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A b s t r a c t :  The Portuguese National Health Service case on surgery production is characterized by long waiting lists and the 
inability of meeting all demand in the guaranteed time, with 20% more demand than supply capacity. With the main objective of 
improving the supply of surgical care and increasing resource utilization efficiency, the operating room planning and scheduling 
problem is widely studied in the literature. However, for hospital administrations, choosing a scheduling model is not simple, since 
the models are not directly comparable, employing different objectives and parameters, which are tested in different instances. 
Currently, no fair comparison of models exists in the literature; this dissertation’s objective is to develop a benchmark of models 
on the operational decision level of operating room planning and scheduling according to established key performance indicators. 
A literature review is performed and the reviewed papers are analysed and schematically classified under four tailored domains. 
According to defined criteria, the models of three papers are selected to partake in the benchmark. The instances used in the 
computational experiments are provided by two Portuguese public hospitals. Results of the benchmark show that the findings vary 
according to the models, instances and indicators being tested. No dominance between models has been found although the 
surgeons’ model of Marques and Captivo (2017) fails to adequately perform in most indicators, mainly patient and surgeon focused 
indicators. The creation of a decision support model to assign value functions in each criterion and weighs between the criteria is 
necessary to achieve a hierarchy between models. 

K e y w o r d s :  Operating Room Scheduling; Optimization Models; Mixed Integer Programming; Stakeholders; Benchmarking; 
Performance Assessment. 
 

1. Introduction 

Ensuring health to all citizens is becoming more deman-
ding as the conditions of the population keep changing, due 
to the rate of population growth, higher life expectancy, and 
increasing of the elder population proportion. In the last 
eight years, the demand for surgeries in the Portuguese 
National Health Service, Serviço Nacional de Saúde (SNS), 
has increased by 23,1% from 2010 to 2018. Even though the 
number of surgeries performed in SNS has also increased, it 
is proving difficult to meet demand, with a steady value of 
19% more registrations than performed surgeries in the 
same period (Ministério da Saúde 2019). 

The optimization of these services is therefore essential, 
not only to employ the given budget as efficiently as possible 
but also to answer the high surgery demand observed. 
Regarding the operating theatre (OT), several measures can 
be taken to better optimize the service. The most developed in 
the literature concerns operating room (OR) planning and 
scheduling. Nevertheless, developing an optimized schedule 
that suits all stakeholders is one of the major difficulties for 
OR managers. Part of these difficulties arises due to numerous 
complex and conflicting constraints. Also, the objectives to 
achieve can be conflicting, with different stakeholders having 
preferences and asking for performance in distinct indicators. 
Clear prioritization of key performance indicators (KPIs) 
needs to occur so the planning and scheduling can be opti-

mized. In the literature, multiple papers are published, with 
different approaches regarding the decision levels, which 
constraints to take into consideration and which objectives to 
respond to (Zhu et al. 2019). These papers also test under dis-
tinct instances which makes them hard or impossible to 
directly compare.  

The context of impossibility to compare different models 
and approaches in the current literature motivates the disser-
tation’s research objective of developing a benchmark of OR 
scheduling models already published in literature. The mod-
els are tested using instances from two large public-funded 
hospitals (Centro Hospitalar Lisboa Norte (CHLN) and Hospi-
tal Espírito Santo de Évora (HESE)). The waiting lists (WL) 
comprise 3 033 and 2 437 episodes, from four and seven 
specialities, respectively. Additionally, this work has the goal 
of extending the literature review of Zhu et al. (2019), with the 
inclusion of new manuscripts released, to obtain an updated 
and structured literature review on the operational decision 
level of the OR planning and scheduling problem. 

The contributions of this work for the hospitals include: 
the creation of an evaluation matrix based of different KPIs 
and a benchmark on selected models to compare the outcome 
solutions in line with the KPIs, which are valued by the SNS 
and other hospital stakeholders. 

The remainder of this paper is organized as follows: 
Section 2 proceeds with the presentation of the case studies. 
Section 3 contains the literature review on the OR planning 
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and scheduling problem, while Section 4 presents the criteria 
for the selection of the models and the models to partake in 
the benchmark. Section 5 presents the instances and indicates 
the benchmark results. Section 6 concludes the paper and 
gives some future extensions of this work. 

2. Case Studies 

2.1 The SNS 

The SNS was founded in 1979 with the primary objective of 
guaranteeing access and coverage to all population. It is com-
posed by primary care units, hospitals and continuous care 
units. Regarding the hospital sector, there are currently 230 
hospitals in Portugal, of which 111 are public and public-
private partnership (PPP), an integral part of the SNS, and 119 
are private (INE 2020). Since the instances used in the compu-
tational experiments are from CHLN and HESE, this work 
focuses in those two public-funded hospitals. 

2.2 CHLN 

The CHLN is a central hospital  and is located in Lisbon as 
part of LVT Regional Health Administration (RHA). It is 
composed by Santa Maria University Hospital, E.P.E. (HSM) 
and Hospital Pulido Valente, E.P.E. (HPV). The CHLN provides 
care mainly to the area of Unit of Northern Lisbon with more 
than 329,000 inhabitants. Despite their centrality, HSM and 
HPV have distinct and complementary characteristics that 
have enabled better integration: HPV has high specialization 
in the areas of intervention; HSM, stands out for diversity in 
the various areas of medicine. This model allows for more 
adequate management of the differentiated health care units 
in question, in order to obtain the maximization of the 
resources involved, a reduction in operating costs, as well as 
gains in productivity and efficiency. 

The central OT (COT) in HSM serves five surgical speciali-
ties, namely general surgery, orthopedy, vascular surgery, 
urology and gynaecology, plus emergencies. All other speci-
ality surgeries are performed in peripheral and dedicated ORs. 
While HSM serves elective and non-elective surgeries, HPV 
only has the elective ambulatory surgery service. In Table 1 it 
is also possible to compare the number of surgeries with the 
performed value in the LVT region and the rest of Portugal. 
These values consider only elective  surgeries. As can be seen, 
CHLN is responsible for approximately 15,6% of LVT elective 
surgical production in 2019, where there are 14 other hospital 
institutions that perform surgery. It is also possible to see in 
the table that the total number of elective surgeries has been 
stable from 2014 to 2019, but with a continuous significant 
decrease in inpatient surgery and an increase in outpatient 
 

 

Table 1 - No. of programmed surgical interventions in CHLN, LVT 
RHA and Portugal, in thousands (SICA 2020) 

 2014 2015 2016 2017 2018 2019 

CHLN 29,8 31,7 32,6 32,4 29,5 30,0 

  Inpatient 16,2 16,2 15,6 13,3 11,2 10,5 

  Outpatient 13,6 15,5 17,0 19,1 18,3 19,5 

% of LVT RHA 17,0% 18,3% 18,0% 17,2% 15,6% 15,6% 

LVT RHA 175,4 173,7 181,0 188,9 188,4 192,8 

Portugal 546,3 552,5 565,7 575,8 572,5 604,3 

surgery. This increase in ambulatory surgeries is explained by 
the pressure from the SNS to opt for this type of surgery 
whenever possible, since it decreases the time the patient is at 
the hospital, reducing risk of hospital infections and increas-
ing the turnover of beds. 

In this work, only the COT of HSM will be under study as 
the information and data on peripheral ORs and ORs from 
HPV is not centralized and thus more difficult to obtain. 

2.3 HESE 

HESE is a central hospital, located in Évora, Alto Alentejo, 
being part of the Alentejo RHA. HESE provides direct care to 
the district of Évora with 152 865 inhabitants and also an area 
of indirect influence which covers the entire region of 
Alentejo, corresponding to 319 000 inhabitants. 

The number of elective surgical interventions has been in 
constant growth since 2017 as can be seen in Table 2. In 2019 
there were almost 24% more surgeries than 2014. Despite the 
constant growth since 2017, the hospital points to the diffi-
culty felt in the OT in relation to human resources but does 
not specify the causes or actual repercussions. The number of 
surgeries performed in HESE represents more than 55% of the 
value in Alentejo RHA, where there are four hospitals 
performing surgeries. The value of elective production has 
risen in the last three years, as seen before, but similarly to 
CHLN, the main increase stands on the ambulatory surgery 
rather than the conventional. All these surgeries are per-
formed in the COT and correspond to the specialities of 
general surgery, orthopaedics, urology, ophthalmology, 
plastic surgery, OTR and stomatology, plus emergencies. 

Table 2 – No. of programmed surgical interventions in HESE, 
Alentejo RHA and Portugal, in thousands (SICA 2020) 

 2014 2015 2016 2017 2018 2019 

HESE 13,5 12,6 12,7 11,6 14,6 16,7 

  Inpatient 4,9 5,0 4,6 4,2 4,8 5,5 

  Outpatient 8,6 7,6 8,1 7,4 9,8 11,2 

% of Alentejo RHA 52,7% 49,2% 46,6% 45,5% 52,8% 56,5% 

Alentejo RHA 25,6 25,5 27,3 25,5 27,6 29,6 

Portugal 546,3 552,5 565,7 575,8 572,5 604,3 

2.4 Surgery Process in SNS 

In the beginning of the surgery planning process, a care 
plan for the patient must be designed. The care plan includes  
the surgical intervention strategy and is developed by the 
responsible physician to address the patient’s problem. When 
starting the care plan, the patient is pre-registered in the WL 
and the waiting time starts. From here, there are maximum 
guaranteed response times, tempo máximo de resposta 
garantido (TMRG) established to perform the surgery 
(Portaria n.o 153/2017 de 04 de Maio 2017). The TMRG is based 
on four clinical priorities, in accordance with the illness itself, 
among other factors. At an operational level, patients are 
scheduled firstly according to their priority level, and if two 
patients have the same priority, antiquity in the list shall be 
considered, with the one who has been in the list the longest 
having a higher priority. Also, hospitals are asked to schedule 
patients two times per week. This is not verified since most 
hospitals schedule patients on a weekly or fortnightly basis, 
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and online perform punctual online rescheduling if needed 
(due to no-shows or cancelations). 

After being scheduled, the patient is required to be at the 
hospital for surgery and awaits in preoperative units. In SNS, 
the surgery teams are composed by two surgeons, one anaes-
thesiologist, and three nurses, each with a distinct function. 
Other participants as technical staff are allowed when needed. 
After the surgery, the patient is sent to a post-anaesthesia 
care unit or to a recovery units, depending on the patients’ 
condition. When the responsible surgeon considers the 
patient ready to be sent home, a medical discharge is issued. 

2.5 Surgery Stakeholders and Performance Indicators 

Described in Penedo et al. (2015), all OT procedures require 
multidisciplinary teams, the availability of human resources 
and their correct management. The main stakeholder in the 
surgery process is the patient since the type of surgery and 
thus, the time the surgery takes depend on the patient’s 
pathology and characteristics, as well as the number and 
speciality of the required physicians. Furthermore, patients 
present causes for schedule disruptions, via cancelations and 
delayed arrivals. Also accounted as a main stakeholder, 
surgeons are the physicians responsible for performing 
surgery, being the procedure’s outcome highly dependent on 
the surgeon’s expertise. The surgeon concentrates most of 
the decision-making powers during the surgical procedure, 
and in the scheduling process. He is accountable for the 
surgery duration time and the selection of patients to sched-
ule, having a great impact on OR utilization. Besides patients 
and surgeons, as mentioned, the surgery is also dependent on 
anaesthesiologist, nurses and other staff. It is important to 
note that the scarcity of anaesthesiologists is a factor with 
high impact on surgical production. According to Ramos 
(2018), the reduced working hours of the COT is mainly 
related to their shortage. Likewise, Penedo et al. (2015) points 
to the fact that, in HESE, surgeons and ORs could be more 
utilized if there were sufficient anaesthesiologists. 

In 2013, to assess the OTs with respect to their physical 
capacity, human resources, production, and quality, the 
Ministry of Health created a working group to carry out the 
first study on the subject of evaluating the OT’s situation in 
Portugal. As a result, the 2015’s Assessment of the National 
Situation of OTs - Penedo et al. (2015) has been published. In 
this work, performance indicators were created to evaluate 
the quality, production, and productivity of each OT. These 
indicators were considered suitable to give a complete evalu-
ation of the OT regarding all stakeholders. Currently, this is 
still the only national assessment of OTs and therefore most 
performance indicators used in this thesis are extracted from 
this work. The performance indicators used for the bench-
mark are present in Section 5. 

2.6 Problem Scope Definition 

To improve both the surgical production and stakeholder 
satisfaction, this study proposes a benchmark of selected 
models from the literature, by using the same instances, 
collected from CHLN and HESE. The focus is done on the 
advance scheduling problem, further detailed in Section 3, 

since an optimized case assignment leads to the decrease of 
under- and overutilization of resources, leading to less 
cancelations and sequentially, a higher patient satisfaction. 
For that reason and to evaluate the obtained solutions, a 
matrix composed of indicators that have priority to SNS is 
created. By using this evaluation method and the same 
instances in all models, it is implied that models with a higher 
overall score in the benchmark are more suitable for daily 
hospital utilization, at least, in the SNS. 

3. Literature Review 

To address the OR planning and scheduling problem the 
optimization of ORs has been studied for several years in 
academic research. OR literature can be divided into three 
decision levels (Cardoen et al. 2010), namely strategic in long-
term level, tactical for medium-term and operational in 
short-term. Strategic and tactical decisions aim, from long- 
to medium-term, at speciality capacity planning, human 
resources distribution, surgery forecast and creating cyclic 
schedules or MSSs. Operational decisions are centred in 
scheduling patients from a WL to a specific day and starting 
time. This optimization is usually divided into two phases, 
advance scheduling and allocation scheduling. The remainder 
of the literature review is divided in four domains: decision 
levels; patient characteristics; scheduling strategies; and 
problem features. 

3.1 Decision Levels 

The operational decision level regards short term deci-
sions involving selecting cases from a patient or surgery case 
list, assign a surgery date, OR and a starting time. This level 
can also be referred to as the surgery scheduling problem 
(SSP). As mentioned, the operational decision level is often 
divided in advance scheduling and allocation scheduling. 

Advance scheduling consists of selecting the cases from a 
set of patients registered in a WL, assigning an OR and a 
specific day within a defined planning horizon. When select-
ing elective patients from the WL, most authors consider a 
priority score which prioritizes patients according to the 
urgency of surgery and the waiting time (Min and Yih 2010; 
Testi et al. 2007; Valente et al. 2009). Jebali and Diabat (2015) 
present a case where the admission date of a patient is already 
scheduled but due to trade-offs between the hospital’s 
resource management and patient-related costs, the surgery 
can be postponed and the admission date can change. 

In most studies, the relation between the patient and the 
surgeon is pre-established and the patient is allocated to a 
block assigned to the corresponding surgeon (Guido and 
Conforti 2017; Roshanaei et al. 2017b). Molina-Pariente, et al. 
(2009) studies an elective case scheduling problem by analys-
ing two policies of surgery scheduling, namely assigning a 
patient to a surgeon and then the tuple to an OR, or the inverse 
situation where a patient is assigned to an OR and then a 
surgeon is allocated to the tuple, pointing that the latter 
allows more flexibility. To maximize the number of scheduled 
patients, or to deal with possible stochasticity, some papers 
allow overtime (Addis et al. 2014; Astaraky and Patrick 2015; 
Lamiri et al. 2007), even though most authors do not allow it. 
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The allocation scheduling consists of selecting a starting 
time or sequence definition to each individual surgery (Zhu et 
al. 2019), although Samudra et al. (2016) also consider the 
allocation of the ORs. When sequencing patients, Hamid et al. 
(2019) state that the setup-time for each individual surgery is 
dependent on the sequence, mainly in surgeries that imply 
longer times and more critical conditions. The study of differ-
ent sequencing rules has been investigated by few authors 
(Liang et al. 2015; Marcon and Dexter 2006; Testi et al. 2007). 
Testi et al. (2007) use  simulation to validate an MSS developed 
in an earlier phase and analyse longest waiting time, longest 
processing time and shortest processing time sequencing 
rules. Marcon and Dexter (2006) study different sequencing 
rules in a means to smooth the flow of patients entering the 
PACU and thus reducing peaks of post-surgery resource 
utilization. Khaniyev et al. (2020) focus on assigning starting 
times for each surgery, considering a given number and 
sequence of surgeries with uncertain duration. 

The integration of both advance and allocation scheduling 
problems has also been studied. Wang et al. (2015) solve the 
problem by choosing which patients can be operated within 
the planning horizon and the day of surgery, and then, a 
sequencing problem, minimizing the number of ORs to open. 
Developing and solving both phases in a generalized model 
allows more optimized solutions, although increases the 
problem complexity. After selecting and assigning surgeries 
to ORs, Jebali et al. (2006) use two strategies to sequence cases. 
The first consists in taking the surgeries assigned in the first 
step and sequence them. The second reconsider the assign-
ment of surgeries to the ORs. The authors stated that the 
second strategy slightly improves the overall score in the 
objective function compared with the first. 
 

3.2 Patient Characteristics 

Two categories are used to classify patients, namely the 
type of admission and the length of stay in the hospital.  

Type of admission distinguishes between elective and 
non-elective patients. The distinction between both lays in 
the urgency of surgical treatment (less and more urgent, 
respectively). Few researchers fundament their choice to 
disregard non-elective patients, indicating that in the prob-
lem under study the ORs are dedicated to elective surgeries 
exclusively (Díaz-López et al. 2018; Dios et al. 2015; Fei, Chu, 
and Meskens 2009; Guido and Conforti 2017; Hamid et al. 
2019; Lamiri, Augusto, and Xie 2008; M’Hallah and Al-Roomi 
2014; Rath et al. 2017; Testi and Tànfani 2009; Testi et al. 2007; 
Vali-Siar et al. 2018; Zhang et al. 2019). For handling emer-
gency patients the main policies are dedicated policy and 
flexible policy (Ferrand et al. 2014; Van Riet and Demeu-
lemeester 2015). In a dedicated policy, specific ORs are used 
for emergencies (Roshanaei et al. 2017a). The flexible policy 
can be divided into two - insertion policy, that consists in 
scheduling an emergency case in-between elective cases (van 
Essen et al. 2012), and reserved slack, that implies reducing 
the total capacity of each OR to allow slack for emergencies 
(Kamran et al. 2019). 

The length of stay of the patients distinguishes inpatients 
and outpatients based on the time from the surgery until 

medical discharge. Outpatients stay in the hospital less than 
24 hours and inpatients are required to stay longer. The 
distinction, however, is rarely done in the literature. Guda et 
al. (2016) consider that unlike inpatients, outpatient surgeries 
have a probability of starting earlier than expected if the room 
is already vacant since almost no patient preparation is 
needed. In Meskens et al. (2013), alongside with high-priority 
patients, outpatients should be operated as early as possible, 
allowing the patient to recover and leave the hospital on the 
same day without utilizing a bed over-night. 

3.3 Scheduling Strategies 

When addressing the SSP, different scheduling strategies 
may be employed, namely block, open and modified block 
scheduling strategies (Marcon and Kharraja 2003).  

Block scheduling strategy refers to strategies where 
surgeons or specialities are allocated to certain time-blocks 
and patients can only be scheduled in a corresponding block. 
With this strategy Shylo et al. (2013) state that if resources 
shared among specialities are not considered, all speciality’s 
schedules are independent of other specialities. This allows 
decomposing the surgical case assignment problem in a set of 
nonoverlapping subproblems, one for each speciality or 
surgeon (Marques and Captivo 2017). Agnetis et al. (2014), 
point that some specialities need particular ORs due to special 
requirements of resources and equipment. 

Open scheduling strategy allows patients to be scheduled 
in any OR, without assigning specialities to ORs or time 
blocks, allowing more flexibility. Abedini et al. (2016) identi-
cal ORs and a set of surgeries with a determined speciality 
associated. In the model, the authors consider a fixed setup 
cost whenever two consequent surgeries from different 
specialities are scheduled in the same OR. To decrease the 
speciality turnaround time, few researchers use a particular 
case of the open scheduling strategy, consisting in blocking 
the OR to the speciality of the first surgery assigned for that 
day (Castro and Marques 2015). Dios et al. (2015) use an open 
scheduling strategy to model both advance and allocation 
scheduling at short to medium-term periods. The authors 
consider the heterogeneity of ORs and also the idle time of 
surgeons between surgeries. 

The modified block strategy presents a compromise 
between both strategies that lead to a combination of free and 
reserved blocks. This strategy is rarely studied in literature. 
Kamran et al. (2019) opt to develop a modified-block strategy, 
reserving some bocks for specialities while leaving others 
open for patients of different specialities. This hypothesis is 
made under the assumption that all specialities to be sched-
uled in any open block are fitted to operate in an all-purpose 
OR, without any special need. The same principle is used in 
Lamiri, Xie, et al. (2008), where the authors establish semi-
open blocks that although assigned to a certain speciality, can 
have surgeries from other specialities, when there is available 
capacity, but with a higher cost. 

3.4 Problem Features 

The classification in this work includes the degrees of 
uncertainty, a vertical and horizontal integration and the 
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studied objective functions. The SSP have an intrinsic nature 
of uncertainty. The uncertainty in the case duration, most 
studied, has a large impact both on under- and overtime, that 
leads to idle time or possible surgery cancellations. To esti-
mate the duration of the cases, researchers often probability 
distributions. Lognormal distributions are shown to be the 
most used due to its fitness to real hospital scenarios (Landa 
et al. 2016; Zhang et al. 2019). In Marcon and Dexter (2006), a 
lognormal distribution is used to model the OR surgery time 
and additionally, the post-anaesthesia care unit time. When 
dealing with uncertain demand, representing new arrivals, 
Poisson distributions are used in most papers (Astaraky and 
Patrick 2015). Erdogan and Denton (2013) consider that the 
duration and number of surgical cases are uncertain due to 
tardy cancellations and no-shows. The presence of no-shows 
is common in outpatient clinics (Lee et al. 2005), creating idle 
times, resource wastage and underutilization of ORs. The 
arrival of emergency patients is also important to tackle.  A 
stochastic model is proposed in Lamiri, Xie, et al. (2008) to 
address the uncertainty in emergency arrivals, considering 
the capacity required for emergency cases arriving at each 
moment as a random variable. Besides the use of probability 
distributions, robust optimization is also used in literature as 
an approach to deal with stochasticity (Addis et al. 2014; 
Marques and Captivo 2017; Moosavi and Ebrahimnejad 2018; 
Rath et al. 2017). Molina-Pariente et al. (2015) consider that 
although patients are assigned to surgeons in advance, the 
allocation of an assistant surgeon to each surgery is stochas-
tic, assuming that the surgery duration is highly dependent 
on the assistant surgeon level of expertise. Both Azari-Rad et 
al. (2014) and  Lee and Yih (2014) consider that due to shortage 
of certain type of resources downstream, the patient path, 
regarding recovery beds, wards and other postoperative care 
units can change. Barz and Rajaram (2015) consider that elec-
tive and non-elective patients consume different types and 
quantities of resources. 

In integration, it is important to distinguish between 
horizontal and vertical integration. Whereas horizontal inte-
grations accounts for the number of specialities, ORs and 
possible staff rostering, vertical integration includes the 
combination of pre- and postoperative units. Although most 
papers focus in multi-OR problems, when tackling the allo-
cation scheduling in daily basis, exceptions arise (Khaniyev et 
al. 2020). On the other side of OR integration, Roshanaei et al. 
(2017a) studies a problem consisting in a network of multiple 
hospitals, where ORs, patients and surgeons are collabora-
tively taken into consideration. The problem of nurse roster-
ing alongside with surgical case scheduling has also been 
subject of concern in the literature (Beliën and Demeu-
lemeester 2008; Bilgin et al. 2012; Xiang et al. 2015a). Regard-
ing vertical integration, few authors consider the patients’ 
stay in the preoperative holding unit before surgery  (Jebali et 
al. 2006; Niu et al. 2013; Schmid and Doerner 2014; Xiang et al. 
2015a; Xiang et al. 2015b). By contrast with preoperative 
resource analysis that is scarce in the literature, post-opera-
tive resources are accounted in some papers with many 
authors recognizing their importance to the underlying prob-
lem. Azari-Rad et al. (2014) and Lee and Yih (2014) consider a 

re-routing in recovery units, when the needed resources are 
unavailable while some authors consider that the OR becomes 
blocked and all surgeries are delayed or cancelled until down-
stream resources are released (Fei et al. 2010; Hamid et al. 
2017; M’Hallah and Al-Roomi 2014). 

3.5 Literature Review Conclusion 

Although each paper brings novel perspectives, instances,  
and models, to our knowledge, few studies have been imple-
mented in real scenarios. Furthermore, no study has been 
performed in comparing different existing models, under the 
same instances. It is possible to conclude that a benchmark 
with existing models, and instances from real hospitals 
alongside with objectives compliant with hospital stakehold-
ers' goals should be studied. 

4. Model Selection and Preliminary Comparison 

The selection of the models for the proposed benchmark is 
a major concern to hospital and particularly OR managers. To 
select the papers and therefore the models, multiple criteria 
have been developed, according to the characteristics of the 
case studies. The papers must meet the following criteria: 

- Address the advance scheduling problem; 
- Employ block/modified-block scheduling strategies; 
- Study the scheduling of elective patients; 
- Address multi-OR problems in one hospital; 
- Present an explicit mathematical model formulation; 
- Only papers from 2010 to 2020 are considered. 

From the resulting papers, three papers have been chosen 
(Kamran et al. 2018; Marques and Captivo 2017; Moosavi and 
Ebrahimnejad 2020) for their focus on multiple stakeholders, 
namely focus on the patient, through priority and waiting 
time, focus on management and focus on surgeons. In the 
remaining of this dissertation, the models of Kamran et al. 
(2018), the administration’s, the surgeons’ and the mixed 
version of Marques and Captivo (2017), and the model of 
Moosavi and Ebrahimnejad (2020) are also referred as KKD, 
MC.Admin, MC.Sur, MC.Mix and ME, respectively. 

Even though addressing the advance scheduling phase of 
the SSP, each one of the five models encompasses different 
approaches. For example, ME has a broader spectrum of 
goals, focusing on tactical decisions as well. Through the 
adaptation performed in this work, focusing only on part of 
them can lead to sub-optimal results in the needed objectives. 
Regarding the considered objectives, it is interesting to ana-
lyse which mechanisms are used to schedule patients. 
MC.Admin  considers two distinctive terms for both scheduled 
and unscheduled patients, removing the linearity, which 
allows to increase the relevance of patients with higher prior-
ity or smaller number of days until TMRG. In the particular 
case of this version of the model, there is a step-wise increas-
ing penalty based on the TMRG for not scheduling patients, 
which suggests that patients with a higher number of days out 
of TMRG are unproportionally more plausible to be selected. 
KKD and ME consider similar cases of having an extra day in 
the planning horizon where all the episodes that have not 
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been selected are allocated. In ME, the value of the function 
for the scheduling of patients varies between zero for patients 
out of TMRG and a positive value for each patient within 
TMRG. This implies that there is no implicit order for select-
ing patients out of TMRG based on this parameter. The same 
occurs in KKD for the selected patients, although, for the 
patients not selected, the actual number of days until due date 
and priority are considered. By considering a penalization for 
unscheduled episodes, KKD is expected to schedule more 
patients than ME and thus reducing the unscheduled list. In 
an opposite point-of-view, the MC.Sur benefits patients with 
lower waiting times, selecting the ones which have entered 
the list more recently. This particularity, even though not 
providing equity in the selection, is important to be consid-
ered as it is expected to mimic the surgeons’ real behaviour at 
the hospitals. For that reason, MC.Mix was developed being a 
combination of the administration’s version for the morning 
shifts and the surgeons’ one in the afternoon shifts. MC.Mix 
is expected to significantly improve the number of scheduled 
patients with higher waiting times when compared to MC.Sur, 
although not reaching the volume of MC.Admin for these 
patients. 

Besides the scheduling of patients, other objectives and 
restrictions are also considered. Although no limits are estab-
lished in this work, both KKD and all Marques and Captivo 
(2017) versions of the model bear into consideration a maxi-
mum operating capacity for the surgeons. That parameter is 
not envisioned in ME but can be highly useful when imple-
menting models in hospitals where capacity limits are 
imposed. KKD extends the considerations for surgeons with 
an objective to minimize the number of working days per 
surgeon as well. Hence, it is expected that the findings present 
a lower average of working days per surgeon when compared 
to the others. Also, it includes an objective on the minimiza-
tion of overutilization, while ME encompasses not only the 
over- but also the reduction of underutilization. Marques and 
Captivo (2017), on the contrary do not allow any overutiliza-
tion in the models. 

5. Results and Discussion 

This section presents the application of the models to 
CHLN and HESE case studies. All models are coded in Python 
3.6.5 with JupyterLab v2.2.6 and are solved using the software 
IBM ILOG CPLEX 12.10.0. The tests were performed in a 
computer running Windows 10 with an Intel® Core Inside™ 
i7-6820HQ, four cores, processor of 2.70 GHz and 16 GB of 
RAM. Having in consideration real-life scenarios, a time limit 
of 10 minutes was established. The computational experi-
ments are then used for the benchmark. 

5.1 Evaluation Matrix Formulation 

To perform the benchmark, the evaluation matrix is first 
formulated. The matrix is composed by different KPIs, adjus-
ted to SNS and other stakeholders’ objectives, using the work 
of Penedo et al. (2015) as a basis for the selection of KPIs. The 
indicators used are gathered in three groups, namely quality, 
production and productivity (Table 3). Alongside the indica-
tors, the best solution value for each is also presented. Depen-

ding on the KPI, it can be the highest value (HV), lowest value 
(LV), 100% or zero. It is worth highlighting that the best 
solution value in Table 3 and the values of reference chosen in 
Penedo et al. (2015) have no direct correspondence. 

Table 3 - Selected KPIs by group, and best solution value 
Group Indicators Best solution 

value 

Quality Percentage of scheduled surgeries after 
TMRG 

HV 

Mean of the waiting time of scheduled 
surgeries (in days) 

HV 

Mean of the waiting time of surgeries not 
scheduled (in days) 

LV 

Average no. of working days per surgeon LV 

Production No. of scheduled elective surgeries HV 

Average OR utilization time (in percentage 
of available OR time) 

100% 

Amount of overutilization (in minutes) 0 

Amount of underutilization (in minutes) 0 

Productivity Average no. of surgeries per dedicated block HV 

Average no. of surgeries per speciality HV 

Average no. of surgeries per surgeon HV 

Table 4 - Solution values and gaps over the different models 
Instances Episodes in WL Blocks in MSS Model Solution Value Gap 

CHLN 3 033 43 KKD 431 154 0,00% 

   MC.Admin 774 467 0,07% 

   MC.Sur 630 141 0,01% 

   MC.Mix 775 312 0,07% 

   ME 132 328 0,60% 

HESE 2 437 29 KKD 551 728 0,00% 

   MC.Admin 578 521 0,02% 

   MC.Sur 380 038 0,09% 

   MC.Mix 592 552 0,03% 

   ME 169 290 0,02% 

5.2 Case Studies Results 

The computational experiments showed that with the 
enforcement of a time limit, most models did not reach the 
optimal solution, presenting a feasible solution and the 
respective gap (Table 4). When comparing the results, the 
value of the solution value for any model has no significance 
as each objective function is different.  

Both instances used in the tests are detailed in Table 5. It is 
important to highlight that the surgery and room duration 
times in CHLN instance are calculated using the average 
utilization times from the surgical record of 2013 to 2015. 
Whereas the room duration accounts for the time on the OR, 
the surgery time indicates the time in which the surgeon is 
needed. In HESE, the duration was already present in the WL 
and only room duration was accounted. Furthermore, data of 
the actual surgical plan for the week under consideration in 
CHLN was also given. Hence it is possible to compare the 
results of with the actual scheduling plan for CHLN. 

5.2.1 Intra-Indicators Analysis 

All models have successfully scheduled patients from a 
total of 3 033 and 2 437 patients in the WL of CHLN and HESE. 
Regarding number of scheduled patients (Table 6), the find-
ings show that in CHLN the best results is achieved by MC.Sur 
with 109 patients scheduled.   It is also the model that sched- 



7 
 

Table 5 - Instances’ characteristics for CHLN and HESE 

Table 6 - Model findings on episode scheduling for CHLN and HESE 

ules more patients with HESE instance (274 patients). 
Although the number of blocks in HESE is lesser than in CHLN 
(Table 4), a shorter average surgery time for HESE surgeries 
(36,0 minutes compared with 169,3 minutes in CHLN) is 
deemed as the reason for a higher number of patients sched-
uled in HESE. The rest of the models follow the same pattern, 
with ME and MC.Admin achieving the worst result in CHLN 
(92  and 93 patients, respectively) and HESE (238 and 230 
patients, respectively). Through Table 6 it is also possible to 
see that the actual plan from CHLN schedules 82 patients. The 
used parameters and assumptions under which the models 
were run are estimates and therefore, although close to real-
ity, they have variations from the real scenario. For these 
reasons, the expected production values from the CHLN plan 
are used as guidelines and cannot be compared directly. 

However, Table 6 shows that the CHLN plan schedules 
patients from priority two and one have whilst priority three 
patients were still on the WL, demonstrating that the SNS 
guidelines on scheduling priorities are not being followed.  
MC.Sur, as expected, fails to schedule priority two and three 
from the WL, whereas the best results are shown by 
MC.Admin and MC.Mix. The variations in the findings of ME 
between both tests regarding the priorities, indicate that 
using only one or two case studies, or sets of data, to deter-
mine the quality of a model is not sufficient, as the result can 
differ with other instances. 

Besides the surgery priority, the time in the WL and the 
time until due date/TMRG is also an important factor. Table 6 
indicates the number of tardy scheduled surgeries, which 
already passed TMRG. The value for the CHLN plan shows that 
only 12% of the patients selected are out of due date, although 

there are 943 in the WL, which contributes for the high 
number of tardy episodes in the WL. As expected, MC.Sur 
mimics the surgeons’ scheduling behaviour, although being 
more extreme, with no tardy patient selected in comparison 
with ten patients selected in CHLN plan. On the other end, the 
KKD schedules 86 tardy patients. Despite being in second in 
terms of absolute number of tardy scheduled episodes (76 
patients), the results of MC.Admin show the highest percent-
age between scheduled tardy patients and total scheduled 
patients (81,72%) compared with KKD (79,63%) for CHLN. 
Being a hybrid model between MC.Admin and MC.Sur, as 
discussed before, MC.Mix has a clear improvement on the 
resulted of the later, almost reaching the result of the former. 
The results of ME using CHLN instances show a balance 
between tardy scheduled episodes and in-time scheduled 
episodes, having almost 45% tardy and 55% in-time episodes. 
However, ME presents the best result using HESE data, with 
222 tardy patients scheduled (93,28%). This different behav-
iour shows that, by changing the testing samples, findings 
can differ. Only with an average over a large number of sets of 
data, extrapolations can become more secure. Besides ME, all 
the other results are coherent with the findings of CHLN – 
KKD has the highest number of tardy scheduled episodes, 
even though MC.Admin has a higher ratio between tardy and 
total scheduled episodes. Unfortunately, the surgical plan of 
HESE for the week under study was not provided, so a 
comparison with their data is not possible. 

Selecting patients with higher waiting times leads to a WL 
of patients with lower waiting times. However, analysing only 
the number and distribution of tardy patients, or the absolute 
number of tardy scheduled surgeries is not sufficient to 

Instance Speciality  Days M shifts A shifts No. of surgeons No. of episodes WL Avg. surgery duration Avg. room duration Avg. episode due date 

CHLN GEN  5 10 5 48 526 78,4 155,9 104,9 

 ORT  5 9 1 30 894 125,2 228,9 2,6 

 URO  5 5 3 31 572 57,9 122,9 64,0 

 VAS  5 5 5 29 1 041 79,2 150,4 5,4 
           

HESE GEN  5 6 4 21 711 - 51,8 33,0 

 PLA  1 0 1 3 285 - 29,5 111,3 

 STO  1 1 0 3 14 - 33,9 -85,5 

 OPH  4 4 0 14 650 - 15,7 54,0 

 ORT  5 8 0 6 240 - 46,0 42,9 

 OTR  2 0 2 7 301 - 39,9 -150,6 

 URO  1 0 1 4 236 - 37,6 -203,4 

Instance Model No. of scheduled  
episodes 

Priority Tardy episodes Avg. no. of days  until TMRG 

1 2 3 Absolute no. % of Sched. Scheduled Surgeries Surgeries not scheduled 

CHLN Total in WL 3 033 2 949 63 21 943 31,10% - - 

 Plan 82 63 16 3 10 12,20% - - 

 KKD 108 81 13 14 86 79,63% -67,88 36,63 

 MC.Admin 93 63 14 16 76 81,72% -252,91 41,95 

 MC.Sur 109 109 0 0 0 0,00% 162,54 28,08 

 MC.Mix 100 71 13 16 71 71,00% -203,76 40,98 

 ME 92 89 2 1 41 44,57% -25,33 34,73 
          

HESE Total in WL 2 437 2 178 211 48 765 31,39% - - 

 KKD 268 180 43 45 185 69,03% -50,70 9,06 

 MC.Admin 230 128 57 46 180 78,26% -221,93 25,88 

 MC.Sur 274 266 8 0 1 0,36% 134,58 -14,24 

 MC.Mix 242 117 81 44 162 66,94% -123,90 16,42 

 ME 238 187 20 31 222 93,28% -120,80 15,83 
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understand how the WL for the next planning horizon is going 
to be. In Table 6 it is also possible to observe how the average 
of days until TMRG for surgeries not scheduled varies accord-
ingly to the value for scheduled surgeries in both scenarios. 
Please note that negative values have already passed the 
TMRG. In both tests MC.Sur, despite having more surgeries 
scheduled, has the lower average of days until TMRG (which 
corresponds to a higher waiting time), since almost no tardy 
surgeries are selected, and the selected surgeries have a very 
low waiting time. KKD’s results, for instance, despite having 
the highest number of tardy episodes scheduled, also fall 
behind MC.Admin results, with the highest average of days 
until TMRG (or lowest average waiting time in the WL). 
Attending to the evolution of the WL it is important to 
consider both the quantity of scheduled episodes, which 
represents the outflow of patients, and the waiting time of 
patients that remain in the WL, which relates to the schedul-
ing order followed by the surgeons. 

Besides the effective number, priority and tardiness/ late-
ness of the scheduled episodes, the efficient utilization of OR 
resources is crucial for expenditure control, one main concern 
for hospital administrations, as a stakeholder. Depending on 
the quantity of overtime, surgeries for the same day in the OR 
can be delayed or even cancelled. For cancelled surgeries there 
is a necessity to postpone and reschedule them in the follow-
ing days, which leads to additional costs, and great dissatis-
faction of patients. As no overtime was allowed in the experi-
ments, all of the models have under 100% occupation rates, 
however, with different degrees of underutilization (Table 7). 
In CHLN, MC.Mix accomplishes the best result with less than 
400 minutes in total (sum of all blocks). These represent an 
average of 9,3 minutes of underutilization per working block, 
a difference of -2,6% of the total block duration. Despite the 
difference in CHLN on the amount of total underutilization 
being 82% from best (MC.Mix) to worst result (MC.Sur), the 
difference of the results, when analysing the values translated 
in percentage of OR occupation becomes more subtle, with a 
difference of 2,1 percentual points. 

On the opposite side, the CHLN Plan has a negative value 
for underutilization as can be seen in Table 7, which is equiv-
alent to 166,8 minutes of total overutilization. However, 
despite having an average OR occupation rate of only 101,1%, 
the plan has the largest discrepancies among specialities, as 
seen in ∆MmU. As can be seen from all models’ findings, the 
usage of an optimization software would decrease the 
underutilization and its variation among specialities while 
reducing misjudgements on surgery durations and allowing 
the possibility for buffers if needed. The findings using HESE 
data show a better use of the capacity, with a significant 
reduction of underutilization (Table 7). It is presented the 
possibility that by having much shorter surgery durations 
compared to CHLN, as mentioned, more combinations of 
different episodes that provide lesser block underutilization 
are possible in HESE. In this scenario, ME has the best result 
with an underutilization of 19 minutes, that translates in less 
than a minute of underutilization per block and a OR 
occupation rate of 99,82%. KKD and MC.Sur present still the 
worst results on the parameter, with 147 and 114 minutes of 

underutilization, respectively. Nonetheless, the high values 
of underutilization from these two in comparison with the 
other models, represent only a variation of -1,4% and -1,1% 
from the average block duration. Regarding the cleaning time, 
since it is considered 20 minutes of cleaning time per surgery, 
it is proportional to number of surgeries itself. For that 
reason, the gaps of the values with and without cleaning time 
in MC.Sur and KKD are larger than the rest of the models. 
Analogously, since all models are able to schedule more 
episodes using HESE instances, more cleaning cycles are 
needed per block, presenting smaller occupation without 
cleaning time. 

Table 7 - Underutilization and occupation results 
 

   U ∆MmU AvUB   %OR AvTCT AvTnCT

CHLN Plan -166,8 2 457,2 -3,9 101,10% 363,6 325,5

 KKD 716,4 139,6 16,7 95,40% 343,3 293,1

 MC.Admin 428,1 146,5 10,0 97,20% 350,0 306,8

 MC.Sur 727,5 597,7 16,9 95,30% 343,1 292,4

 MC.Mix 399,5 101,1 9,3 97,40% 350,7 304,2

 ME 633,0 216,0 14,7 95,90% 345,3 302,5
    

HESE KKD 147,0 67,0 5,1 98,59% 354,9 170,1

 MC.Admin 30,0 11,0 1,0 99,71% 359,0 200,3

 MC.Sur 114,0 75,0 3,9 98,91% 356,1 167,1

 MC.Mix 30,0 15,0 1,0 99,71% 359,0 192,1

 ME 19,0 8,0 0,7 99,82% 359,3 195,2

U – Underutilization; ∆MmU – |max┬𝑠𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑡𝑖𝑒𝑠 𝑈 −  min┬𝑠𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑡𝑖𝑒𝑠 𝑈 | ; AvUB – 
Avg. Underutilization per block; %OR – OR occupation rate; AvTct – Avg. Occupa-
tion time with CT; AvTnct – Avg. Occupation time without CT 

For surgeons, the daily block occupation without cleaning 
time has more relevance and importance since they are not 
needed in the cleaning process. However, the major concern 
among surgeons is not the daily workload, but the number of 
working days that they are required to perform surgeries 
(Table 8). Being the only paper that incorporates the objective 
of reducing the number of surgeon’s working days, KKD 
presents the best results in both CHLN and HESE tests. It is 
important to mention that this average only takes into 
consideration surgeons that are planned for the week, not 
accounting for surgeons without surgeries planned. The low 
value of CHLN plan, compared to the models’ findings may be 
related with the actual planning at the hospital with 
surgeons’ pre-established schedules that are not taken into 
consideration in the models. As can be seen, the number of 
required surgeons has no direct impact on the average 
number of working days per surgeon, being possible to 
conclude that having more surgeons performing surgeons 
does not reduce the workload, in terms of days, for those 
surgeons and vice versa. MC.Sur, although trying to represent 
the real scenario at hospitals and the surgeons’ perspective, 
does not accomplish the objective on this parameter. 
Although the differences between models present small vari-
ation in CHLN (a difference of 0,37 days between best and 
worst result), the findings became more evident under HESE 
instances. In fact, in HESE, KKD is the only model with two 
days of workload per surgeon in average, which is a great 
advantage for surgeons, comparing with the other models 
that require surgeons to work three days on average.  

However, for surgeons, hospital administrations or SNS, 
as decision makers, selecting a model based only on its impact 
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in each individual parameter is not sufficient for the decision, 
requiring a further analysis and holistic overview of the 
results. Moreover, to assess the performance in each crite-
rion, the results are also not enough since a value function is 
needed. The value function enables the transformation of 
impacts into specific scores. Unfortunately, the establish-
ment of such is out-of-scope in this work and is presented as 
recommendations and future work. The following concludes 
the results’ discussion, with an overview of the results of each 
model regarding the KPIs and discussing the results inter-
KPIs. 

Table 8 - Surgeon utilization 
 

 No. of Surgeons Avg. No. of WD per Surgeon

CHLN WL 148 -

 Plan 42 1,19

 KKD 46 1,36

 MC.Admin 49 1,57

 MC.Sur 49 1,73

 MC.Mix 53 1,55

 ME 45 1,73
  

HESE WL 58 -

 KKD 44 1,88

 MC.Admin 40 2,40

 MC.Sur 48 2,60

 MC.Mix 45 4,43

 ME 42 2,38

5.2.2 Overview and Inter-Indicators Analysis 

Since no value functions are assigned to the KPIs, to simplify 
the evaluation, a score of one to five was given to all models 
in each indicator, being one assigned to the best result. The 
average, to assess the performance of the models’ results, and 
the variation, to assess the consistency of the results amongst 
tests is presented in Fig. 1. In a general analysis, overviewing 
together all indicator groups, it is visible that the perfor-
mance of each model also varies according to the groups. 
MC.Admin, has a clear focus on equity in access, with a 
concern for providing timely care and scheduling the patients 

with larger waiting times, although probably at the cost of the 
performance in production and productivity related indica-
tors. MC.Sur, contrarily to MC.Admin, has the objective of 
mimicking the surgeons’ behaviour, which is more focused 
on production and not in the waiting time of the patients, 
presenting high performance on the number of scheduled 
surgeries and productivity but low performance on quality 
and other KPIs. MC.Mix as expected, is a compromise between 
the former two models, but distinguishes from both on the 
KPIs of underutilization and OR occupation rate. More 
computational experiments with other instances and allow-
ing for overtime are necessary to establish a reliable pattern. 
KKD has a clear advantage when analysing the surgeons as 
stakeholders, since not only  it accomplishes the best surgeon 
performance on productivity but also aims  at the minimiza-
tion of the number of working days, allowing more time for 
surgeons to perform duties in other facilities. At last, ME has 
a lower performance, not achieving any best score. The lower 
performance can be the consequence of being a model built 
towards a broader spectrum of objectives and parameters, 
which is adapted for this work, compromising the perfor-
mance of the results. Nevertheless, no model’s solution is 
dominated or dominates any other, hence supporting that all 
models are valid and only the establishment of weights for 
each criterion through a decision model can determine a 
hierarchy between the models. 

6. Conclusions and Future Work 

The SSP are complex problems that require coexistence 
and interaction of multiple stakeholders. Although seen 
many times as two disjoint or mutually exclusive factors, the 
surgical production and stakeholders’ satisfaction can be 
balanced, and trade-offs can be achieved to develop social and 
economically sustainable solutions. In this dissertation, the 
surgery planning and scheduling procedure in SNS is studied. 
Throughout the last years, the surgical demand has repre-
sented 120% of the production capacity. The optimization of  

 
Fig. 1 - Overall model results (ranked from 1 to 5) and respective variation on the selected KPIs
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these services is therefore essential, not only to employ the 
given budget as efficiently as possible but also to answer to 
the high surgery demand observed. 

This dissertation has the objective of establishing a general 
matrix of KPIs that allow the measurement of the surgical 
production and the satisfaction of different stakeholders, 
namely patients, surgeons and the hospitals’ administration, 
through quantitative criteria. A benchmark is also developed 
with three papers from the analysed literature (Kamran et al. 
2018; Marques and Captivo 2017; Moosavi and Ebrahimnejad 
2020), for their coverage on those stakeholders. The paper of 
Marques and Captivo (2017) comprises three different 
models. All five models are tested using large sized instances 
for a specific week, from CHLN (3 033 patients and 148 
surgeons from four specialities) and HESE (2 437 patients and 
58 surgeons from 7 specialities). Although all models present 
feasible results, the quality of the solutions according to the 
defined matrix of KPIs varies between the different models 
and the criteria themselves. From the patients’ perspective, 
when compared to the real scheduling plan from CHLN, all 
models are able to schedule more patients and particularly 
those with waiting times higher than TMRG, with the 
exception of the surgeons’ version of Marques and Captivo 
(2017) (MC.sur). The distinction between MC.Sur and the 
remaining models is clear since the objective of this version is 
to mimic the surgeons’ behaviour and not to optimize the 
process in the same way as the others. For that reason, it is 
recommended that MC.Sur is not included in the group of 
models that can be adapted by SNS to schedule surgeries. All 
the other models have performed fairly, with the 
administrations’ version showing a clear focus on selecting 
the patients with higher waiting times. Nevertheless, the 
findings of Kamran et al. (2018) and Moosavi and 
Ebrahimnejad (2020) show a higher number of tardy patients 
scheduled. In some indicators, a variation between the 
findings of the computational experiments using CHLN and 
HESE is observed. These variations show that testing only two 
instances may compromise the accuracy of the findings from 
a statistical point-of-view. Variations are more prominent on 
the underutilization KPI, where no model achieved a stable 
score between tests. 

Through this work, it also possible to denote that to select 
a scheduling model, trade-offs between KPIs need to occur. 
Therefore, as no dominant solution has been found amongst 
the models. To improve the present work, future work 
suggestions include: a) creating a decision-support model to 
establish value functions for each indicator and  determine 
the weight of each KPI according to the decision maker 
perspective; b) further testing with instances from other 
hospitals or different years to ensure that the variations 
amongst models’ findings are reduced; c) considering pre- 
and postoperative units, as their scarcity often changes the 
applicability of the findings; d) considering other stakehold-
ers in the perioperative stage, such as anaesthesiologists and 
nurses, since they can be limiting factors in surgical produc-
tion; e) reviewing of the strategic metrics used in the payment 
contracts so that the optimized surgical production meets the 
parameters asked by the SNS. 

References 
Abedini, Amin, Honghan Ye, and Wei Li. 2016. “Operating Room Planning under Surgery Type and Priority Constraints.” Procedia 

Manufacturing 5:15–25. 
Addis, Bernardetta, Giuliana Carello, and Elena Tànfani. 2014. “A Robust Optimization Approach for the Operating Room Planning 

Problem with Uncertain Surgery Duration.” Springer Proceedings in Mathematics and Statistics 61(January):175–89. 
Agnetis, Alessandro, Alberto Coppi, Matteo Corsini, Gabriella Dellino, Carlo Meloni, and Marco Pranzo. 2014. “A Decomposition 

Approach for the Combined Master Surgical Schedule and Surgical Case Assignment Problems.” Health Care Management Science 
17(1):49–59. 

Ansarifar, Javad, Reza Tavakkoli-Moghaddam, Faezeh Akhavizadegan, and Saman Hassanzadeh Amin. 2018. “Multi-Objective Integrated 
Planning and Scheduling Model for Operating Rooms under Uncertainty.” Proceedings of the Institution of Mechanical Engineers, 
Part H: Journal of Engineering in Medicine 232(9):930–48. 

Astaraky, Davood and Jonathan Patrick. 2015. “A Simulation Based Approximate Dynamic Programming Approach to Multi-Class, Multi-
Resource Surgical Scheduling.” European Journal of Operational Research 245(1):309–19. 

Azari-Rad, Solmaz, Alanna Yontef, Dionne M. Aleman, and David R. Urbach. 2014. “A Simulation Model for Perioperative Process 
Improvement.” Operations Research for Health Care 3(1):22–30. 

Barz, Christiane and Kumar Rajaram. 2015. “Elective Patient Admission and Scheduling under Multiple Resource Constraints.” 
Production and Operations Management 24(12):1907–30. 

Bilgin, Burak, Peter Demeester, Mustafa Misir, Wim Vancroonenburg, and Greet Vanden Berghe. 2012. One Hyper-Heuristic Approach 
to Two Timetabling Problems in Health Care. Vol. 18. 

Cardoen, Brecht, Erik Demeulemeester, and Jeroen Beliën. 2010. “Operating Room Planning and Scheduling: A Literature Review.” 
European Journal of Operational Research 201(3):921–32. 

Castro, Pedro M. and Inês Marques. 2015. “Operating Room Scheduling with Generalized Disjunctive Programming.” Computers and 
Operations Research 64:262–73. 

Díaz-López, Diana Marcela, Nicolás Andrés López-Valencia, Eliana María González-Neira, David Barrera, Daniel R. Suárez, Martha 
Patricia Caro-Gutiérrez, and Carlos Sefair. 2018. “A Simulation-Optimization Approach for the Surgery Scheduling Problem: A Case 
Study Considering Stochastic Surgical Times.” International Journal of Industrial Engineering Computations 9(4):409–22. 

Dios, Manuel, Jose M. Molina-Pariente, Victor Fernandez-Viagas, Jose L. Andrade-Pineda, and Jose M. Framinan. 2015. “A Decision 
Support System for Operating Room Scheduling.” Computers and Industrial Engineering 88:430–43. 

Doulabi, Seyed Hossein Hashemi, Louis Martin Rousseau, and Gilles Pesant. 2016. “A Constraint-Programming-Based Branch-and-Price-
and-Cut Approach for Operating Room Planning and Scheduling.” INFORMS Journal on Computing 28(3):432–48. 

Erdogan, S. Ayca and Brian Denton. 2013. “Dynamic Appointment Scheduling of a Stochastic Server with Uncertain Demand.” INFORMS 
Journal on Computing 25(1):116–32. 

van Essen, J. T., E. W. Hans, J. L. Hurink, and A. Oversberg. 2012. “Minimizing the Waiting Time for Emergency Surgery.” Operations 
Research for Health Care 1(2–3):34–44. 

Fei, H., C. Chu, and N. Meskens. 2009. “Solving a Tactical Operating Room Planning Problem by a Column-Generation-Based Heuristic 
Procedure with Four Criteria.” Annals of Operations Research 166(1):91–108. 

Fei, H., N. Meskens, and C. Chu. 2010. “A Planning and Scheduling Problem for an Operating Theatre Using an Open Scheduling Strategy.” 
Computers and Industrial Engineering 58(2):221–30. 

Ferrand, Yann B., Michael J. Magazine, and Uday S. Rao. 2014. “Managing Operating Room Efficiency and Responsiveness for Emergency 
and Elective Surgeries - A Literature Survey.” IIE Transactions on Healthcare Systems Engineering 4(1):49–64. 

Guda, Harish, Milind Dawande, Ganesh Janakiraman, and Kyung Sung Jung. 2016. “Optimal Policy for a Stochastic Scheduling Problem 
with Applications to Surgical Scheduling.” Production and Operations Management 25(7):1194–1202. 

Guerriero, Francesca and Rosita Guido. 2011. “Operational Research in the Management of the Operating Theatre: A Survey.” Health 
Care Management Science 14(1):89–114. 

Guido, Rosita and Domenico Conforti. 2017. “A Hybrid Genetic Approach for Solving an Integrated Multi-Objective Operating Room 
Planning and Scheduling Problem.” Computers and Operations Research 87:270–82. 

Guo, Mengyu, Su Wu, Binfeng Li, Jie Song, and Youping Rong. 2016. “Integrated Scheduling of Elective Surgeries and Surgical Nurses for 
Operating Room Suites.” Flexible Services and Manufacturing Journal 28(1–2):166–81. 

Hamid, Mahdi, Mojtaba Hamid, Mir Mohammad Musavi, and Ali Azadeh. 2019. “Scheduling Elective Patients Based on Sequence-
Dependent Setup Times in an Open-Heart Surgical Department Using an Optimization and Simulation Approach.” Simulation 
95(12):1141–64. 

Hamid, Mahdi, Mojtaba Hamid, and Mohammad Mahdi Nasiri. 2017. “A Comprehensive Mathematical Model for the Scheduling Problem 
of the Elective Patients Considering All Resources and the Capacity of the Postoperative Care Unit : A Case Study A Comprehensive 
Mathematical Model for the Scheduling Problem of the Elective P.” (March). 

INE. 2020. “Portal Do INE - Saúde Em Portugal, Hospitais [Health in Portugal, Hospitals].” Retrieved May 23, 2020 
(https://www.ine.pt/xportal/xmain?xpgid=ine_inst_infografia&INST=427164258&xpid=INE). 

Jebali, Aida and Ali Diabat. 2015. “A Stochastic Model for Operating Room Planning under Capacity Constraints.” International Journal 
of Production Research 53(24):7252–70. 

Jebali, Aïda, Atidel B. Hadj Alouane, and Pierre Ladet. 2006. “Operating Rooms Scheduling.” International Journal of Production 
Economics 99(1–2):52–62. 

Kamran, Mehdi A., Behrooz Karimi, and Nico Dellaert. 2018. “Uncertainty in Advance Scheduling Problem in Operating Room Planning.” 
Computers and Industrial Engineering 126(September):252–68. 

Kamran, Mehdi A., Behrooz Karimi, Nico Dellaert, and Erik Demeulemeester. 2019. “Adaptive Operating Rooms Planning and 
Scheduling: A Rolling Horizon Approach.” Operations Research for Health Care 22:100200. 

Khaniyev, Taghi, Enis Kayış, and Refik Güllü. 2020. “Next-Day Operating Room Scheduling with Uncertain Surgery Durations: Exact 
Analysis and Heuristics.” European Journal of Operational Research. 

Kong, Qingxia, Chung Yee Lee, Chung Piaw Teo, and Zhichao Zheng. 2013. “Scheduling Arrivals to a Stochastic Service Delivery System 
Using Copositive Cones.” Operations Research 61(3):711–26. 

Lamiri, Mehdi, Vincent Augusto, and Xiaolan Xie. 2008. “Patients Scheduling in a Hospital Operating Theatre.” 4th IEEE Conference on 
Automation Science and Engineering, CASE 2008 627–32. 

Lamiri, Mehdi, Johann Dreo, Xiaolan X. I. E. This, and Monte Carlo. 2007. “Operating Room Planning with Random Surgery Times.” Pp. 
521–26 in 3rd Annual IEEE Conference on Automation Science and Engineering. 

Lamiri, Mehdi, Xiaolan Xie, Alexandre Dolgui, and Frédéric Grimaud. 2008. “A Stochastic Model for Operating Room Planning with 
Elective and Emergency Demand for Surgery.” European Journal of Operational Research 185(3):1026–37. 

Landa, Paolo, Roberto Aringhieri, Patrick Soriano, Elena Tànfani, and Angela Testi. 2016. “A Hybrid Optimization Algorithm for Surgeries 
Scheduling.” Operations Research for Health Care 8:103–14. 

Lee, Sangbok and Yuehwern Yih. 2014. “Reducing Patient-Flow Delays in Surgical Suites through Determining Start-Times of Surgical 
Cases.” European Journal of Operational Research 238(2):620–29. 

Lee, Vernon J., Arul Earnest, Mark I. Chen, and Bala Krishnan. 2005. “Predictors of Failed Attendances in a Multi-Specialty Outpatient 
Centre Using Electronic Databases.” BMC Health Services Research 5(51). 

Liang, Feng, Yuanyuan Guo, and Richard Y. K. Fung. 2015. “Simulation-Based Optimization for Surgery Scheduling in Operation Theatre 
Management Using Response Surface Method.” Journal of Medical Systems 39(11). 

M’Hallah, R. and A. H. Al-Roomi. 2014. “The Planning and Scheduling of Operating Rooms: A Simulation Approach.” Computers and 
Industrial Engineering 78:235–48. 

Magerlein, James M. and James B. Martin. 1978. “Surgical Demand Scheduling: A Review.” Health Serv Res. 13(4):418–33. 
Marcon, Eric and Franklin Dexter. 2006. “Impact of Surgical Sequencing on Post Anesthesia Care Unit Staffing.” Health Care 

Management Science 9(1):87–98. 
Marcon, Eric and Saïd Kharraja. 2003. “Modèles et Stratégies de Programmation Opératoire [Modèles et Stratégies de Programmation 

Opératoire].” Journal Europeen Des Systemes Automatises 37(5):687–716. 
Marques, Inês and M. Eugénia Captivo. 2015. “Bicriteria Elective Surgery Scheduling Using an Evolutionary Algorithm.” Operations 

Research for Health Care 7(2015):14–26. 
Marques, Inês and M. Eugénia Captivo. 2017. “Different Stakeholders’ Perspectives for a Surgical Case Assignment Problem: 

Deterministic and Robust Approaches.” European Journal of Operational Research 261(1):260–78. 
Meskens, Nadine, David Duvivier, and Arnauld Hanset. 2013. “Multi-Objective Operating Room Scheduling Considering Desiderata of 

the Surgical Team.” Decision Support Systems 55(2):650–59. 
Min, Daiki and Yuehwern Yih. 2010. “An Elective Surgery Scheduling Problem Considering Patient Priority.” Computers and Operations 

Research 37(6):1091–99. 
Ministério da Saúde. 2019. Relatório Anual ACESSO A CUIDADOS DE SAÚDE NOS ESTABELECIMENTOS DO SNS E ENTIDADES 

CONVENCIONADAS. 
Molina-Pariente, Jose M., Victor Fernandez-Viagas, and Jose M. Framinan. 2015. “Integrated Operating Room Planning and Scheduling 

Problem with Assistant Surgeon Dependent Surgery Durations.” Computers and Industrial Engineering 82:8–20. 
Molina-Pariente, Jose Manuel, Jose Manuel Framinan Torres, and Tomas Gomez Cia. 2009. “Policies and Decision Models for Solving 

Elective Case Operating Roomscheduling.” 2009 International Conference on Computers and Industrial Engineering, CIE 2009 112–
17. 

Moosavi, Amirhossein and Sadoullah Ebrahimnejad. 2018. “Scheduling of Elective Patients Considering Upstream and Downstream Units 
and Emergency Demand Using Robust Optimization.” Computers and Industrial Engineering 120(June 2017):216–33. 

Moosavi, Amirhossein and Sadoullah Ebrahimnejad. 2020. “Robust Operating Room Planning Considering Upstream and Downstream 
Units: A New Two-Stage Heuristic Algorithm.” Computers and Industrial Engineering 143(June 2019):106387. 

Niu, Qing, Qingjin Peng, and Tarek Y. ElMekkawy. 2013. “Improvement in the Operating Room Efficiency Using Tabu Search in 
Simulation.” Business Process Management Journal 19(5):799–818. 

Penedo, Jorge, Gil Gonçalves, Lucindo Ormonde, Maria Barros, Mercedes Carvalho, Pedro Gomes, Rui Sá, and Vanessa Ribeiro. 2015. 
“Avaliação Da Situação Nacional Dos Blocos Operatórios.” 273. 

Portaria n.o 153/2017 de 04 de Maio. 2017. Diário Da República, 1.a Série — N.o 86/2017. Saúde. 
Rachuba, Sebastian and Brigitte Werners. 2017. “A Fuzzy Multi-Criteria Approach for Robust Operating Room Schedules.” Annals of 

Operations Research 251(1–2):325–50. 
Ramos, Nuno. 2018. “Operating Room Planning and Scheduling of Elective Patients Introducing Surgeon ’ s Preferences into the Decision 

Process.” (October). 
Rath, Sandeep, Kumar Rajaram, and Aman Mahajan. 2017. “Integrated Anesthesiologist and Room Scheduling for Surgeries: 

Methodology and Application.” Operations Research 65(6):1460–78. 
Van Riet, Carla and Erik Demeulemeester. 2015. “Trade-Offs in Operating Room Planning for Electives and Emergencies: A Review.” 

Operations Research for Health Care 7:52–69. 
Roshanaei, Vahid, Kyle E. C. Booth, Dionne Aleman, David Urbach, and J. Christopher Beck. 2020. “Branch-and-Check Methods for Multi-

Level Operating Room Planning and Scheduling.” International Journal of Production Economics 220(May 2019):107433. 
Roshanaei, Vahid, Curtiss Luong, Dionne Aleman, and David Urbach. 2017a. “Collaborative Operating Room Planning and Scheduling.” 

INFORMS Journal on Computing 29(3):558–80. 
Roshanaei, Vahid, Curtiss Luong, Dionne Aleman, and David Urbach. 2017b. “Propagating Logic-Based Benders’ Decomposition 

Approaches for Distributed Operating Room Scheduling.” European Journal of Operational Research 257(2):439–55. 
Samudra, Michael, Carla Van Riet, Erik Demeulemeester, Brecht Cardoen, Nancy Vansteenkiste, and Frank E. Rademakers. 2016. 

“Scheduling Operating Rooms: Achievements, Challenges and Pitfalls.” Journal of Scheduling 19(5):493–525. 
Schmid, Verena and Karl F. Doerner. 2014. “Examination and Operating Room Scheduling Including Optimization of Intrahospital 

Routing.” Transportation Science 48(1):59–77. 
Shylo, Oleg V., Oleg A. Prokopyev, and Andrew J. Schaefer. 2013. “Stochastic Operating Room Scheduling for High-Volume Specialties 

under Block Booking.” INFORMS Journal on Computing 25(4):682–92. 
SICA. 2020. “Intervenções Cirúrgicas Nos Cuidados de Saúde Hospitalares.” SNS-Transparência. Retrieved May 23, 2020 

(https://transparencia.sns.gov.pt/explore/dataset/intervencoes-cirurgicas/information/?sort=tempo). 
Silva, Thiago A. O., Mauricio C. De Souza, Rodney R. Saldanha, and Edmund K. Burke. 2015. “Surgical Scheduling with Simultaneous 

Employment of Specialised Human Resources.” European Journal of Operational Research 245(3):719–30. 
Tan, Y. Y., T. Y. El Mekkawy, Q. Peng, and L. Oppenheimer. 2011. “Mathematical Programming for the Scheduling of Elective Patients in 

the Operating Room Department.” Proceedings of the Canadian Engineering Education Association (CEEA). 
Testi, Angela and Elena Tànfani. 2009. “Tactical and Operational Decisions for Operating Room Planning: Efficiency and Welfare 

Implications.” Health Care Management Science 12(4):363–73. 
Testi, Angela, Elena Tanfani, and Giancarlo Torre. 2007. “A Three-Phase Approach for Operating Theatre Schedules.” Health Care 

Management Science 10(2):163–72. 
Valente, Roberto, Angela Testi, Elena Tanfani, Marco Fato, Ivan Porro, Maurizio Santo, Gregorio Santori, Giancarlo Torre, and Gianluca 

Ansaldo. 2009. “A Model to Prioritize Access to Elective Surgery on the Basis of Clinical Urgency and Waiting Time.” BMC Health 
Services Research 9(1):1–15. 

Vali-Siar, Mohammad Mahdi, Saiedeh Gholami, and Reza Ramezanian. 2018. “Multi-Period and Multi-Resource Operating Room 
Scheduling under Uncertainty: A Case Study.” Computers and Industrial Engineering 126(October):549–68. 

Wang, Yu, Jiafu Tang, Zhendong Pan, and Chongjun Yan. 2015. “Particle Swarm Optimization-Based Planning and Scheduling for a 
Laminar-Flow Operating Room with Downstream Resources.” Soft Computing 19(10):2913–26. 

Xiang, Wei, Jiao Yin, and Gino Lim. 2015a. “A Short-Term Operating Room Surgery Scheduling Problem Integrating Multiple Nurses 
Roster Constraints.” Artificial Intelligence in Medicine 63(2):91–106. 

Xiang, Wei, Jiao Yin, and Gino Lim. 2015b. “An Ant Colony Optimization Approach for Solving an Operating Room Surgery Scheduling 
Problem.” Computers and Industrial Engineering 85:335–45. 

Zhang, Jian, Mahjoub Dridi, and Abdellah El Moudni. 2019. “A Two-Level Optimization Model for Elective Surgery Scheduling with 
Downstream Capacity Constraints.” European Journal of Operational Research 276(2):602–13. 

Zhu, Shuwan, Wenjuan Fan, Shanlin Yang, Jun Pei, and Panos M. Pardalos. 2019. “Operating Room Planning and Surgical Case 
Scheduling: A Review of Literature.” Journal of Combinatorial Optimization 37(3):757–805. 

 


