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Abstract:  
It is increasingly necessary to have the patient as the main concern in the scheduling of elective 

surgeries. Waiting time is often higher than the clinically recommended maximum response time, a 

reality that occurs in several contexts such as the Portuguese and Canadian ones, where the patient 

is given a clinical priority level at the time of the surgical proposal, which is not reviewed during the 

waiting time for the surgery. On the other hand, the guidelines for scheduling are summarized by 

criteria of priority and seniority, without reflecting the actual need of the patient and the evolution of 

their health condition during the waiting period. In order to prevent patient health and well-being from 

being affected during waiting, it is important to create a surgery scheduling system that considers the 

dynamics of patients' real needs and analyze its impact.  

In this dissertation, it is proposed a scheduling model in integer linear programming that 

integrates a new prioritization system. Based on a case study from a Canadian hospital, waiting lists 

are generated to validate the proposed approach and test the quality of the solutions. The discussion 

of results includes a sensitivity analysis and analysis on patient selection, waiting times, the use of 

overtime and the number of scheduled surgeries. A formula for updating patients' condition is also 

proposed in a rolling horizon approach, which allow the model to select patients considering the 

dynamics of their real needs and creating equitable schedules.  

Keywords: Operating room, Surgery scheduling, Utility, Patients’ needs, Optimization, Integer linear 
programming 

I. Introduction: 
Patients on the waiting lists must be served quickly and effectively but access problems are 

known regarding elective surgeries. The waiting time is often higher than recommended, which can 

have serious consequences for the well-being and health status of the patient an even generate more 

costs to individuals and to the government (“The Federal Government Role in Reducing Health Care 

Wait Times,” 2014). When there is a life threatening condition, waiting lists are created and managed 

according to patients’ priority, but when patient's life is not under risk, they are usually served with a 

“first-come-first-served” approach (Hall, 2013). The patients’ condition is the same along the entire 

time that a patient is on the waiting list. To evaluate patients’ priority in an equitable way, standardized 

measures must be defined. Often this management is done by the hospital staff in an empirical way, 

which is an inefficient strategy. 

When addressing the problem of operating room scheduling, the level of the planning process 

can be: strategic, tactical or operational (Hans et al., 2012): strategic level decides on the mission of 

the hospital; tactical level implements the strategic decisions; the operational level deals with 

scheduling and routing questions. All these decisions allow constructing a complete schedule for the 

elective surgeries performed in a hospital. 

This work is part of a project carried out in collaboration with the Operations and Logistics 

Management Department of the HEC Montréal and a Canadian university hospital. This paper 

focuses on the operational decisions and analyses the impact of linking a new prioritization system 

with the optimization model of the operating room scheduling. For the prioritization system, it is 

considered that a utility value is assigned to each patient, considering not only their medical situation, 

but also the clinical and social situation and the strategic value of the surgeries. The computed utility 

value is used as an input for the optimization model, allowing a patient-centered operating room 

scheduling. Moreover, approaches to capture the evolution of the patient state along the waiting time 

are investigated. This work intends to increase equity in surgical access for elective patients by 

answering the following research question: What is the impact of using an optimization system for 



2 
 

surgery scheduling, that considers the real needs of the patients and their evolution, on the selection 

of patients and waiting times? 

This paper is organized as follows. Chapter II describes an overview of the literature regarding 

operating room scheduling. Chapter III presents the case study that motivated the project to be done 

and its most important characteristics. Chapter IV propose an integer linear programming model to 

cover the most relevant aspects of the case study. Chapter V presents the instance generation 

procedure to be used to validate the model. Chapter VI describes and analyzes the main results 

obtained with the model. It also proposes a rolling horizon approach for the waiting list management. 

Chapter VII concludes this paper with the most relevant aspects and limitations of the work and 

suggest some research that might be done in the future. 

II. Literature Review:  
This literature review was done using Web of Knowledge database, searching for the topics 

"operating room" and "scheduling" to retrieve papers that focus on operating room scheduling 

operational decisions. From the results obtained on the search, the ones from the areas "Operations 

Research & Management Science" and "Health Care Sciences Services" between 1900 and 2018 

and written in English were selected. The analysis of the operating room scheduling literature is 

divided in types of decision, patient mix characteristics and objectives.  

Operating room scheduling is a highly complex problem. When scheduling surgeries, several 

types of decisions can be taken, and some assumptions needs to be made. Usually the models intend 

to determine the place and the date in which that each patient’s surgery will occur (Hans et al., 2008). 

However, also a shift can be assigned to a patient (Gomes et al., 2012), in which patients are not 

ordered within it, or even the starting time of surgery can be determined (Marques et al., 2012). 

Besides the patients scheduling, the model can also determine the schedules of individual doctors 

(Kharraja et al. , 2006) or groups of doctors (Van Houdenhoven et al., 2007). To lower complexity of 

the problem, most times the operating room is considered as the only facility in the hospital (Kharraja 

et al., 2006), when in fact a patient needs to go through other rooms before and after surgery. 

Upstream facilities include services wards like outpatient clinic and downstream facilities include 

intensive care units or post-anesthesia care units (Samudra et al., 2016). When other facilities besides 

the operating rooms are considered, an integrated model must be designed as in Vanberkel et al. 

(2011) and Gul et al. (2011). Some uncertain factors can also disrupt the operating room schedules. 

The surgeries’ durations, for instance, can suffer deviations from the expected time due to the 

characteristics of the patient, the surgeon and the surgical team. For a stochastic version of the 

problem this deviations are planned (Stuart and Kozan, 2012). Patients’ arrivals can also be difficult 

to predict. When modeled (Adan et al., 2011), the arrival rate or the inter-arrival time can be computed. 

Normally, surgeries’ durations are assumed to be lognormal, patients’ arrival rate is assumed to follow 

a Poison process and patients’ inter-arrival times is modeled using an exponential distribution (Van 

Riet and Demeulemeester, 2015). On the other hand, determinist versions of the operating room 

scheduling, that does not consider uncertainty, makes the problem less realistic but much simpler. 

The patient mix of a hospital can be divided into elective, for whom the surgery is planned, and 

non-elective, for whom the surgery cannot be planned in advance due to its urgency. Elective patients 

can also be sub-divided into inpatient, who stay overnight in the hospital, and into outpatient that 

leave the hospital on the same day of the surgery (Cardoen et al., 2010). The choice of the type of 

patients to model can entail some implications: outpatient surgeries, for instance, are usually more 

standardized procedures but their time of arrival at the hospital is very uncertain because these 

patients are not hospitalized (Samudra et al., 2016). If the various types of patients are distinguished, 

then it should be decided how to deal with the arrival of non-elective patients. According to the 

objectives and patient mix of the case under study, it can be discussed the tradeoff (Ferrand et al., 

2010) between considering some operating rooms that are dedicated exclusively to non-elective 

patients (Heng and Wright, 2013) and the integration of this type of patients in the elective patients’ 

schedules (Wullink et al., 2007). A mixed version of this two policies can also be considered (Erdem 

et al., 2012). 
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To model these problems, several approaches can be taken, and many stakeholders’ objectives 

can be considered. For the administration, one of the biggest concerns is the tradeoff between 

hospital costs and efficiency. Some works have been done modeling the operating room scheduling 

problem with the objective of minimizing the associated costs:  Fei et al. (2006) propose a 

mathematical model with a column generation procedure and a hybrid genetic algorithm, Beliën and 

Demeulemeester (2008) present a branch-and prince approach, Van Essen et al. (2013) discuss an 

analytical model associated with a heuristic based in local search and Min and Yih (2014) propose a 

Markov decision model to tackle the excessive costs. On the other hand, the medical staff demand 

the reduction of overtime and fairness among staff as described by Denton et al. (2007), Day et al. 

(2012) and Marques and Captivo (2017) . For patients, their main concern is the low waiting times. 

Persson and Persson (2018) present an integer programming model to perform the maximum number 

of surgeries and Cardoen et al. (2009)  propose an exact model and a branch-and-bound approach 

to meet patients’ preferences. To manage the patients to be scheduled that are on the waiting list 

many approaches can be followed. The main pitfalls of the current prioritization systems are: 

insufficient robustness of the results to face the typical uncertainty of this environment; 

underestimation of health risks associated with patient waiting time; the decision continues to be 

mostly taken by the surgeon; static prioritization procedures that do not consider evolution over time, 

while waiting lists are dynamic; the fact that there is no comprehensive framework for the prioritization 

of surgical patients on the waiting list (Rahimi et al., 2016). Often, patients are served according to 

the severity of their condition or according to a first-come-first-served method. Dexter et al. (1999) 

analyses formulations that consider waiting time minimization, medical priorities and first-come-first-

served approaches. Hans et al. (2008) use a first-fit concept that deal with the surgeries’ duration. 

Durán et al. (2017) propose a model that considers the biomedical category and the number of waiting 

days. The research on this topic is very scarce and most times a static management of the waiting 

list is done, and the evolution of patients’ condition is not considered, which can fail to attend patients’ 

needs. 

To fill the literature gap and tackle the commonly used first-come-first-served approaches 

considering only a static clinical situation of the patient, this dissertation proposes the integration of a 

prioritization system, that considers other dynamic patients’ needs in addition to the clinical ones, in 

an optimization system for operating room scheduling, for this process to be patient-centered. 

III. Problem Statement: 
Between 1993 and 2017, in Canada, the number of waiting weeks for elective procedures has 

increased 95% (Barua, 2017). The Canadian hospital under study is part of a general health center 

that is one of the largest in the country. This health center comprises 5 hospitals in which there are 

13500 employees distributed among 25 medical specialties, and 67 088 surgeries were performed in 

the year of 2016-2017. In each day, approximately 216 new requests are made to elective surgeries.  

After a specialist recommends a surgery, patient’s condition is assessed, and a level of priority is 

assigned accordingly, setting a maximum waiting time. The information of the patient is given to a 

hospital secretary, whom deals with the case loading. 

Surgeries can be performed from Monday to Friday between 8h00 and 16h00 and they are 

scheduled with a planning horizon of 4 weeks. No overtime work can be done but the hospital staff 

believe that allowing it would improve schedules. In the regular time, five or six surgeries are done in 

each session-operating room block. There are 2 operating rooms available on Mondays, Tuesdays 

and Fridays, and 3 on the rest of the week. There are five groups of surgeons according to the types 

of surgeries that they can perform. Sometimes a doctor is pre-assigned to a surgery if s/he followed 

the case before; however, the doctor can be unavailable to work at this hospital on the session in 

which the surgery is being scheduled and so, this doctor should recommend a colleague with the 

skills to perform the surgery. 

A systematic method, in the form of a mathematical model, is proposed in the next chapter, to 

perform the operating room scheduling procedure (currently done by doctors and hospital’s 

secretaries) considering the patients’ real needs. 
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IV. Model Formulation: 
The indices, sets, decision variables and parameters used to define the integer linear 

programming model are defined in Table 1, Table 2 and Table 3. The constraints and the objective 

function are stated in Expressions (1) to (11). 

Indices and sets Description 

𝒔 ∈ 𝑺 Set of sessions in the planning horizon 

𝒑 ∈ 𝑷 Set of patients in the waiting list 

𝒅 ∈ 𝑫 Set of doctors working in the hospital 

𝒐 ∈ 𝑶 Set of operating rooms in the hospital 

𝒔𝒖𝒃𝒔𝒑𝒆𝒄𝒊𝒂𝒍𝒕𝒚𝒑 ∈ 𝑺𝑷 Set of surgeries’ sub-specialties (meaning type of surgeries) 

𝑫𝒔 ∈ 𝑫 Set of doctors available on session s 
Table 1: Summary of indices and sets. 

Decision variables Description 

 𝐱𝐬𝐩𝐝𝐨 ∈ {𝟎, 𝟏} Equals 1 if patient 𝑝 is scheduled for session 𝑠, operating room 𝑜 and doctor 
𝑑; 0 otherwise 

𝒚𝒔𝒅𝒐 ∈ {𝟎, 𝟏} Equals 1 if a doctor 𝑑 is assigned to session 𝑠 and operating room 𝑜; 0 
otherwise 

𝒐𝒗𝒆𝒓𝒕𝒊𝒎𝒆𝒃𝒊𝒏𝒔𝒐 ∈ {𝟎, 𝟏} Equals 1 if overtime is used in session 𝑠 and operating room 𝑜; 0 otherwise 
Table 2: Summary of decision variables. 

Parameters Description 

𝒖𝒕𝒊𝒍𝒊𝒕𝒚𝒑 ∈ ℕ Utility value of patient 𝑝 

𝒅𝒖𝒓𝒂𝒕𝒊𝒐𝒏𝒑 ∈ ℕ Average surgery duration of patient 𝑝 

𝒘𝒂𝒊𝒕𝒊𝒏𝒈𝒔𝒆𝒔𝒔𝒑 ∈ ℕ 
Number of waiting sessions of patient 𝑝 on the waiting list on the 

beginning of the planning horizon 

𝒔𝒌𝒊𝒍𝒍𝒔𝒃𝒊𝒏𝒅𝒑 ∈ {𝟎, 𝟏} 
Equals 1 if doctor 𝑑 has the required skills to perform patient 𝑝’s 

surgery; 0 otherwise 

 𝒔𝒌𝒊𝒍𝒍𝒔𝒅𝒑 ∈ ℝ+ 
Scale factor for the duration of a surgery related to the 

experience of doctor 𝑑 on the surgery required by patient 𝑝 

𝒑𝒓𝒆𝒅𝒐𝒄𝒑𝒅 ∈ {𝟎, 𝟏} 
Equals 1 if doctor 𝑑 is pre-assigned to patient 𝑝’s surgery; 0 

otherwise 

𝒅𝒐𝒄𝒕𝒐𝒓𝒂𝒗𝒂𝒊𝒍𝒂𝒃𝒊𝒍𝒊𝒕𝒚𝒅𝒔 ∈ {𝟎, 𝟏} Equals 1 if doctor 𝑑 is available to work on session 𝑠; 0 otherwise 

𝒐𝒕 ∈ ℕ Maximum overtime capacity in minutes 

𝒓𝒕 ∈ ℕ Maximum regular time capacity in minutes 

𝒎𝒏𝒔 ∈ ℕ 
Maximum number of surgeries to be performed by each doctor 

on a session 

𝒎𝒘𝒅 ∈ ℕ 
Minimum number of operating rooms to be assigned to each 

doctor on the planning horizon 

𝒏𝒐𝒂𝒔 ∈ ℕ  Number of operating rooms available in session s 

𝒏𝒐𝒓𝒎𝟏 Value of the objective function when only the utility and waiting 
time term is considered (for a 10-minute limit of computing time) 

𝒏𝒐𝒓𝒎𝟐 Value of the objective function when only the pre-assigned 
doctors’ compliance term is considered (for a 10-minute limit of 

computing time) 

𝒏𝒐𝒓𝒎𝟑 Value of the objective function when only overtime use term is 
considered (for a 10-minute limit of computing time) 

Table 3: Summary of parameters. 
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𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 
1

𝑛𝑜𝑟𝑚1

∑ ∑ ∑ ∑
𝑢𝑡𝑖𝑙𝑖𝑡𝑦𝑝  𝑤𝑎𝑖𝑡𝑖𝑛𝑔𝑠𝑒𝑠𝑠𝑝  𝑥𝑠𝑝𝑑𝑜

𝑠 + 1
𝑜∈𝑂𝑑∈𝐷𝑝∈𝑃𝑠∈𝑆

+
1

𝑛𝑜𝑟𝑚2

∑ ∑ ∑ ∑ 𝑝𝑟𝑒𝑑𝑜𝑐𝑝𝑑  𝑥𝑠𝑝𝑑𝑜

𝑜∈𝑂𝑑∈𝐷𝑝∈𝑃𝑠∈𝑆

−
1

𝑛𝑜𝑟𝑚3

∑ ∑

𝑜∈𝑂

𝑜𝑣𝑒𝑟𝑡𝑖𝑚𝑒𝑏𝑖𝑛𝑠𝑜

𝑠∈𝑆

 

(1) 

∑ ∑ 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑝  𝑠𝑘𝑖𝑙𝑙𝑠𝑑𝑝  𝑥𝑠𝑝𝑑𝑜

𝑑∈𝐷𝑝∈𝑃

≤ 𝑜𝑡 × 𝑜𝑣𝑒𝑟𝑡𝑖𝑚𝑒𝑏𝑖𝑛𝑠𝑜 + 𝑟𝑡 , ∀ 𝑠 ∈ 𝑆, 𝑜 ∈ 𝑂 (2) 

∑ ∑ 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑝 𝑠𝑘𝑖𝑙𝑙𝑠𝑑𝑝  𝑥𝑠𝑝𝑑𝑜

𝑑∈𝐷𝑝∈𝑃

≥ 𝑟𝑡 𝑜𝑣𝑒𝑟𝑡𝑖𝑚𝑒𝑏𝑖𝑛𝑠𝑜  , ∀ 𝑠 ∈ 𝑆, 𝑜 ∈ 𝑂 (3) 

∑ ∑ ∑  𝑥𝑠𝑝𝑑𝑜

𝑜∈𝑂𝑑∈𝐷𝑠∈𝑆

≤ 1 , ∀ 𝑝 ∈ 𝑃 (4) 

𝑥𝑠𝑝𝑑𝑜 ≤ 𝑠𝑘𝑖𝑙𝑙𝑠𝑏𝑖𝑛𝑑𝑝  , ∀ 𝑠 ∈ 𝑆, 𝑝 ∈ 𝑃, 𝑑 ∈ 𝐷𝑠 ∈, 𝑜 ∈ 𝑂 (5) 

∑ ∑ 𝑥𝑠𝑝𝑑𝑜

𝑜∈𝑂𝑝∈𝑃

≤ 𝑚𝑛𝑠 ×  𝑑𝑜𝑐𝑡𝑜𝑟𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑑𝑠  , ∀ 𝑠 ∈ 𝑆, 𝑑 ∈ 𝐷𝑠  (6) 

∑ 𝑦𝑠𝑑𝑜

𝑜∈𝑂

≤ 1  , ∀ 𝑠 ∈ 𝑆, 𝑑 ∈ 𝐷𝑠 , 𝑜 ∈ 𝑂 (7) 

∑ ∑ 𝑦𝑠𝑑𝑜

𝑜∈𝑂𝑠∈𝑆

≥  𝑚𝑤𝑑 , ∀ 𝑑 ∈ 𝐷𝑠 (8) 

∑ ∑ 𝑦𝑠𝑑𝑜

𝑜∈𝑂𝑑∈𝐷

≤ 𝑛𝑜𝑎𝑠  , ∀ 𝑠 ∈ 𝑆 

 

(9) 

𝑥𝑠𝑝𝑑𝑜 ≤ 𝑦𝑠𝑑𝑜  , ∀ 𝑠 ∈ 𝑆, 𝑝 ∈ 𝑃, 𝑑 ∈ 𝐷𝑠, 𝑜 ∈ 𝑂 (10) 

∑ 𝑥𝑠𝑝𝑑𝑜

𝑝∈𝑃

≥ 𝑦𝑠𝑑𝑜  , ∀ 𝑠 ∈ 𝑆, 𝑑 ∈ 𝐷𝑠, 𝑜 ∈ 𝑂 (11) 

The normalized objective function is presented in Expression (1), considering that patients with 

higher utility and waiting time should be the ones to be scheduled and sooner in the planning horizon, 

considering the pre-assigned doctor compliance and considering the minimization of overtime use. 

This intends to better select the waiting list patients to be scheduled in order to meet their real needs 

and avoid the physical, psychological and social consequences on their condition caused by long 

waiting times. Constraint (2) defines the maximum time capacity of each session-operating room 

block regarding regular time and overtime. Constraint (3) defines that the overtime is only used when 

the total duration of scheduled surgeries exceeds the regular time. Constraint (4) sets that each 

surgery on the waiting list is only scheduled once. If a patient needs more than one surgery, than this 

patient should have more than one entry on the waiting list. Constrain (5) forces that a doctor can 

only perform a surgery if they have the skills to do it. Constraint (6) defines a maximum number of 

surgeries to be performed by the same doctor on a session and that a doctor can only be scheduled 

if available on that session. Constraint (7) force that each doctor is only assigned to a maximum of 

one operating room in a session to avoid overlaps. Constraint (8) establishes a minimum number of 

sessions in which a doctor should be working in the planning horizon. Constraint (9) defines that 

surgeries can only be scheduled to the available operating rooms assigned to the specialty under 

study. Constraints (10) and (11) are linking constraints between variables 𝑥𝑠𝑝𝑑𝑜 and 𝑦𝑠𝑑𝑜.  

V. Instance Generation: 

It is necessary to generate instances to validate and apply sensitivity analysis on the model, 

since it was not possible to get real waiting list and hospital data. However, some insights on the 

dimensions of the hospital were given by the hospital and so 700 patients (to create a reasonable 

bigger waiting list than the hospital surgical capacity), 5 sub-specialties, 8 doctors and 3 operating 

rooms. The planning horizon is reduced to 10 sessions due to the complexity of the problem. The 

parameters are also set based on the described case study; the values are presented in Table 4. 
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Parameter 𝒐𝒕 ∈ ℕ 𝒓𝒕 ∈ ℕ 𝒎𝒏𝒔 ∈ ℕ 𝒎𝒘𝒅 ∈ ℕ 𝒏𝒐𝒂𝒔 ∈ ℕ, ∀𝒔
∈ {𝟎, 𝟏, 𝟒, 𝟓, 𝟔, 𝟗} 

𝒏𝒐𝒂𝒔 ∈ ℕ, ∀𝒔 ∈
{𝟐, 𝟑, 𝟕, 𝟖} 

Value 30 48 6 2 2 3 
Table 2: Values of parameters based on the case study. 

To predict utility values, surgery average durations and sub-specialty, the number of sessions in 

which the patient was already on the waiting list and if there was any doctor pre-assigned to the 

surgery to be performed, the procedure was the following: 𝑢𝑡𝑖𝑙𝑖𝑡𝑦𝑝 is based on a normal distribution 

with mean value of 65 and a standard deviation of 15; 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑝 is achieved by a 3-parameter 

lognormal distribution using data provided by the CHOIR group of the University of Twente1; 

𝑠𝑢𝑏𝑠𝑝𝑒𝑐𝑖𝑎𝑙𝑡𝑦𝑝 is obtained according to a uniform distribution between 1 and 5; 𝑤𝑎𝑖𝑡𝑖𝑛𝑔𝑠𝑒𝑠𝑠𝑝 is 

generated by a uniform distribution between 0 and 20; 𝑝𝑟𝑒𝑑𝑜𝑐𝑝𝑑, is also obtained according to a 

uniform distribution between 0 and 8. Regarding doctors’ characteristics:  𝑠𝑘𝑖𝑙𝑙𝑠𝑏𝑖𝑛𝑑𝑝 is generated 

based on a Bernoulli distribution in which there is a 70% chance of the doctor being capable;  𝑠𝑘𝑖𝑙𝑙𝑠𝑑𝑝 

is obtained by a uniform distribution between 0.8 and 1.2;  𝑑𝑜𝑐𝑡𝑜𝑟𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑑𝑠  is also computed 

using a Bernoulli distribution in which there is a 90% chance of being available. 

This generator allows a complete definition of an instance to serve as an input to the proposed 

model. 

VI. Computational experiments:  
The model was designed in Java language with Eclipse Java Mars.2, using the callable library 

of ILOG CPLEX 12.8.0. Tests were performed using a portable computer with Intel ® Core™ i7-

3632QM CPU @ 2.20GHz 2.20 GHz – RAM 6.00GB and the Windows 10 operating system. Ten 

instances were generated and tested with a computing time limit of 60 minutes and a coefficient of 

1000 in each term of the objective function. These dimensions create a problem with 21093 to 25920 

variables and 36448 to 47293 constraints. For the ten tests, the best results were obtained with a 

0.13% relative gap and the worst results with a 2.51%; thus, the model returns good results within a 

reasonable time. 

Sensitivity analysis is done to a randomly picked instance (Instance 3). The tests are repeated 

using only 100 patients: the number of variables decreased from 25920 to 13020 and the number of 

constraints from 47293 to 23793, which leads to a decrease in the gap relative value from 0.92% to 

0.05%. Besides, another test is performed but considering the initial 200 patients to be scheduled in 

only 5 sessions (and changing 𝑚𝑤𝑑 = 1): in that case, the number of variables is 14463 and the 

number of constraints is 24348, obtaining results after 7 seconds, because the relative gap value 

dropped below the limit of 0.01%. In general, when the problem dimensions are reduced, there is a 

decreased gap relative value. However, this is not always true. The complexity of the problem may 

depend in many factors, namely the formulation of the problem, the parameters definition or instance 

characteristics. 

Several scenario changes are made to analyze the impact on the gap relative value. The 

scenario in which the regular time capacity is set to 300 minutes and the maximum overtime to 10 

minutes, a 4.11% gap is obtained. Because time capacity is reduced, it is necessary to do a better 

selection of patients which can increase the problems’ complexity. Moreover, when 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑝 is 

increased by a 25% factor for every patient, a 3.57% relative gap value is obtained, which can be 

supported by the same reason as the previous scenario and also because it is hard to fit surgeries 

on the gaps of the schedule. On the opposite case, when 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑝 for each patient is decreased by 

a 25% factor, the complexity of the problem reduces, and the gap relative value falls below the gap 

tolerance of 0.01% after 12 seconds. Besides, the scenario in which there is no distinction in the skills 

of the surgeons for every sub-specialty (𝑠𝑘𝑖𝑙𝑙𝑠𝑏𝑖𝑛𝑑𝑝 = 1 and 𝑠𝑘𝑖𝑙𝑙𝑠𝑑𝑝 = 1, , ∀ 𝑑 ∈ 𝐷, 𝑝 ∈ 𝑃), and another 

scenario in which every doctor is available in every session, the symmetry of the problem is increased 

and so a relative gap value of 3.55% and 2.80% is obtained, respectively. Lastly, when the maximum 

                                                                 
1 available at https://www.utwente.nl/en/choir/research/BenchmarkORScheduling/. Consulted on 21-06-
2018 

https://www.utwente.nl/en/choir/research/BenchmarkORScheduling/
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number of surgeries to be performed by each doctor on a session is reduced from 6 to 5, the relative 

gap is also reduced to 0.09% because since, for instance, there is less possible combination of 

surgeries that can be done, the problem is easier to solve. Those tests on several scenarios validate 

the model and show that, obtaining higher or lower relative gap values, it can, in general, get good 

results in a reasonable time, independently of the parameters and changes in the instance that is 

used. Although the model is motivated by the Canadian case study, the model can be adapted to 

other contexts and still retrieve valid results. 

For the same instance, the practical results of the model are analyzed. The results obtained with 

running the model for one hour show that no overtime is used and 10 out of 61 pre-assigned doctors 

are scheduled. There are 125 scheduled patients with an average utility value of 69.56, minimum 

value 31, maximum 100 and a standard deviation of 14.03. Those patients are waiting for surgery, in 

average, 9.94 sessions. With those results each doctor works between 924.33 to 2364.70 minutes, 

which do not represent a considerable difference in a two-week planning horizon. Thus, in this 

planning horizon, mostly patients with higher utility values were scheduled. Considering an objective 

function that takes in account only the maximization of the sum of utility values of scheduled patients, 

the average utility value increases to 71.30 and the minimum utility value of scheduled patients is 43. 

On the other hand, if only waiting time is considered in the objective function (mimicking a FCFS 

approach), although the average waiting time increases from 9.94 to 12.94 sessions, the average 

utility decreases to 64.43, which fails to protect patients’ needs. To test if the allowance of overtime 

can improve schedules, the test is repeated on the multi-objective model but increasing the maximum 

overtime from 30 to 60 minutes. The results show a schedule in which overtime is still not used, which 

supports the decision of the hospital in not allowing work after the regular time. Besides, one common 

objective in the literature is to maximize the number of scheduled surgeries. For the same instance, 

the objective function is replaced to maximize the number of scheduled patients and analyze what is 

the price to pay when considering utility values and not efficiency objectives. Poor results are shown 

regarding the average utility and overtime use. The average utility reduces to 64.25 and overtime is 

used in 17 session-operating rooms blocks. The number of scheduled surgeries increased from 125 

to 138, which is a low difference in the number of surgeries for two weeks. For that reason, the multi-

objective model proposed in this paper represents a good tradeoff between equity, compliance with 

patients’ needs and efficiency. 

After the model validation, a rolling horizon approach is proposed in Expression (12), using the 

parameters shown in Table 5. 

 

Notation Description 

𝒖𝒕𝒊𝒍𝒊𝒕𝒚𝒑
𝒕  ∈ ℕ\{𝟎} Utility value of patient p  ∈ 𝑃 on the planning horizon 𝑡 ∈ ℕ. 

𝒆𝒗𝒍𝒑 ∈ ℝ+ Reflects the prediction of how fast the condition of patient p ∈ 𝑃 will evolve. 

Table 3: Summary on parameters used for the proposed rolling horizon approaches. 

𝑢𝑡𝑖𝑙𝑖𝑡𝑦𝑝
𝑡 = 𝑢𝑡𝑖𝑙𝑖𝑡𝑦𝑝

𝑡−1 × 𝑒𝑣𝑙𝑝  , ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ ℕ  (12) 

𝑒𝑣𝑙𝑝 is a random number between 1 and 1.3 that is generated to represent the evolution of each 

patient’s condition. In a real context, 𝑒𝑣𝑙𝑝 value should be evaluated and assigned by an expert when 

the patient enters the waiting list. Considering this dynamic proposed model (DUM), tests are done 
for 6 planning horizons and compared with the ones that would be obtained if the utility value was 
considered to be static (SUM) and if the utility compliance term in the objective function was replaced 
with the maximization of waiting times of scheduled patients (FCFS). The results regarding selection 
of patients and waiting times are shown in Figure 1. 
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Figure 1: Results regarding selection of patients and waiting times for DUM, SUM and FCFS models. 

With SUM model, there has been an increase in the proportion of patients scheduled as the 

utility values are increasing. For the FCFS model, the proportion of patients scheduled is 

approximately the same for all utility classes. For DUM model, for patients with higher utility values, 

the proportion of scheduled ones is also higher; however, there is a greater proportion of patients 

with less utility scheduled, because this model should also select patients with lower values of utility 

but higher accumulated waiting times.  

Concerning waiting times, with FCFS model little difference is shown between the waiting times 

of the scheduled and uscheduled patients. Moreover, the number of waiting sessions is constant 

regardless of the utility classes. For SUM model, the waiting times for patients with higher utility values 

are lower than waiting times for patients with lower utility values. However, DUM model selects 

patients with longer waiting times than SUM model. Indeed, DUM model, proposed in this thesis, 

constitutes a balanced approach between patients’ real needs and waiting times. The update formula 

should be designed or adapted according to the objectives of the model, since it highly impacts the 

results. 
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VII. Conclusions: 
This paper is done to analyze the impact of including a prioritization system in the optimization 

of the operating room scheduling process, using a Canadian hospital case study, where the access 

to elective surgery is increasingly difficult. The prioritization is based on a utility value that accounts 

not only the medical situation of the patient, but also their psychological and social condition to really 

determine what is the strategic value of the surgery to the patient. Using this value in the optimization 

system allows to better select patients to be scheduled, instead of using the common first-come-first-

served approach. 

To tackle this problem, an integer linear programming model is proposed, including, as an 

objective, the patients’ needs compliance. The model was tested with random generated data based 

on the hospital information. The results show that patients with higher utility values are preferentially 

selected, while the ones with lower utility values are not neglected, based on their waiting time and 

the rolling horizon approach. Besides there is some workload balance between surgeons, a close to 

ideal number of scheduled surgeries, and acceptable rates for pre-assigned doctors’ compliance. 

Results also support the decision of the hospital in not allowing overtime. An approach that consider 

patients’ condition evolution is proposed and compared to the static version of the model and to a 

FCFS approach. This formula allows patients, whose condition worsen and that were initially not 

scheduled, to be scheduled. However, the formula should be designed according to the objectives of 

the user. 

In this case study, incorporating a dynamic utility value in the optimization system allows patients 

to be selected according to, not only their waiting time, but also their needs. This dynamic value 

represents the real (updated) condition of the patient and therefore, patients with worsening 

conditions are prioritized and their waiting time is reduced, avoiding consequences on their health 

caused by the long waiting times. 

This model can be easily adapted to other contexts that involve queues in the scheduling 

methods. It returns good results in relatively shorts periods of time. In the future, this model should 

be validated with real data, the planning horizon should be extended for four weeks to cope with the 

hospital current method and more research should be done on the rolling horizon approach. To be 

used by services, also a user-friendly interface should be created. 
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