scenario j and simulation 
run k according to: 
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A detailed description of the weighted comparison of the 

mean and standard deviation can be found in (Bland and Kerry, 
2008). With the computed standard deviation ( w

klσ ) we encompass a 
measurement of how the different mean patient waiting times for 
each of the surgeons are spread. As our effort is to obtain surgeon 
waiting lists that are comparably balanced with regard to resource 
demand and prevent large differences in patient waiting times, a 
small value of the weighted standard deviation is preferable.  
 
 

5.4 Results 
 
After 10 simulation runs for each of the 4 scenarios, the differences in 
mean waiting times for the 23 surgeons, computed as weighted 
standard deviations, are presented in Table 2 below. 

1 13.23 7.02 5.94 6.43
2 13.06 7.62 5.91 6.02
3 13.63 7.00 6.40 5.73
4 12.70 7.89 6.33 5.52
5 12.99 6.00 6.15 5.30
6 13.33 6.30 5.19 4.95
7 9.90 7.35 6.60 6.08
8 13.64 6.66 6.18 5.52
9 12.34 6.77 5.58 4.58

10 12.90 6.40 6.06 5.24
mean 12.77 6.90 6.03 5.53
stdv 1.08 0.60 0.41 0.56

Scenario 3bScenario 3aScenario 2Scenario 1

l
w
l1σ w

l2σ w
l3σ w

l4σ

Table 2.  Weighted standard deviations from Scenario 3a and b are smallest 
whereas standard deviations from Scenario 1 are considerably higher compared to 
the other scenarios. 
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We used a Friedman test to assess that the performance measure, 
weighted standard deviation, from Scenario 3a and 3b are smaller 
compared to the other scenarios, which applies for the level p < 0.01. 
The use of a policy to allocate surgeon resources already at referral 
stage appears to have significant influence on how patient waiting 
times differ between the surgeons. Additionally, in Table 3, we 
present the weighted mean of the mean patient waiting times. 
 
 
 

1 19.11 19.80 19.82 19.56
2 20.82 21.27 21.70 21.34
3 20.59 20.41 20.51 20.82
4 21.33 22.18 22.37 22.68
5 21.46 21.38 21.91 21.94
6 20.47 21.53 21.96 21.91
7 19.93 20.47 20.62 20.92
8 20.68 20.30 20.69 20.84
9 21.93 21.64 21.71 23.01

10 21.41 21.79 22.29 23.26
mean 20.96 21.22 21.53 21.86
stdv 6.62 0.67 0.73 0.98

Scenario 3bScenario 3aScenario 2Scenario 1

l w
l1μ

w
l2μ w

l3μ w
l4μ

 
Table 2.  The weighted means of the mean patient waiting times are somewhat 
smaller for Scenario 1 compared to the other scenarios. 
 
We can see that the weighted mean of mean waiting times for 
Scenario 1 is smaller compared to the other scenarios.  However, this 
is explained by an extremely unsteady situation for some of the 
surgeon’s waiting lists in Scenario 1 which continuously increase. 
Based on the discussion in (Torkki et al., 2002), we complement the 
analysis to also present numbers of patients still waiting for surgery 
at the end of the simulation period. Torkki et al., claim that only 
considering sample patients that already have been operated on, 
makes the sample biased. Hence, monitor the surgeons with the 
highest average mean waiting time from each scenario after 10 
simulations reveals that Surgeon 4 (out of 23) apparently is under 
greatest pressure. This surgeon has the highest mean waiting time in 
all scenarios. In Table 3 we have extracted the average of the mean 
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waiting time as well as average number of patients still waiting for 
surgery by Surgeon 4 at week 122 for each scenario.  

56,1 34,5 33,8 29,0

523 141,0 137,2 133,4

Scenario 1 Scenario 3b

mean waiting time

Average number of 
patients still waiting

for surgery 

Surgeon 4

Scenario 3aScenario 2

 
Table 3. Average mean waiting time for Surgeon 4 and average number of patients 
still waiting for surgery.  
 
 
Apparently, Surgeon 4 is trained within a subspecialty that in 
proportion to patient demand is greatly underdimensioned in terms of 
surgeon resources. The waiting times for this surgeon will increase 
uncontrolled if no prevention is conducted. Scenario 2, 3a and 3b 
seek to allocate the surgeons as evenly as possible and hence the 
mean waiting time and number of patients waiting for surgeon 4 is 
not as high as in Scenario 1. To compensate for the uneven patient 
distribution, the workload between the surgeons in Scenario 1 varies 
tremendously in a way that is neither practical nor realistic. Referring 
to the policy in Scenario 2, in which the number of patients are as 
equally as possible distributed among the surgeons, this policy seems 
more realistic although the differences in mean waiting times 
between the surgeons (weighted standard deviations) are somewhat 
higher compared to Scenario 3a and 3b. In Scenario 3a and 3b, the 
estimated future surgery need and duration is predicted and employed 
when allocating surgeons. The policies used in these scenarios 
require a certain level of detailed information and understanding of 
the referral content that have to be considered and which is a pointer 
for future work.  
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5.5 Conclusions and Discussions  
 
Today, there is an intense debate in Sweden about how the terms of 
productivity can be adopted to the Swedish healthcare. Related to this 
topic, we stress the importance of managing the allocation of key 
resources of surgeons to meet the demand of increased productivity. 
Moreover, we argue that the information obtained from simulations 
of this type is essential when analyzing different management 
decisions within the elective care process and when striving to 
achieve productivity. In the presented simulation model, the surgeons 
are allocated with a restriction of 80% availability, where availability 
denotes that surgeons are scheduled for hospital duty. We also limit 
the possibility to allocate a surgeon for surgery duty by restricting the 
number of subsequent weeks of surgery duty, to two weeks. This 
restriction represents the fact that the surgeons, besides being on 
surgery duty, are also on emergency duty, ward duty and other duties, 
as already mentioned. Our point here is to demonstrate that, within 
suitable limits, the surgeons should be scheduled for surgery duty, 
appointment duty and so on, in a way that facilitates productivity. 
However, by including more detailed restrictions on the availability 
of surgeons, such as minimum and maximum days of surgery duty 
for instance, a more realistic simulation result in terms of surgery 
workload would be attained. Consider a situation where the waiting 
list demand of Surgeon A is higher than for Surgeon B regardless of 
what policy used for managing the referrals. The surgery demand can 
either be temporarily increased and hence further adjustments are not 
considered, or the situation could be more long-term in nature, in 
fact, the surgery demand can even display a trend to increase and thus 
it would need to be managed in order to prevent waiting list 
congestion.  

In Scenario 3a and 3b we hypothesize that sufficiently good 
estimates on patient future surgery demand can be conducted already 
at referral stage. This requires a certain level of knowledge and 
comprehension in terms of surgery indicators and so forth. This 
aspect is further elaborated on in a recent study by Persson and 
Lavesson (Persson and Lavesson, 2010). 

In the presented study, we address the problem of allocating 
resources of surgeons in order to meet the demand of productivity in 
the elective care process, i.e., the problem of maximizing patient 
through-put and minimizing patient waiting times. We present a 
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simulation model to assist in this process and conduct an experiment 
with real data to demonstrate how the simulation model can be 
utilized, as for instance, analyzing how different policies of referral 
management effect average patient waiting times but also the 
differences in patient waiting time. The results show that by using 
policies that seek to allocate the surgeons as even as possible, the 
differences in patient waiting time significantly decreases but the 
total mean waiting time is somewhat higher (applies for those 
patients actually operated). However, the unsteady situation of patient 
waiting times related to Scenario 1 seems impractical.  
 
 

5.6 Future Work 
 
The simulation model is designed to address the allocation strategy of 
patients to surgeon specialist in a general setting. With some minor 
adjustments, the simulation model can easily be adopted to more 
specific settings with different presumptions e.g., by tuning OR 
availability, the number and characteristics of surgeons, and patient 
demand. Moreover, we may also be able to provide opportunities to 
investigate a variety of problems which can be simulated and 
addressed, given a number of assumptions. For example, by using the 
simulation model, we are able to analyze the impact of hire a new 
surgeon (with a certain sub specialty) or to send one of the current 
surgeons on training. Another example, where one could benefit from 
using the simulation model, is the case where the hospital discusses 
the option of referring one or more patient groups to another hospital. 
For future work, we also plan to investigate, in greater detail, how 
different policies with regard to a more detailed scheduling of 
surgeons may influence the performance of the system. We further 
plan to incorporate the findings related to the work in (Persson and 
Lavesson, 2010) in greater detail to an extended version of the 
simulation model.  
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Appendix A 
 
Indices and Sets: 
i  Index for  surgeon set I;  
j  Index for patient set J; 
 
Parameters: 

ja   1 if patient j is already scheduled for appointment,  
0 otherwise.  

id  1 if surgeon i is available for appointment scheduling,  
0 otherwise. 

je  Estimated OR time for patient j.  

jg  Waiting time in weeks from referral week until current 
week for patient j. 

ijo  1 if patient j is allocated to surgeon i, 0 otherwise. 

S Represents a large constant much bigger than minapp . 
maxapp  Maximum number of appointments a surgeon can be 

scheduled with each week. 
minapp  Minimum number of appointments each surgeon 

preferably is scheduled with each week 
penaltyapp  Fixed penalty cost. 
totapp  Total number of patients that can be scheduled for 

appointment each week. 
 
  
 
Variables: 

a
is  1 if surgeon i is not scheduled with any patients,  

0 otherwise. 
b
is  1 if surgeon i is scheduled with more patients than  

0 and less patients than ( minapp +1), 0 otherwise. 
c
is  1 if surgeon i is scheduled with more than ( minapp ) 

patients, 0 otherwise. 
jx  1 if patient j is scheduled for appointment,  

0 otherwise. 
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iy  Number of appointments less than minimum number 
( minapp ) that surgeon i is scheduled with. 
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Constraints (1) ensure that patient i will only be scheduled for 
appointment once. Constraints (2) ensure that a is assigned a surgeon 
with the corresponding subspecialty. In constraints (3) we here 



 112

restrict the number of appointments for each surgeon to be 16 or less. 
With constraints (4),(5) and (6) we here adjust the surgeons to be 
scheduled for either 0, less or equal to 8 or more than 8 appointments 
per week. In constraints (7) we make sure that only one of the three 
constraints (4)-(6) is valid. Surgeons that are scheduled with less than 
8 but more than 0 patients will be assigned a penalty of 20 per patient 
in constraints (8). Constraints (9) restrict the number of total patients 
to be scheduled for appointment to 55 in one week. 
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Appendix B 
 
Indices and Sets: 
i  Index for  surgeon set I;  
j  Index for patient set J; 
k  Index for operating room set K; 
 
Parameters: 

ja  1 if patient j is already scheduled for appointment,  
0 otherwise.  

id  1 if surgeon i is available for appointment scheduling,  
0 otherwise. 

je  Estimated OR time for patient j.  
ref
jg  Waiting time in weeks from referral week until current 

week for patient j. 
app
jg  Waited time in weeks from appointment week until 

current week for patient j. 
ettg arg

 Target for maximum patient waiting time from 
appointment to surgery. 

  
ijo  1 if patient j is allocated to surgeon i, 0 otherwise. 

p Penalty for exceeding target of maximum patient 
waiting time, ( ettg arg ). 

timeOR  Available operating room time per room each day. 
 
 
  
 
Variables: 

jx   1 if patient j is scheduled for surgery, 0 otherwise. 

iky  1 if surgeon i is operating in operating room k,  
0 otherwise. 

jz  Number of weeks patient j has waited after that the 
wait-time limit is passed. 
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Constraints (1) allow surgeon j to operate in two different operating 
rooms at the most. Constraints (2) ensure that only one surgeon 
operate in an operating room. Constraints (3) make sure that patient i 
is assigned a surgeon with the corresponding subspecialty. In 
Constraints (4) we add surgery cases represented by estimated 
surgery duration ( je ) into the operating rooms, here 360 minutes. We 
penalize the system with constraints (5) if patient i have to wait 
longer than the target for maximum patient waiting time ( ettg arg ), 
here 12 weeks. Finally, in constraints (6) we restrict patient i to be 
scheduled for surgery only once. 
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Abstract 
 

This study investigates the possibility of using data mining 
techniques to find indicators that can help to estimate future patient 
demand. By extracting certain information from medical records, we 
believe that the need for surgery can be predicted. We hypothesize 
that the generated models may provide new knowledge about, and a 
basis for, how to structure patient information when referring patients 
from the general practitioner to hospital care. We conduct an 
experiment in which we compare ten supervised learning algorithms 
on a data set of 80 hip arthrosis patients. The data set has been 
generated by manually extracting information from unstructured 
patient records. The empirical results are promising, indicating that it 
is possible, as early as during the referral stage, to accurately predict 
the need for surgery.  
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6.1 Introduction 
Sweden is at present struggling with an increasing cost of its 
healthcare system as well as strong service demand from patients, 
similar to many other European countries. The old method of 
reducing the availability of service in favour of long waiting lists is 
no longer an option, especially in light of the fact that patients now 
have the right to seek treatment anywhere within the EU borders. 
There is therefore a strong enthusiasm in improving productivity and 
efficiency. One of the most expensive areas in healthcare is surgery, 
which necessitates many expensive resources in terms of staff, 
equipment, and medical resources. Generally, these resources have to 
be managed and divided between several departments, e.g., 
orthopaedics, gynaecology or the general surgery, within the hospital 
in order to meet the total surgery demand (depicted in Fig. 1). The 
question is how and when in the planning process the surgery 
demand could be estimated. 
 
Commonly, the patient queue, i.e., the waiting list for surgery, is 
viewed as the surgery demand. Let us review a quite common 
sequence of steps for processing a patient within the Swedish 
healthcare system: typically, the patient begins by contacting the 
general practitioner. If deemed necessary, the patient is then referred 
from the general practitioner to the hospital (specialist) care. The 
referral is assessed by an expert, e.g., a surgeon specialist. The patient 
is then, according to medical priority, put on wait for an appointment 
to meet a surgeon with the appropriate subspecialty. Next, the patient 
meets the appointed surgeon at the outpatient clinic, i.e., the hospital 
care, and together they decide upon treatment, e.g., surgery. If 
surgery is decided, the patient is added to the patient queue for 
surgery, again according to medical priority. At this point, when the 
patient has been added to the waiting list, the accumulated elective 
surgery demand in terms of number of patients can be estimated and 
hence provide information to facilitate and improve surgery 
management. 
 
As stated above, the patient is usually referred from the general 
practitioner to hospital care. A patient referral contains information 
that indicates the need for hospital care and this information is 
differently structured depending on the medical needs. In practice, 
these needs can be viewed as the forthcoming patient demand at the 
hospital, analogous to a volume of orders. Today, the structure of 
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referrals is very much up to the general practitioner who is referring 
the patient. This implies that the data provided to the hospital can 
vary extensively between cases. We suggest that, by enforcing a 
certain structure on the referral data, it may be possible to make early 
predictions about the patient demand. Such predictions could then be 
used as a basis for managing resources more efficiently, e.g., surgery 
management, to increase hospital productivity. 
 

 
 

 
Fig. 1.    The surgery demand.  Several departments are managed by the surgical suite, 

which  is responsible for operating room  scheduling and  resource allocation. 

6.1.1 Aims and Objectives 
We investigate whether it is possible to make predictions about the 
elective surgery demand by generating prediction models from 
surgery indicator variables that could be included in a structured 
referral. To find out which indicator variables are suitable we analyze 
data mining based models that are automatically generated from 
patient records in combination with surgery related statistics and the 
associated known outcomes. We argue that, if these predictions can 
be performed at the referral stage, the resource management and 
productivity related to surgery can be improved. 
 
This work is an extension to a preliminary study [1] in which we first 
introduced the problem and our approach. We collaborate with 
domain experts from the Department of Orthopaedics at Blekinge 
hospital in Sweden and have gathered a small database of information 
extracted from patient records and the surgical suite. The idea is to 
provide a proof of concept and to perform initial validations of our 
theoretical models by using empirical data from the orthopaedic 
department. 
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6.1.2 Outline 
The remainder of this paper is organized as follows: first, we describe 
the problem more thoroughly from a healthcare point of view. We 
then review related work. In Sect. 6.3 our approach to address the 
problem is described and this is followed by a theoretical analysis. 
Finally, we perform an experiment in Sect. 6.4 discuss the results of 
the experiment in the subsequent section, and at the end present 
conclusions and some pointers to future work. 

6.2 Background 
In Sweden, there is an intense debate about, and work conducted on, 
the systematization and standardization of patient records, as well as 
of patient referral procedures from the general practitioner to hospital 
care. Consequently, the discussions about this referral standardization 
are of great interest for both the general practitioners and the hospital 
care. 
 
The hospital care wants the referred patients to be more extensively 
and suitably examined on by the general practitioner. In turn, the 
general practitioners require guidelines about which examinations 
should be conducted before referring a patient.  In addition, an 
examination could give valuable information on whether a patient 
should be referred or not. This is an interesting and delicate subject in 
Sweden today since the budgeted cost are separated between the 
general practitioners (primary care) and the hospital care and if the 
general practitioners are being forced to increase their number of 
examinations, their cost will also increase. 
 
In theory, this problem may seem to have a trivial solution. However, 
considering the fact that the causes for, and data provided in, the 
patient referral can be quite dissimilar between different cases; this 
instead implies that the problem is not easily solved in practice. 
 
Additionally, a recent study conducted in Sweden reveals that 
patients with identical diagnoses from two geographically close 
Swedish counties were managed using significantly different 
measures by the county hospitals [2]. The study presents a variable, 
denoted surgery indication, which can be calculated given the 
appropriate information for different types of surgeries. However, 
they note that most referrals or patient records presently do not 
include the information necessary to calculate surgery indication. 
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6.2.1 Referral Contents 
The main question is what kind of information should be included in 
the patient referral. This is indeed an interesting and difficult 
question. Despite the fact that a patient referral is strongly related to 
the symptoms and/or disorder/disease of the patient, the possibility of 
relying on diagnosis codes may be dismissed for two primary 
reasons: firstly, the patient might not have been given a diagnosis 
because the general practitioner has not been able to identify the 
disorder/disease with any degree of certainty. In many cases this is 
after all partly the motivation for having the patient referred to the 
hospital care. Secondly, the diagnosis of a patient may not in itself 
provide the necessary information on how to treat a patient. In other 
words, a diagnosis is a description of what is wrong rather than a 
description of how to treat a patient. There are often several 
additional variables of interest that need to be known in order to 
provide effective treatment. Consequently, such variables would also 
be of interest when trying to predict future healthcare demand. The 
diagnosis, if available, is of course still an important variable. 
However, the question is which additional variables are important for 
different types of cases and how information about these variables 
may be extracted. Let us review an example case, where the 
described problem occurs. Consider a patient, referred from a general 
practitioner to an orthopaedic department at the hospital (as 
visualized in Fig. 2). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. A conceptual view of the studied healthcare process. The referrals from general 
practitioners are  submitted to the hospital care. 
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One of the main interests of the orthopaedic department is that of 
knowing or being able to quickly find out what type of subspecialty is 
required, e.g., hip, knee, back, and so forth. Additionally, it is crucial 
to determine whether the patient needs surgery or not. In order to 
determine this, prerequisite medical examinations have to be 
conducted. Many of these medical examinations can be performed by 
the general practitioner. This may also be beneficial in terms of cost 
since hospital care is more expensive. Moreover, the patients will be 
prevented from burdening the surgery waiting list if the results of the 
medical examinations contraindicate surgery or if the prerequisite 
medical examination is incomplete and therefore has to be 
complemented at the hospital, which might lead to longer waiting 
times. 
 
It also seems that the number of patients having orthopaedic surgery 
in comparison to the patients referred to the hospital care is lower 
than preferred. A small case study performed at the department of 
orthopaedic surgery at Blekinge hospital suggests that only 30-40% 
of the referred patients are having surgery. There will always be a 
certain amount of patients for which the decision about surgery 
cannot be determined accurately before specialist care. Moreover, 
some patients need a second opinion or other treatments than surgery 
at orthopaedic specialist care. Experience tells us that these two 
groups represent approximately 20-30% of the total number of 
referred patients. In order to achieve cost efficiency and minimize 
patient waiting time, the amount of patients that are having surgery 
should then be close to 70-80% of the total number of referred 
patients. 
 
Which type of information is determined to be necessary in order for 
the Orthopaedic Department or the surgeon to be able to accurately 
predict the probability of surgery, depends on the particular case. 
Each subspecialty requires a different set of data. However, we point 
out that all subspecialties have a collective need for several types of 
general data, such as: age, sex, and certain laboratory test results. 
 
If it would be possible to determine the necessary information for a 
set of generic problems, e.g., hip, under which more specific 
problems can be sorted, e.g., hip arthrosis, it seems plausible to 
assume that the surgery prediction can be made more accurately. If 
sufficiently good predictions can be made, the upcoming surgery 
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demand for different types of surgery can be estimated. This means 
that a more efficient resource planning can be performed. 
 
If one type of surgery seems to increase in demand, certain actions 
can be taken to prevent waiting list congestions, e.g., operating room 
planning, scheduling of surgeons and/or more long-term actions like 
directions for education or employments to meet the approaching 
surgery demand. Instead of traditional waiting list management where 
the number of patients simply are counted to indicate future demand, 
we point out the advantages of considering the aggregated future 
patient demand in terms of surgery or no surgery, surgery duration, 
and surgery recovery when performing the resource planning. 
 
This is also considered by Persson and Persson [3], where the 
problem of how to allocate the resources of surgeons between 
appointment and surgery in order to minimize total patient waiting 
time, is addressed. In their study, the first estimates of patient surgery 
demand are assumed to be made already at the referral level. 
 
Accordingly, we want to find out which variables are of interest for 
an orthopaedic department in order to perform predictions about the 
future patient demand. We refer to these variables of interest as 
indicator variables. It should be observed that these predictions are by 
no means meant to serve as a substitution for the visit to the 
outpatient clinic. A physical visit at the outpatient clinic to meet the 
surgeon before surgery is in most cases a prerequisite for surgery (or 
other types of treatment). Indeed, the visit is also vital for patient 
trust. We have identified three target variables that are of great 
importance when making patient demand estimations: 
 

• need for surgery (or probability of surgery),  
• surgery duration, and  
• surgery recovery or patient length of stay. 

 
Consequently, we strive to identify which types of patient data have 
the potential to be good indicator variables for these three target 
variables. Obviously, if the probability of surgery is determined to be 
low, the two remaining variables are not of interest for the 
Orthopaedic Department. In the presented study, we focus on 
predicting the need for surgery. 
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6.2.2 Related Work 
Throughout the last decades, quite a few studies have been conducted 
within the relatively new scientific field of healthcare management. 
Earlier, there has been a contrast between the rather haphazard 
approach of healthcare management and the more scientific approach 
related to the medical profession [4]. However, the field is now 
headed towards, what can be described as, evidence-based healthcare 
management. 
 
The diversity of the healthcare management area is shown by the 
number of research directions and methods used as well as the broad 
field of application areas [5-7]. Due to the many situations of 
uncertainty in healthcare (e.g., patient arrival, emergency cases and 
complications), different simulation techniques are widely used to 
study patient demand and waiting list management [6,8]. One 
application area of particular interest to the operations research field, 
besides healthcare management in general, is the management of 
operating room scheduling [5,9]. A number of different mathematical 
models are described in an attempt to analyze the complexity of 
operating room planning and scheduling. Another area of research 
relevant to healthcare management is healthcare informatics, which is 
about applying methods from, e.g., computer science, data mining, 
and statistics on different types of data to develop decision support 
systems that can improve healthcare management [10]. 
 
Data mining methods in general have been studied extensively in this 
respect [11,12]. However, studies about data mining-based 
approaches to waiting list management, and surgeon or operating 
room scheduling, are scarcer. One of the existing studies related to 
operating room scheduling compares the performance of four 
different machine learning techniques [13]. Many types of input data 
were collected for this study. However, potentially important 
variables such as age, sex, and morbidity, were left unused. 
 
It is important to stress that most studies about operating room 
planning and scheduling are focusing on the patients that are already 
up for surgery. On the contrary, our paper investigates the possibility 
to make predictions about the patient demand for surgery much 
earlier; namely at the referral stage. As the total amount of referrals 
constitute the outpatient waiting list, this work also considers aspects 
of waiting list management, which is a well-studied phenomenon in 
healthcare management [14,15]. Vissers et al. [16] present a sound 
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waiting list analysis based on four different levels of mechanisms that 
are described to underpin the problem of waiting list management. 
However, their study assumes that waiting lists represent the actual 
demand of service. Not only do we address the problem of assessing 
the actual demand of service given a certain waiting list, we also 
suggest the generation of prediction models that may assist the 
general practitioner in the referral process. 
 
To our knowledge, the problem of predicting the probability or need 
for surgery based on referral data and patient records has not been 
studied previously. 

6.3 Approach 
We will now suggest an approach for solving some of the main 
problems discussed in the previous section. The motivation for this 
approach is primarily based on the fact that large amounts of 
potentially useful data about patients, procedures, and consumed 
resources are stored in the hospital databases. These data can quite 
possibly be associated with information about, e.g., the outcomes of 
treatments and decisions about whether to perform surgery or not. In 
the context of a major restructuring project related to surgery 
management at Blekinge hospital, this approach was introduced and 
received great interest. 
 
Let us review the case under study: Blekinge hospital, which is a 
medium sized hospital in southeast Sweden, stores several types of 
structured data about the managed patients. At the surgical suite, 
additional, possibly important, stored data include: the type of 
surgery, as well as the duration of the surgery among several other 
data related to surgery, e.g., anaesthesia methods and surgery 
preparation. Moreover, a number of variables are stored in the patient 
records, e.g., diagnoses, drug treatments, whether surgery was 
decided upon for a certain problem, length of stay, and so forth. 
However, the patient record data is presently unstructured, i.e., a 
patient record is stored as a digital text document. 
 
We hypothesize that patterns may exist in the patient record data that 
can be used together with data from the surgical suite to predict the 
occurrence, type and, duration of surgery and recovery. Such 
predictions could then be used by the surgeon specialist (here, 
orthopaedic specialist) and surgery managers to schedule resources in 
terms of, e.g., staff, operating rooms, and beds more efficiently. 
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If the described patterns exist, it would be possible to generate 
surgery prediction models and surgery outcome prediction models. 
From these models, we may then extract indicator variables that 
could be included as required inputs for a structured referral. Of 
course, the generated models could then be used to predict the 
probability of surgery at the referral level since the variables needed 
for making the prediction have been included in the referral. In 
summary, we conclude that a machine learning-based data mining 
approach seems to be quite suitable for this purpose. In particular, 
there is one type of technique that could be useful to employ. 

6.3.1 Supervised Learning 
If our assumptions are correct, it would be possible to apply 
supervised learning algorithms for the task of generating classifiers, 
i.e., by generalizing from patient record data and the associated 
occurrence, type, duration of surgery and recovery for known cases. 
A classifier is a generated model that can categorize a certain type of 
data into a discrete number of classes. Many types of classifiers are 
also able to output probabilities for the complete set of classes [17]. 
These probabilities may be used by the domain experts, e.g., the 
surgeon specialists, to reason about which decision to make when 
presented with several possible options. For example, it would most 
certainly be beneficial for a surgeon specialist to know that the 
predicted probability of the need for surgery is 0.48 (i.e., a borderline 
case) as opposed to just knowing that the predicted action is to not 
perform surgery. 
 
Generally, a supervised learning algorithm is given a data set that 
features inputs and the associated output. The objective is then to 
generalize from these known observations of input and output. The 
resulting generalization is represented either by a classifier, if the 
output is discrete, e.g., the need of surgery (true or false), or a 
regression function, if it is continuous, e.g., the duration of recovery. 
 
The input variables, or attributes, of a data set can be represented 
using different data types out of which two of the most frequently 
employed are the nominal (discrete) and the numeric (continuous) 
type. More formally, we say that a data set is made up by a set of n 
instances, X=x1, ..., xn}. In order to generalize from the results of the 
experiments, we theoretically assume that X represent a set of 
independent and identically distributed instances drawn from the 
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same underlying distribution, which we may represent by the 
theoretical set, Z, consisting of all possible instances of the problem. 
Each instance, xk, is labelled with a class, yk∈Y, where Y={y1, ...,ym}. 
In practice, the class labels for the instances are represented by a 
(nominal) target attribute. 
 
A generated classifier, i.e., a model, m:X→Y, may be used to predict 
the class, y’k∈Y of any provided instance, xk. The objective is to find 
a model where y’k=yk for all instances of Z. Since we will never get 
access to Z in practice, we instead seek a reasonable estimation of the 
performance on Z. In order to evaluate this (generalisation) 
performance it is crucial to divide the known data set, X, into subsets 
of data that can be used for training and testing the generated models, 
respectively. Naturally, these subsets should be disjoint. Otherwise, 
the performance estimate may be overly optimistic [18]. For example, 
X can be divided into two subsets, Xtest and Xtrain, where Xtest ∩ Xtrain 
=∅. We generate m from Xtrain and assume that X⊂Z and that an 
evaluation result obtained on Xtest is a reasonable estimate of the 
performance on Z. 

6.3.2 Theoretical Modelling 
It would of course be interesting to generate a data set using existing 
referral data as the input and the occurrence of surgery as the output. 
We could then generate models that predict the occurrence or 
probability of surgery given the referral data. However, this only 
works in theory today since the currently used referrals are still 
represented by unstructured text, meaning that one would first need to 
extract pieces of information from these documents to transform them 
to structured representations, i.e., databases that could be mined. Of 
course, one could always employ text mining techniques on the 
unstructured data in order to extract useful information [19]. 
However, the lack of structure is not the only problem, as we have 
already discussed: the main problem associated with the referrals is 
that they do not necessarily include the type of information requested 
by the specialist. 
 
Instead, we would like to approach this problem from another angle 
by trying to find out what kind of information is indeed required by 
the hospital care for different types of referrals. From a surgeon 
specialist, we may obtain a set of generic referral types, R={r1, ..., 
rn}. For each type, we need to gather data from a large set of patients. 
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Subsequently, for each patient, i, we need to obtain data about the 
target variable that is to be predicted at the referral stage. For 
example, we may obtain data from the hospital patient records about 
whether or not a surgery was carried out, si. Once we have gathered 
this data, it may even be possible to perform clustering to generate 
additional generic referral types; referral type definitions. A similar 
approach has been used to generate patient type definitions [20]. 
 
The difficulty lies in deciding on which input variables to include 
from the set of patient record variables, V, and this is indeed what we 
want to investigate, i.e., which variables, Vr, are good indicators of s 
for a certain referral type, r. Whether or not V represents the complete 
set of patient record variables or a subset, we would like use V as the 
set of input attributes, and s as the target attribute when applying the 
supervised learning algorithms. Our assumption is then that Vr can be 
extracted from the generated models on the condition that they are 
accurate in their prediction of s. 

6.3.3 Models for Structured Referrals 
If it is possible to generate accurate models for the prediction of s, the 
variables from Vr can be used as a basis for structuring the referral of 
type r. Consequently, the general practitioner would know which 
pieces of information need to be included in each specific type of 
referral. In fact, it would even be possible to design a software-based 
referral system, using domain expert knowledge. In this system, the 
general practitioner would specify the type of referral and in return 
the software application would describe what kind of information the 
general practitioner needs to provide and which tests and 
examinations to perform. Additionally, this type of interactive 
referral system may help the general practitioner in obtaining a better 
understanding of which possible actions e.g., surgery, that are needed 
to treat the patient and in taking decisions on whether it is useful or 
not to refer the patient. See Fig. 3 for an overview of the problem. 
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Fig 3. Models for structured referrals 

6.3.4 Prediction Models for the Surgical Suite 
Predicting whether surgery should be performed, or estimating the 
probability of surgery, at the referral stage would simplify resource 
allocation and staff management at the surgical suite and the 
orthopaedic department since it would allow the surgeon specialist to 
rule out patients with a low predicted probability of surgery in order 
to decrease the patient queue. However, the patients that are likely to 
need surgery would still pose a difficult problem of optimization and 
resource allocation. 
 

6.3.5 Algorithm Selection 
When presented with the task of constructing models for structured 
referrals, we first need to generate accurate surgery prediction models 
from data available in the various hospital databases. As suggested 
earlier, we may then extract suitable surgery indicators for each 
specific referral type from these prediction models. The set of 
identified indicators for each referral type (along with any known or 
uncovered relationships between them) would serve as a basis for 
constructing the structured referral models. 
 
The first step in the data mining process would be to generate a data 
set that includes all possible variables that may be correlated with the 
target variable from the existing hospital databases. Feature selection 
can then be used in order to systematically reduce the effect of the 
curse of dimensionality and to generate robust prediction models. 
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With regard to the task of generating surgery prediction models, we 
have already indicated the possible benefit of using classifiers that are 
able to output probabilities in addition to the actual classification 
since this additional information may be used to make a more 
informed decision, e.g., about whether to perform surgery or not. 
Coincidentally, both of these tasks require the generation of surgery 
prediction models. However, the intended uses of the prediction 
models differ between the tasks. 
 
For the second task, the goal is the prediction model itself. The 
intended use of this model is to serve as decision support for the 
surgeon specialist when allocating resources and scheduling 
personnel. Considering this intended use, we hypothesize that a 
human understandable (interpretable) model might be more valuable 
than one that is overly complex or opaque (assuming that both 
models are equally accurate in their predictions). 
 
For example, neural network-based models or ensemble models, 
although accurate and robust for many domains, are generally 
considered as being opaque and incomprehensible. However, there 
are some possible approaches available to remedy this issue, e.g., by 
extracting transparent and comprehensive rule sets from the 
generated (opaque) models [21]. A more common approach is to 
make use of learning algorithms that are able to generate interpretable 
models, e.g., decision tree inducers or rule-based learners, although it 
is important to recognize the fact that the models generated by these 
learning algorithms are not always interpretable. For example, we 
may generally regard tree-based models as an intuitive means for us 
to understand the decision process but if the tree structure is too 
complex (e.g., because of the high number of nodes, the existence of 
reoccurring sub trees, and so on) it might be time consuming or even 
impossible to understand the decision process. 
 
For the first task, the model is merely used as a means to identify 
potential indicators that can be used as a basis for constructing a new 
referral system. Thus, we do not need to restrict ourselves to using 
learning algorithms that generate interpretable models. It is 
important, however, that we are able to understand (and perhaps 
rank) the importance of different input variables in predicting the 
target variable. 
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Up until now, we have presented the problem domain, our approach 
to solve two related problems in this domain, and we have also 
discussed some important aspects to consider when applying 
supervised learning in the domain. In order to further show the 
applicability of our approach, we will present a small experiment 
performed on real data from Blekinge hospital. This experiment is 
limited to the task of generating surgery prediction models from 
patient records. 

6.4 Experiment 
In this section, we first explain the process of data collection and 
preparation. We then motivate our selection of supervised learning 
algorithms and their configurations. Finally, we present the results of 
the experiments and finish off with some discussions. 

 
Table 1. Data Set Statistics 
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6.4.1 Data Collection 
We review the records of all new referrals seen at the outpatient 
clinic in the Department of Othropaedics at Blekinge Hospital during 
two subsequent months in 2008 with the ICD10 diagnosis M16 
(Coxarthrosis, arthrosis of the hip). A total of 80 complete patient 
records were identified and their data included in the study.  

6.4.2 Data Preparation 
Information was gathered for both the surgery prediction case and the 
surgey outcome prediction case described earlier. The complete list 
of variables can be viewed in Tab 1. Certain variables (age, sex) are 
of a general character and not specific for the type of patients 
included in this study while other variables are more specific for 
patients undergoing hip joint surgery. 
 
The walking aid variable indicates the level of aid needed for 
walking. A patient may be able to walk with; no aid (0), a cane (1), 
crutches (2), a walking frame (3), or he/she needs a wheel chair (4). 
Similarly, the walking distance variable indicates the distance a 
patient can walk. We discretisize this variable according to the 
interval: <300 meters (short), <1 kilometer (medium), >= 1 kilometer 
(long). 
 
The b-hemoglobin (b-hb) and s-creatinine (s-krea) laboratory test 
variables give the level of hemoglobine and creatinine, respectively.  
 
The flexion, inrotation, and outrotation variables represent different 
indicators of hip mobility. The patient records contained the degree of 
mobility for each of these variables. We discretisize the variables by 
the following intervals for inrotation and outrotation: 0 degrees (no), 
<=10 degrees (some), >10 degrees (yes), and the following interval 
for flexion: <90 degrees (no), >= 90 degrees (yes). 
 
The side variable indicates if it is the right, left or both hip joints that 
are affected. The pain duration variable gives the time the patient 
estimates he/she has been experiencing pain from the affected joint. 
The had surgery variable indicates whether the patient has previously 
had his contralateral hip joint replaced with a joint prosthesis. We 
discretisize pain duration according to the following interval: <1 year 
(short), >= 1 year (long). The had surgery variable indicates whether 
the patient has previously had hip surgery (yes or no). 
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The type of residence (residence), whether the patient lives at home 
(living home), and whether the patient uses home help service (home 
help), are associated with the living conditions of the patient. 
residence may be either apartment or house while the two other 
variables can be either yes or no. 
 
The x-ray variable (xray) indicates the grade of osteo-arthrosis as 
seen on an AP pelvic radiograph according to the Kellgren-Lawrence 
scale [22], which is a five-grade scale with the following possible 
grades: 0 (none), 1 (doubtful), 2 (minimal), 3 (moderate), and 4 
(severe). The ECG variable (ecg) indicates the results of the 
electrocardiogram analysis, according to the following ordinal scale: 
normal, suspected pathologic (borderline), and pathologic. 
 
The ASA variable (asa) is the patient's physical status classified 
according to the American Society of Anesthesiologists classification 
system. The ASA system is made up of six categories. Grade 1 is a 
normal, healthy patient. Grade 2 is a patient with a well-controlled 
disease of one body system but without functional limitations. Grade 
3 is a patient with a controlled disease of more than one body system 
or one major system, with some functional limitations. Grade 4 is a 
patient with at least one severe disease that is poorly controlled or at 
end stage. Grade 5 is a patient in imminent risk of death. Grade 6 is a 
declared brain-dead patient whose organs are being removed for 
donor purposes. 
 
The surgery and length of stay variables indicate whether surgery was 
carried out (yes or no) and the number of days of hospitalization, 
respectively. 
 
Table 1 contains the 23 variables, of which 4 are numeric and 19 
(including the target variable) are nominal. As we are limiting this 
article to just the surgery prediction case, then only 10 of these 
variables (indicated by an asterisk) are used for each instance.   

6.4.3 Algorithm Choice and Configuration 
The focus of this study is not to find the most appropriate 
algorithm(s) for solving the problem at hand but rather to study some 
possible algorithm candidates by investigating some of the previously 
highlighted aspects that need to be considered. Due to this fact, we 
choose to include a variety of algorithms from different learning 
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paradigms, e.g.: decision trees, decision rules, function-based 
algorithms, Bayesian learners, and so on. The selected algorithms and 
their configurations are presented in Tab. 2. 
 
We use algorithm implementations from the Weka machine learning 
workbench version 3.6.0 [18], which is an open source environment 
that includes a large set of algorithms as well as methods for 
evaluation and analysis. As can be seen in the table, we use the 
default Weka configurations for all algorithms, except IBk, for which 
we changed k=1 to k=10 since k=1 is rather prone to overfitting and 
k=10 is usually regarded as a resonable setting [18]. In addition, we 
opted to include the best performing algorithms from a preliminary 
experiment into the Stacking ensemble (see the table notes in Tab. 2) 
and we use IBk as a meta learner for the Stacking algorithm. 
 

Table 2. Learning Algorithm Configurations 

 

6.4.4 Evaluation 
Before reviewing the evaluation metrics used in the experiment, we 
start by introducing some important concepts of classifier 
performance. A classification problem can involve learning how to 
distinguish between objects of any number of classes. However, a 
common case, which applies to our data set, is when the objects 
studied are of two classes. We refer to this particular case as the 
binary classification problem. 
 
When studying this problem, we commonly select one of the classes 
and refer to it as the main class. The observations belonging to this 
class are called positives (P) and the remaining observations are 
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negatives (N). Furthermore, we distinguish between the class labels 
assigned to the observations in the data set and the class labels 
assigned by a particular generated classifier. If the classifier assigns 
the correct label to an observation, we refer to the classification as 
being true (T). Likewise, if an incorrect classification is performed by 
the classifier, we label it as a false (F) classification. Using this 
terminology, we may now define a number of basic metrics, as shown 
in Tab. 3. In this table, we also relate the outcomes of the target 
variable, surgery∈{yes,no}, to the basic metrics. 
 

Table 3. Basic Performance Metrics 

 
Classification Accuracy (ACC) is still a commonly used evaluation 
metric in machine learning and data mining applications [18]. 
However, this metric assumes an equal class distribution and 
misclassification cost. These assumptions are rarely true for real-
world applications [33]. For example, the cost of classifying an ill 
patient as healthy may be more costly that the other way around. 
Regarding class distribution; when we study a database of patients in 
order to detect the presence of diabetes type II, the number of 
observations with this diagnosis may be far lower than the number of 
observations with diabetes type I or no diabetes at all. 
 
Despite its apparent shortcomings, we still include ACC as a 
reference metric, since it is an intuitive and widely applied metric that 
can be useful if its issues are taken into consideration. However, more 
importantly, we also make use of some complementary metrics for 
evaluation. Firstly, we include the Area Under the ROC Curve 
(AUC) as our main metric [34]. AUC has been empirically shown to 
be more suitable than accuracy for many applications. It does not 
depend on an equal class distribution or an equal distribution of cost. 
AUC is a single-point measure derived from a Receiver Operating 
Characteristic (ROC) curve. ROC analysis was first introduced by 
Egan [35] to analyze the false alarm / hit rate in radar detection. It has 
since been introduced to the machine learning community [36] and it 
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is now widely regarded as a suitable approach to analyze and evaluate 
classifier performance. 
 
As mentioned in Sect. 6.3.1, the available data set should be divided 
into disjoint sets that are used for training and testing, respectively. 
This is to avoid a situation in which the results may be overly 
optimistic, which can occur if the models are evaluated on the same 
data that were used for generating the models. Since our available 
data set is rather small it makes sense to use a statistical resampling 
technique instead of dividing the data set into two disjoint sets. A 
resampling technique provides us with the possibility to 
systematically generate multiple disjoint training and testing sets. For 
our particular study, we use 10-fold cross-validation [37] for 
resampling. 

6.4.5 Results 
The experimental results are presented in Tab. 4. The network 
learners, MultilayerPerceptron (MLP) and BayesNet, outperformed 
the remaining algorithms in terms of AUC. The classifier generated 
by BayesNet also achieved the lowest amount of false positives. The 
two lowest performing algorithms, according to both the ACC and 
AUC metrics, were the rule learner (Ridor) and the decision tree 
inducer (J48). However, in both cases, the poor AUC performance is 
mostly attributed to a high amount of false negatives. The number of 
false positives achieved by Ridor and J48 is comparable to the other 
algorithms. 
 
Next, AdaBoostM1 and IBk performed similarly, slightly 
outperforming each other on AUC and ACC, respectively. Stacking, 
SMO, and Logistic performed mediocre in terms of AUC while the 
first two (Stacking and SMO) were top scorers in terms of ACC. All 
algorithms outperformed ZeroR, which is the baseline classifier, in 
terms of both AUC and ACC. ZeroR generates a default rule that 
classifiers all instances as belonging to surgery=yes. 
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Table 4. Average performance results for AUC and ACC (means and standard deviations) as well as the 
approximate number of TPs, FPs, TNs, and FNs from ten 10-fold cross-validation runs 

 

6.4.6 Discussion 
We will now perform an analysis of the results presented in Sect. 
6.4.5 and then we continue by discussing some of the implications of 
this analysis from the point of view of the domain experts. 
 
6.4.6.1 Analysis of Results 
It is evident that network learners generate the best classifiers, at least 
for this particular set of algorithms and data. Not only did BayesNet 
and MLP outperform the other algorithms in terms of AUC; 
BayesNet also yielded the lowest amount of false positives as well. In 
our case, this is particularly important since false positives represent 
patients for whom the incorrect prediction was to not proceed with 
surgery. 
 
SMO performed poorly in terms of AUC but it generated the best 
performing classifiers according to ACC. The poor AUC 
performance of SMO, could perhaps be explained by the fact that 
SMO is not designed to predict probabilities [38]. MLP and Stacking 
did also manage to achieve good ACC scores, which is mostly 
attributed to the low number of false negatives. 
 
All algorithms, except J48 and Ridor, significantly outperformed the 
baseline classifier (p<0.01) in terms of AUC, according to a two-
tailed corrected paired t-test. With regard to the area under the ROC 
curve, the baseline classifier can be regarded as a model of a random 
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guesser. Thus, the statistical test lets us conclude that it is quite 
possible to find potential surgery indicators, i.e., correlations between 
the patient data and the target variable. However, because of the 
small amount of data, it is not possible to draw conclusions about 
whether these particular indicators would be suitable in the general 
case, i.e., that the discovered correlations are approximately identical 
to those that would be found on a larger sample from the same 
hospital or on samples from other hospitals. 
 
Interestingly, J48 and Ridor performed poorly in the experiment. 
However, a J48 decision tree generated from the complete data set 
exhibits the use of indicators that are intuitively correct for a real-
world situation (see Fig. 4). The performance on the training set is, 
not surprisingly, high but an additional test set from a larger sample 
would be needed to get a credible performance estimate. Similarly, 
the rules generated by Ridor for the training set seem to be intuitively 
realistic as well, as can be seen in Tab. 5. 
 

Table 5. Ridor rule and exceptions to the rule, as generated from the complete data set 

 
From a practical perspective, the false positives rate is too high. 
However, our general assumption is that this partly depends on the 
small amount of observations (and relatively large amount of input 
variables). An additional factor is no doubt the large number of 
missing values for each variable (ranging from 23-55 per cent). The 
negative impact of this factor could most likely be reduced by 
examining a larger set of patient records since one can adhere to a 
lower tolerance when omitting patient records on the basis of the 
amount of missing values. 
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Fig 4. J48 decision tree generated from the complete data set. The terminal nodes 

indicate whether surgery should be performed 
 
Moreover, in our study, it was necessary to minimize the number of 
categories for nominal variables since the inclusion of variables with 
a high number of categories could result in a loss of generality in the 
data, i.e., some combinations of a certain outcome of the target 
variable and a specific value of a specific input attribute would 
appear very infrequently. However, when decreasing the number of 
possible categories for a nominal variable, great care has to be taken 
both to ensure that the new categories are meaningful to the domain 
expert and that they do not result in a decrease in classification 
performance. 
 
It should also be pointed out that false negatives (incorrect 
recommendations to perform surgery) can also be costly for the 
healthcare even though false positives arguably represent a higher 
cost (both financially and for the patient's well-being). We argue that 
the number of false negatives achieved by the included algorithms 
(ranging from 6 to 13 cases) is quite acceptable in relation to current 
practice. For example, the studied data set includes 80 referred 
patients and only 49 of these patients had surgery, indicating 31 false 
negatives. 
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6.4.6.2 Implications 
The aim of this paper is to present an approach to solve, at least 
partly, the problem of predicting patient demand. Our approach is to 
predict, at the referral stage, whether or not patients need surgery. 
The approach is based on the assumption that accurate predictions 
about whether to perform surgery would serve as valuable input when 
estimating the patient demand at the hospital. Since the surgery 
prediction can be conducted at the referral stage, the patient demand 
can be estimated very early compared to current practice. 
 
Presently, the referrals are written as (unstructured) text documents. 
In fact, even the patient records are represented by unstructured text 
documents. Today, the referrals may be very brief and perhaps 
consist of a single statement or question addressed to the specialist. 
Obviously, it is difficult not to say impossible to accurately predict 
the need for surgery from this kind of information. One of the main 
difficulties in structuring different types of referrals (e.g. for various 
types of surgery or treatment) is that there is little or no consensus 
about which pieces of information should be included. 
 
Conversely, in order to predict whether surgery should be performed 
or not, we need access to information that is currently only available 
in non-tabulated form in the patient records. To generate the 
prediction models we also need access to retrospective data about the 
real outcome (whether surgery was carried out or not) for a large 
group of patients as well as their patient records. 
 
The idea is that, if our approach works well, it would be possible to 
extract surgery indicator variables from the generated prediction 
models. These surgery indicators could then be used as a basis for 
defining what information should be included in the referral. In the 
medical domain, work is already on-going to establish suitable 
indicators for different types of surgery or treatments. This work is 
mainly conducted on a national level but it is distributed across 
interest groups for different surgery types, e.g., cataract surgery [39]. 
We regard our approach, not as an alternative but, as a complement. 
 
Our experiment, although conducted on a small sample of patients, 
has shown the applicability of our approach. Nevertheless, we need to 
gather a larger set of observations to further validate the approach. If 
we can increase the general performance and more specifically 
reduce the number of false positives, we hypothesize that this method 
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could in fact be used in a real-world context. However, it is important 
to recognize that our approach should only be regarded as a decision 
support tool for domain experts. The generated prediction models do 
not represent a substitute for human knowledge of the problem 
domain. We do not suggest that this approach should replace the 
opinion of the domain expert in the decision about whether to 
perform surgery or not. 
 
The objective of our approach is merely to help estimating the patient 
demand more accurately and at an earlier stage. This way, the 
problem of operation room planning and scheduling may be 
simplified and the results may be more accurate. 
 
A secondary, but nevertheless important, aim of our approach is that 
it can be used by domain experts to periodically validate decisions, 
e.g. on whether surgery should be performed. For example, if a 
minority of the orthopaedic specialists at a particular hospital take 
decisions that are not correlated with the recommendations of the 
prediction models it might be possible to use the models to analyze 
the reasons behind wrongful decisions. 

6.5 Conclusions and Future Work 
This paper investigates issues related to the management of patient 
referrals from general practitioners to hospital care. In short, we 
begin by hypothesizing that hospital productivity could be increased 
if the surgical suite and the orthopaedic department would be able to 
predict the patient surgery demand at an earlier stage than what is 
possible today. We then suggest supervised learning as an approach 
to find patterns in patient and surgical suite records that could be used 
to predict whether a certain patient would need surgery and, if so, 
what would be the duration of the surgery and the subsequent 
recovery. 
 
From the models generated by the supervised learning algorithms, we 
further assume that it is possible to extract information about which 
variables are good indicators for a particular type of referral. Our 
conclusion is that such a list of indicators, given for each referral 
type, would provide a good basis for developing a software-based 
patient referral system in which the general practitioner may specify 
the referral type and in return receive advice about which information 
to include in the referral. 
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We have obtained 80 patient records from the orthopaedic department 
at Blekinge hospital in Sweden. All records have been manually 
examined to extract a number of possible indicators, as well as 
additional variables of possible explanatory value. After careful 
review of each record, the extracted variables have been compiled 
into a data set in which each instance is described by 10 variables. 
We experimentally compare ten supervised learning algorithms on 
the problem of generating prediction models from this data set. Eight 
algorithms significantly outperformed the baseline. Thus, our 
conclusion is that our approach is viable. However, the number of 
false positives is too high for practical use. We assume that this is in 
large part due to the small number of instances and the large number 
of missing values. Nevertheless, there is a need to further study which 
variables should be included in the data set and how to discretisize 
these variables. 
 
For future work, we intend to further establish our theoretical models 
of the studied problem and validate these models empirically by 
performing extensive experiments on a larger data set of hip arthrosis 
patients. We will also extend our investigation to include additional 
types of referrals. Moreover, the overall objective is to use surgery 
prediction models as a means for providing input to our simulation of 
operating room scheduling. We would also like to investigate 
whether it is possible to associate our data with information from the 
surgical suite in order to generate models that can predict the 
outcome of surgery, e.g., recovery time, length of stay, and so forth. 
 
Finally, we intend to select a smaller number of suitable supervised 
learning algorithms to perform careful parameter tuning and analysis 
in order to gain more understanding of the problem, increase 
classification performance, and more specifically decrease the 
number of false positives. 
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Abstract 

 
Abstract. This paper provides a survey and analysis of applications 
of Agent Based Simulation (ABS). A framework for describing and 
assessing the applications is presented and systematically applied. A 
general conclusion from the study is that even if ABS seems a 
promising approach to many problems involving simulation of 
complex systems of interacting entities, it seems as the full potential 
of the agent concept and previous research and development within 
ABS often is not utilized. We illustrate this by providing some 
concrete examples. Another conclusion is that important information 
of the applications, in particular concerning the implementation of the 
simulator, was missing in many papers. As an attempt to encourage 
improvements we provide some guidelines for writing ABS 
application papers.  
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7.1 Introduction 
 
The research area of Agent Based Simulation (ABS) continues to 
produce techniques, tools, and methods. In addition, a large number 
of applications of ABS have been developed. By ABS application we 
here mean actual computer simulations based on agent-based 
modelling of a real (or imagined) system in order to solve a concrete 
problem. The aim of this paper is to present a consistent view of ABS 
applications (as they are described in the papers) and to identify 
trends, similarities and differences, as well as issues that may need 
further investigation.  
As several hundreds of ABS applications have been reported in 
different publications, we had to make a sample of these. After 
having performed a preliminary search for papers describing ABS 
applications that resulted in about 50 papers, we identified one 
publication that was dominating. About 30% of the papers were 
published in the post-proceedings of the MABS workshop series [1, 
2, 3, 4, 5] whereas the next most frequent publications covered only 
10%. We then chose to focus on the MABS publication series and 
found 28 papers containing ABS applications (out of 73). Even if we 
cannot guarantee that this is an unbiased sample, we think that 
selecting all the applications reported in a particular publication series 
with a general ABS focus (rather than specializing in particular 
domains etc.), is at least an attempt to achieve this. 
In the next section, we present the framework that will be used to 
classify and assess the applications. This is followed by a systematic 
survey of the sampled papers. Finally, we analyze our findings and 
present some conclusions. 
 
 

7.2  Evaluation framework 
 
An ABS application models and simulates some real system that 
consists of a set of entities. The ABS itself can be seen as a multi-
agent system composed of a set of (software) agents. That is, there is 
a correspondence between the real system and the multi-agent system 
as well as between the (real) entities and the agents. We will use the 
terms “system” and “entity” when referring to reality and “multi-
agent system” and “agent” when referring to simulation models. For 
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each paper we describe different aspects of the problem studied, the 
modeling approach taken to solve it, the implementation of the 
simulator, and how the results are assessed. 
 

7.2.1  Problem description 
 
Each problem description includes the domain studied, the intended 
end-user, and the purpose of the ABS application.  
Domain: The domain of an application refers to the type of system 
being simulated. We identified the following domains after analyzing 
the sampled papers: 
An animal society consists of a number of interacting animals, such 
as an ant colony or a colony of birds. The purpose of a simulation 
could be to better under-stand the individual behaviors that cause 
emergent phenomena, e.g., the behavior of flocks of birds. 
A physiological system consists of functional organs integrated and 
co-operatively related in living organisms, e.g., subsystems of the 
human body. The purpose could be to verify theories, e.g., the 
regulation of the glucose-insulin metabolism inside the human body 
A social system consists of a set of human individuals with individual 
goals, i.e., the goal of different individuals may be conflicting. An 
example could be to study how social structures like segregation 
evolve. 
An organization is here defined as a structure of persons related to 
each other in purposefully accomplishing work or some other kind of 
activity, i.e., the persons of the organization have common goals. The 
aim of a simulation could be to evaluate different approaches to 
scheduling work tasks with the purpose of speeding up the 
completion of business processes. 
An economic system is an organized structure in which actors 
(individuals, groups, or enterprises) are trading goods or services on a 
market. The applications which we consider under this domain may 
be used to analyze the interactions and activities of entities in the 
system to help understand how the market or economy evolves over 
time and how the participants of the system react to the changing 
economic policies of the environment where the system is operating. 
In an ecological system animals and/or plants are living and 
developing together in a relationship to each other and in dependence 
of the environment. The purpose could be to estimate the effects of a 
plant disease incursion in an agricultural region. 
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A physical system is a collection of passive entities following only 
physical laws. For example, a pile of sand and the purpose of the 
simulation may be to calculate the static equilibrium of a pile 
considering forces between beads and properties within the pile 
considered as a unit. 
A robotic system consists of one or more electro-mechanical entities 
having sensory, decision, tactile and rotary capabilities.  An example 
is the use of a set of robots in patrolling tasks. The purpose of the 
simulation could be to study the effectiveness of a given patrolling 
strategy. 
Transportation & traffic systems concern the movement of people, 
goods or in-formation in a transportation infrastructure such as a road 
network or a telecommunication network. A typical example is a set 
of interacting drivers in a road network. The purpose of a simulation 
could be to create realistic models of human drivers to be used in a 
driving simulator. 
 
End-users: The end-users of an ABS application are the intended 
users of the simulator. We distinguish here between four types of 
end-users: scientists, who use the ABS in the research process to gain 
new knowledge, policy makers, who use ABS for making strategic 
decisions, managers (of a systems), who use ABS to make 
operational decisions, and other professionals, such as architects, who 
use ABS in their daily work. 
Purpose: The purpose of the studied ABS applications is classified 
according to pre-diction, verification, training and analysis. We refer 
to prediction as making prognoses concerning future states. 
Verification concerns the purposes of determining whether a theory, 
model, hypothesis, or software is correct. Analysis refers to the 
purpose of gaining deeper knowledge and understanding of a certain 
domain, i.e., there is no specific theory, model etc to be verified but 
we want to study different phenomena, which may however lead to 
theory refinement. Finally, training is for the purpose of improving a 
person's skills in a certain domain.  

 

7.2.2  Modeling Approach 
 
The modeling aspects are captured by the eight aspects described 
below.  
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Simulated Entities: They are the entities distinguished as the key 
constituents of the studied systems and modeled as agents. Four 
different categories of entities are identified: Living thing - humans 
or animals, Physical entity - artifacts, like a machine or a robot, or 
natural objects, Software process - executing program code, or 
Organization - an enterprise, a group of persons, and other entities 
composed by a set of individuals. 
Number of Agent Types: Depending on the nature of the studied 
application, the investigators have used one or more different agent 
types to model the distinct entities of the domain. 
Communication: The entities can have some or no interaction with 
one another. The interactions take place in the form of inter-agent 
communication, i.e., messaging. Here, we defined two values to 
indicate whether communication between agents ex-ists or not. 
Spatial Explicitness refers to the assumption of a location in the 
physical space for the simulated entities. This can be expressed either 
as absolute distance or relative positions between entities.  
Mobility refers to the ability of an entity to change position in the 
physical space. Although the real world entities may be spatially 
situated or moving from place to place, this fact need not be 
considered in the simulation if its inclusion or omission does not 
affect the outcome of the study. 
Adaptivity is the ability of the entities to learn and improve with 
experience that they may acquire through their lifetime. Two values 
are defined to indicate whether the simulated entities are adaptive or 
not. 
The structure of MAS refers to the arrangement of agents and their 
interaction in the modeled system to carry out their objectives. This 
arrangement could be in one of the following three forms: peer-to-
peer, hierarchical, or recursive. In a peer-to-peer arrangement, 
individual entities of the modeled system are potentially interacting 
with all other entities. In a hierarchical structure, agents are arranged 
in a tree-like structure where there is a central entity that interacts 
with a number of other entities which are located one level down in 
the hierarchy. Whereas, in a recursive structure, entities are arranged 
in groups, where the organization of each group could be in either of 
the forms above, and these groups are interacting among each other 
to accomplish their tasks. The three types of MAS structure are 
illustrated in Fig 1. 
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Fig. 1.  Peer-to-peer, hierarchical, and recursive organization of a 
MAS. 
 
Dynamic: If the modeled entities are able to come into existence at 
different instances of time during a simulation, we regard them as 
dynamic. 
 

7.2.3  Implementation Approach 
 
The implementation approach used is described in terms of the 
following aspects:  
Platform used: The software platform is the development 
environment, tool or language with which the ABS application is 
developed. The platforms provide support to different degrees for the 
developers so that they need not worry about every implementation 
detail. 
Simulation size describes the number of agents participating in the 
implementation of the ABS application. If the number is different 
between simulations or is changing dynamically during a simulation, 
we will use the largest number. 
Scale: The size of data used in the actual simulations has been 
divided into limited/partial or full-scale data. The full-scale data 
represents data for a whole system, while the limited/partial data only 
covers parts of the system. 
Input data: The data used in the experiment can either be real data, 
i.e. taken from existing systems in the real world, or data that is not 
real, i.e. artificial, synthetic or generated.  
Distributed: ABS applications, depending on the size and sometimes 
the nature of the application, may require different execution 
environments: a single computer, if the number is small or several 
computers in a distributed environment, if the number of agents is 
large. 
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Mobile agents: Agents executing in a distributed environment can be 
described by their mobility, as static or mobile. Static agents run on a 
singular computer during their lifetime. Mobile agents, on the other 
hand, are able to migrate between computers in a network 
environment.  
 

7.2.4  Results 
 
The classification of the result of the approaches will be in terms of 
maturity of the research, comparison to other approaches and the 
validation performed. 
Maturity: ABS applications can have varying degree of maturity. In 
our framework the lowest degree of maturity is conceptual proposal. 
Here the idea or the principles of a proposed application is described, 
but there is no implemented simulator. The next level in the 
classification is laboratory experiments where the application has 
been tested in a laboratory environment. The final level, deployed 
system, indicates that the ABS system actually is or has been used by 
the intended end-users, e.g., traffic managers that use a simulator for 
deciding how to redirect the traffic when an accident has occurred. If 
the authors of the paper belong to the intended end-users (re-
searchers), we classify the application as deployed if the authors draw 
actual conclusions from the simulation results regarding the system 
that is simulated (rather than just stating that ABS seems 
appropriate).  
Evaluation comparison: If a new approach is developed to solve a 
problem which has been solved previously using other approaches, 
the new approach should be com-pared to existing approaches. That 
is, answer the question whether ABS actually is an appropriate 
approach to solve the problem. Such an evaluation could be either 
qualitative, by comparing the characteristics of the approaches, or 
quantitative, by different types of experiments. 
Validation: In order to confirm that an ABS correctly models the 
real system it needs to be validated. This can be performed in 
different ways, qualitatively, e.g., by letting domain experts examine 
the simulation model, or quantitatively, e.g., by comparing the output 
produced by the simulator with actual measurements on the real 
system. 
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7.3  Results 
 
In table 1 the framework is summarized. Table 2 shows how the 
papers were classified according to the framework. If a paper does 
not explicitly state to which category the simulator belongs but there 
are good reasons to believe that it belongs to a particular category, it 
is marked by an asterisk (*). If we have not managed to make an 
educated guess, it is marked by “-“. 
 
 
Table 1.  Summary of the framework 
 
 Aspect Categories 

Domain 1. Animal societies   
2. Physiological systems   
3. Social systems  
4. Organizations   
5. Economic systems   
6. Ecological systems 
7. Physical systems   
8. Robotic systems   
9. Transport/traffic systems 

End-user 1. Scientists   
2. Policy makers   
3. Managers   
4. Other professionals 

Problem  
description 

Purpose 1. Prediction   
2. Verification   
3. Analysis   
4. Training  

Simulated entity 1. Living   
2. Physical artefact   
3. Software process   
4. Organisation 

Agent types 1 - 1.000 
Communication 1. no  2. yes 
Spatial explicitness 1. no  2. yes 
Mobility 1. no  2. yes 
Adaptivity 1. no  2. yes 
Structure (of MAS)  1. Peer-to-peer   

2. Hierachical   
3. Recursive 

Modeling  
approach 

Dynamic 1. no  2. yes 
Platform used NetLogo, RePast, Swarm, JADE, C++, etc. 
Simulation size 1 - 10.000.000 
Scale 1. Limited/partial   

2. Full-scale 
Input data 1. Artificial data   

2. Real data 
Distributed 1. no  2. yes 

Implementation 
approach 

Mobile agents 1. no  2. yes 
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Maturity 1. Conceptual proposal   
2. Laboratory experiment   
3. Deployed  

Evaluation 1. None   
2. Qualitative   
3. Quantitative 

Results 

Validation 1. None   
2. Qualitative   
3. Quantitative 

 
 
Table 2.  The classification of the studied papers. 
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[6] 4 3 1 3 2 2 1 1 1 2* 1 C++ 10 1 1 1* 1* 2 1 1 
[7] 4 3,4 3 1 - 2 2 - 2 - - - - - - - - 1 1 1 
[8] 4 1,2 1,3 1 4 1 1 1 1* 1* 1 - - 1 2 1* 1* 3 1 3* 
[9] 4 1,2 3 1,4 2 1 1 1 1 2* 1 RePast 60 1 1 1* 1* 3 1 1 
[10] 9 1,2 1 2 - 1 2 2 1 - 1 - 120 2 1 - - 3 1 1 
[11] 3 1 3 1 1 1 2 1 1 1 1 - 100 1 1 1* 1* 3 1 2* 
[12] 3,9 1 2 1,2 3 2 2 2 1 1 2 - 12000 2 2 2* 2* 2 1 1 
[13] 4 1,4 3 1 2 2 2 2 2 1 2 WEA 25* 2 2 2* 2* 2 1 3 
[14] 9 3 2 1 1 1 2 2 1* 1 1* - 100* 1 1 1* 1* 2 2 3 
[15] 3,6 1 3 1 3 1* 2 2 2* 1 2 Swarm  540 1 1 1* 1* 3 1 1 
[16] 5,9 2 3 1 6 2 1 1 1 2 1 Jade 7 1 2 1* 1* 2 1 1 
[17] 7 1 3 2 1 2 2 1 1 1 1* - 106 1 1 1* 1* 2 2,3 2 
[18] 5 1 2,3 1,4 3 2 1 1 1* 2 2 - 102 1 1 1* 1* 3 1 2 
[19] 3 1,4 2 1 1 1 2 2 1* 1 2 NetLogo 200  1 1 1* 1* 2 2 1 
[20] 1 1 3 1 2 1* 2 2 1 1 1 ObjectPascal 8 1 1 1 1 3* 1 3 
[21] 3 1 2 1 1 1* 2 2 1 1 1 - 250 1 1 1* 1* 3* 1 1 
[22] 2 1 2 2 3 2 1 1 2 3 1 Java 4 2 1* 2* 1* 3 1 3 
[23] 3 1 3 1 3 2 1 1 1 1 1 - 9 1 1 1* 1* 2 1 1 
[24] 3 1 3 1 1 2 2 2 1 1 2 Sugarscape 700 1 1 1* 1* 3* 1 1 
[25] 3,6 2 3 1 3 2 2 2 1 1 1 Cormas - 1 2 1* 1* 2 1 3 
[26] 3 1,2 3 1,3 3 2* 1 1 1 1 2 VisualBasic 10000 1 1 1 1 2 3 1 
[27] 4,7 3 3 1,2 5 2 2 2 2 1 1 C++ 1 1 1 1 1 2 1 1 
[28] 3 1 2,3 1 2 1 1 1 2 1 1 NetLogo 500 1 1 1* 1* 2 2 1 
[29] 4 2 3 1,2 3 2 2 2 2 1 1 RePast 61 1 2 1* 1* 3 2 1 
[30] 8 1 1,2 2 1 2 2 2 1 1 1 C++ 25 1 1 1* 1* 3* 1 1 
[31] 5 1 3 1 7 2 1 1 2 2 1 DECAF 3 1 1 1* 1* 2 1 1 
[32] 3 2 3 1 1* 2  2 1 2* 1 1 - - 1 1 1* 1 3* 2 2 
[33] 5 1 3 1 1 2 1 1 1 1 1 - 24* 2 1 1* 1* 2 3 1 
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7.4  Analysis 
 
 

7.4.1 Problem description 
 
The results indicate that ABS is often used to study systems 
involving interacting human decision makers, e.g., in social, 
organizational, economic, traffic and transport systems (see Fig. 2). 
This is not surprising given the fact that qualities like autonomy, 
communication, planning, etc., often are presented as characteristic of 
software agents (as well as of human beings). However, as (some of) 
these qualities are present also in other living entities, it is interesting 
to note that there was only one paper on simulating animal societies 
and just two involving ecological systems. Very few papers are found 
on simulating technical systems, such as ICT systems, i.e., integrated 
systems of computers, communication technology, software, data, 
and the people who manage and use them, critical infrastructures, 
power systems etc.. The aim of such models might be to study and 
have a deeper understanding of the existing and emerging 
functionalities of the system and analyze the impact of parameter 
changes. (The only paper on simulating technical systems concerned 
robotic systems.) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. The distribution of the type of domains simulated. 
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In more than half of the applications, researchers were the intended 
end-user. As can be seen in Fig 3., the most common purpose of the 
applications included in the study was analysis. However, no paper 
reported the use of ABS for training purposes indicating that this may 
be an underdeveloped area. 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. The distribution of  purpose. 
  
 

7.4.2  Modeling Approach 
 
The simulated entities are mostly living things, indicating that ABS is 
believed to be better suited to model the complexity of human (and 
animal) behaviour compared to other techniques. However, it should 
be noted that in some applications there were entities not modelled 
and simulated and implemented as agents. Hybrid systems of this 
kind are motivated by the fact that some entities are passive and are 
not making any decisions, especially in socio-technical systems. The 
model design choices for some of the aspects seem to be 
consequences of the characteristics of the systems simulated. After 
all, the aim is to mirror the real system. These aspects include number 
of agent types, only about 15% of the applications had more than 
three different agent types, spatial explicitness (60% do use it), 
mobility of entities (50%), communication between entities (64%), 
and the structure of the MAS where a vast majority used a peer-to-
peer structure (77%). However, as illustrated in Fig. 4, there are some 
model-ling aspects where the strengths of the agent approach do not 
seem to have been explored to its full potential. For instance, only 9 
of the 28 papers make use of adaptivity, and just 7 out of the 27 
implemented systems seem to use dynamic simulations.  

Prediction

Verification

Analysis
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Fig. 4. The distribution of modeling aspects. 
 

7.4.3  Implementation Approach 
 
Nearly half of the papers do not state which software were used to 
develop the ABS. In particular, it is interesting to note that the two 
papers with the largest number of agents do not state this. Of the 
agent platforms and simulation tools available, none is dominantly 
used. In fact, many of the simulations were implemented with C++ or 
programs developed from scratch. A possible reason for this may be 
that many ABS tools and platforms make limiting assumptions 
regarding the way that entities are modelled. The number of agents in 
the simulation experiments is typically quite small (see Fig. 5). In 
50% of the papers the number of agents were 61 or less. The fact that 
most simulation experiments were limited covering only a part of the 
simulated sys-tem, may be an explanation for this. The reasons for 
this are seldom discussed in the papers but are probably lack of 
computing hardware, software (such as proper agent simulation 
platforms), or the time available to perform the experiments. 
Moreover, there may be a "trade-off" between the complexity of the 
agents and the number of agents in the experiments, i.e., that large 
sized simulations use relatively simple agents whereas smaller 
simulations use more complex agents. However, further analysis is 
necessary before any conclusions can be drawn.  
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Fig. 5. The frequency of different simulation sizes (number of 
agents). 
Many of the simulation experiments are conducted with artificial 
data, typically making simplifying assumptions. This is often due to 
reasons beyond the researchers' control, such as availability of data. 
As a consequence, it may be difficult to assess the relevance of the 
findings of such simulations to the real world problems they aim to 
solve. It seems as very few of the simulators are distributed, and no 
one is using mo-bile agents. However, these issues are seldom 
described in the papers. 

7.4.4  Results 
 
We have not encountered any ABS applications that are reported to 
be deployed to solve actual real world operational tasks. The 
examples of deployed systems are limited to the cases where the 
researchers themselves are the end-users. The cause of this could be 
the fact that ABS is a quite new methodology, or that the deployment 
phase often is not described in scientific publications. As illustrated 
in Fig. 6, less than half of the simulations are actually reported to be 
validated. This is particularly striking as it is in most cases the 
complex behaviours of humans that are being simulated. Also, 
comparisons to other approaches are very rare. 
 
 
 
 
 
 
 
 
 
Fig. 6. The frequency of different types and evaluation. 
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7.4.5  Limitations of the Study 
 
Although the conclusions drawn from our study are valid for the 
work published in the MABS proceedings, a larger sample is 
probably needed to verify that they hold for the whole ABS area. 
There were a number of interesting aspects that we were not able to 
include in our study. For example, regarding the problem description, 
the size of the actual problem, i.e., the system being simulated would 
be interesting to know. Typically, only a partial simulation is made, 
i.e., the number of entities in the real system is much larger than the 
number of agents in the simulation. However, in most papers the size 
of the real system is not described and often it was very difficult for 
us to estimate the size. Another interesting aspect not included in this 
study is the modeling of entities. The representation of the behavior 
and state of the real world entities should be sufficiently sophisticated 
to capture the aspects relevant for the problem studied.  We initially 
categorized the ways of modeling the entities in the following 
categories: Mathematical models; Cellular automata; Rule-based (a 
set of explicit rules describe the behavior of the agent); Deliberative 
(the behavior is determined by some kind of reasoning such as 
planning). Unfortunately, there were often not enough information in 
the papers concerning this aspect. Related to this is the distinction 
between proactive versus reactive modeling of entities, which also 
was very difficult to extract from the papers due to lack of 
information. Regarding the implementation, we wanted to investigate 
how the agent models were implemented in the simulation software. 
We found examples ranging from simple feature vectors (as used in 
traditional dynamic micro simulation) to sophisticated software 
entities corresponding to separate threads or processes. However, also 
in this case important information was often left out from the 
presentation. 
 
 

7.5  Conclusions 
 
The applications reviewed in this study suggest that ABS seems a 
promising approach to many problems involving simulating complex 
systems of interacting entities. However, it seems as the full potential 
of the agent concept often is not utilized, for in-stance, with respect to 
adaptivity and dynamicity. Also, existing ABS tools and plat-forms 
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are seldom used and instead the simulation software is developed 
from scratch using an ordinary programming language. There may be 
many reasons for this, e.g., that they are difficult to use and adopt to 
the problem studied, or that the awareness of the existence of these 
tools and platforms is limited. 
Something that made this study difficult was that important 
information, especially concerning the implementation of the 
simulator, was missing in many papers. This makes it harder to 
reproduce the experiments and to build upon the results in further 
advancing the state-of-the-art of ABS. A positive effect of our study 
would be if re-searchers became more explicit and clear about how 
they have dealt with the different aspects that we have used in the 
analysis. Therefore, we suggest the following check-list for ABS 
application papers: 

1. Clearly describe the purpose of the application and the 
intended end-users. 

2. Indicate the typical size of the system (that is simulated) in 
terms of entities corresponding to agents. 

3. For each agent type in the simulation model, describe  
o what kind of entities it is simulating,  
o how they are modelled (mathematical, rule-based, 

deliberative, etc.), 
o whether they are proactive or not, 
o whether they are communicating with other agents or not, 
o whether they are given a spatial position, and if so, 

whether they are mobile 
o whether they are capable of learning or not. 

4. Describe the structure of the collection of agents, and state 
whether this collection is static or agents can be 
added/removed during a simulation. 

5. State which simulation (or agent) platform was used, or in the 
case the simulator was implemented from scratch, what 
programming language was used.  

6. State the size of the simulation in terms of number of agents. 
7. Describe how the agents were implemented; feature vectors, 

mobile agents, or something in-between. 
8. State whether the simulator actually has been used by the 

intended end-users, or just in laboratory experiments. In the 
latter case indicate whether artificial or real data was used. 

9. Describe how the simulator has been validated. 
10. Describe if and how the suggested approach has been 

compared to other approaches. 
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Future work includes extending the study using a larger sample, e.g., 
include other relevant workshops and conferences, such as Agent-
Based Simulation, and journals such as JASSS, in order to reduce any 
bias. Another interesting study would be to make a comparative study 
with more traditional simulation techniques including aspects such as 
size, validation, etc. 
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This thesis concerns healthcare management 
and specifically addresses the problems of opera-
ting room planning and waiting list management. 
The operating room department is one of the 
most expensive areas within the healthcare sys-
tem which necessitates many expensive resour-
ces such as staff, equipment and medicine. The 
planning of operating rooms is a complex task 
involving many dependencies and conflicting fac-
tors and hence careful operating room planning is 
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planning process is to determine a Master Surgery 
Schedule (MSS). An MSS is a cyclic timetable that 
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meet the varying surgery demand. Secondly, an 
extended optimization-based approach, including 
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rent policies related to priority rules are simu-
lated to demonstrate their affect on the average 
waiting time. The problem of meeting the uncerta-
inty in demand of patient arrival, as well as surgery 
duration, is then incorporated. With a combina-
tion of simulation and optimization techniques, 
different policies in reserving operating room ca-
pacity for emergency cases together with a policy 
to increase staff in stand-by, are demonstrated. 

The results show that, by adopting a certain po-
licy, the average patient waiting time and surgery 
cancellations are decreased while operating room 
utilization is increased. 

Furthermore, the thesis focuses on how dif-
ferent aspects of surgery pre-conditions affect 
different performance measures related to ope-
rating room planning. The emergency surgery 
cases are omitted and the studies are delimited 
to concern the elective healthcare process only. 
With a proposed simulation model, an experi-
mental tool is offered, in which a number of ana-
lyses related to the process of elective surgeries 
can be conducted. The hypothesis is that, suffi-
ciently good estimates of future surgery demand 
can be assessed at the referral stage. Based on 
this assumption, an experiment is conducted to 
explore how different policies of managing inco-
ming referrals affect patient waiting times. Rela-
ted to this study, possibility of using data mining 
techniques to find indicators that can help to es-
timate future surgery demand is also investigated.  
Finally, in parallel, an agent-based simulation ap-
proach is investigated to address these types of 
problems. An agent-based approach would proba-
bly be relevant to consider when multiple plan-
ners are considered. In a survey, a framework for 
describing applications of agent based simulation 
is provided.
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