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Abstract 
Operating theatre admission planning, and surgical suite scheduling on an operational level, has drawn a 

significant amount of academic interest over the past years, due to rising healthcare expenditures and 

concerning cost reduction efforts. However, only a limited proportion of these academic papers 

recognize the importance of an OT planning, integrated with postoperative hospital facilities. In this 

study, we develop a discrete-time, two-stage flexible flow shop scheduling problem that determines the 

sequence and starting times for a selection of ORs’ cases on their admission date, such that the overall 

cost incurred is minimized. Objective programming is used to find the surgery sequence and concerning 

PACU nursing staff level, with the best tradeoff between expected costs for OR overtime and nursing staff 

salary expense at the Post-Anesthesia Care Unit (PACU). By minimizing postoperative labor costs, we 

strive to reduce the inflow of patients at the PACU, which should result in a decrease of variability in bed 

demand and smoothen the workload for the nursing staff. A numerical analysis is performed using 

historical admission profiles from the Catharina Hospital, The Netherlands. In addition, a retro 

perspective case study is performed in which the multi-objective model is validated under artificial 

environmental conditions, using discrete-event simulation.  

  



 
iii 

 

Executive Summary 
In this Master Thesis, an integrated operating theatre (OT) planning methodology is developed for a top-

clinical teaching hospital and level-1 trauma center in Eindhoven, The Netherlands.  

Problem Statement 

The Master Thesis research is performed on behalf of the Catharina hospital, who expressed the desire of 

developing surgical suite schedules, such that the Post-Anesthesia Care Unit (PACU) faces a relatively 

stable inflow of patients and bed occupancy rates throughout the day. Postoperative hospital facilities, 

including the PACU, experience in the current situation significant fluctuations in inpatient admissions, as 

the result of an isolated OT planning. Variability in inpatient admissions result in peaks in bed demand 

and nursing staff workload, which in turn decrement the quality of the care given process and the 

working environment for the PACU nursing staff. Based on the problem statement, the following research 

objective is defined: 

 ‘Determine a surgical suite schedule in terms of uniform patient categories, that results in a fairly 

stable bed occupancy rate and acceptable workloads for the nursing staff at the PACU, without 

decrementing the current OT performance’ 

Flow Shop Scheduling Algorithm 

In response to the described research objective, a discrete-time, two-stage flexible flow shop problem is 

defined that determines the sequence and starting times for a given OT case list configuration, such that 

the overall cost incurred is minimized. Objective programming is applied to find the surgery sequence 

and corresponding PACU nursing staff level, with the best tradeoff between expected costs for OR 

overtime and nursing staff salary expenses at the PACU. By minimizing postoperative labor costs, we 

strive to level the inflow of patients at the PACU, which should result in a decrease of variability in bed 

demand and smoothen the workload for the nursing staff. It is hypothesized, based on prior research by 

Marcon & Dexter (2006), that altering the sequence of a selection of planned surgical interventions can 

effectively level the inflow of patients at postoperative departments.  

A second major objective of the scheduling algorithm is the provisioning of a PACU nurse rostering design 

in view of the case list configuration. Modeling assumptions allow the algorithm to start a new work shift 

on every time interval (𝑡) of the planning horizon, with the constraint that the available nurse capacity in 

each time interval should at least be sufficient to cope with the expected labor demand at the PACU. In 

addition, a predefined nurse capacity safety margin is applied, to cover up for any unanticipated increase 

in demand for care throughout the planning period. Ergonomic constraints are preserved with the 

possibility of including lunch breaks for the nursing staff. Emergency cases are included as the 

deterministic fraction of additional required capacity per time interval at the PACU, caused by the 

outflow of patients from the emergency OR. Emergency cases that have to be performed outside the 

emergency OR were omitted throughout the report, although the author suggested that the ‘BIM’ 

methodology from Latorre et al. (2016) & van Essen et al. (2014) could be an interesting research 

extension to the defined scheduling algorithm, to account for the remainder portion of non-deterministic 

emergent demand.  

Last, uniform patient categories are derived as input for the scheduling algorithm by means of a 

prototype evaluation system, in which group membership is dependent on the patient’s priority 

indication, ASA physical status classification and planned surgery duration. The concept of categorization 

was required to reduce the number of decision variables for the scheduling algorithm, and to make the 

proposed redesign intervention generically applicable to numerous healthcare institutions.  
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Retro Perspective Case Study 

A computational experiment is designed and performed, in conjunction with discrete-event simulation, in 

order to validate the defined flow shop scheduling algorithm and to assess its rescheduling impact. 

Historical admission profiles from the year 2016 are used as production targets, with the functioning of 

the scheduling algorithm being repeatedly assessed for various configurations of OT case lists under 

artificial environmental conditions. The as-is situation at the Catharina hospital is also replicated using 

the same OT case lists with equal surgery durations and LOS distributions. The simulation results are 

obtained from 100 independent simulation runs per OT case list configuration, with one workday 

replicated per simulation run.  

Based on the conducted research and obtained simulation results, it can be concluded that prospectively 

sequencing a selection of ORs’ cases in view of the patient outflow to the PACU, can effectively decrease 

the variability in bed demand and smoothen the workload for the nursing staff (Figure 0.1). Simulation 

results show that applying the algorithm on average lead to a decrease in PACU completion time, and a 

reduced amount of overtime hours for the surgical suite, as compared to the replicated as-is situation at 

the Catharina hospital. As such, the proposed flow shop scheduling algorithm enables the Catharina 

hospital to determine surgical suite schedules, that meet all the imposed constraints and objectives as 

included in the research objective. The rescheduling impact is however constrained by the case list 

configuration, as for some test instances, the algorithm could not result in a direct improvement in terms 

of reduced variability in labor demand at the PACU.  

With respect to the scheduling objective related to the nurse rostering design, the stochastic simulation 

results are used as input for the algorithm to reconsider the initial nurse rostering design obtained under 

the deterministic situation. Based on the obtained results for one case mix configuration, it can be 

concluded that the aforementioned methodology result in a feasible nurse rostering design. However, 

further academic research is required to assess and validate this proposition. Nonetheless, creating a 

PACU nurse rostering design in view of the case list configuration, might provide the hospital with an 

alternative intervention to reduce the troublesome peaks in workload (Figure 0.1). 

 
Figure 0.1 Revised Simulation Results - Nurse Workload vs Nurse Capacity (04.01.2016) 
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Practical Recommendations 

Given the practical implications inherent to the chosen solution direction, the author proposed a process 

redesign that consists of three intervention steps. First, the decentral planning staff is provided with 

scheduling guidelines on a tactical decision level, in order to prevent the algorithm from repetitively 

making substantiate deviations to the original OT day planning. The second intervention relates to the 

positioning of the scheduling algorithm in the central planning phase. The proposed flow shop scheduling 

algorithm will enable the operating room coordinator (ORC) to sequence ORs’ cases simultaneously, and 

to make additional adjustments to the OT planning, beneficial to the functioning of the PACU. As such, 

prospectively implementing the scheduling algorithm can be considered as an additional feasibility check, 

relevant to the PACU. Third and last, the nurse rostering design component of the scheduling algorithm 

provides the hospital with an alternative intervention to reduce the troublesome peaks in workload.  

By performing the research described in the report, the author contributed to the limited studies 

available that focus on an OT planning, integrated with postoperative hospital facilities under 

uncertainty. Moreover, the results of the study highlight the importance of incorporating postoperative 

departments in the decision process with regard to managing the ORs, with the objective to improve the 

global performance of the surgical suite. Last, upon positioning the Master Thesis research against 

current literature, this study can be considered as an extension to the article from Marcon & Dexter 

(2006), as we aim to sequence multiple ORs’ cases simultaneously one or two days prior to the actual 

surgery date.  
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 𝑇𝐻𝑅𝑗: 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 𝑎𝑡 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑗;  

 𝑂𝑘: 𝐺𝑟𝑜𝑠𝑠 𝑠𝑢𝑟𝑔𝑒𝑟𝑦 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘   

 𝐿𝑘: 𝐿𝑂𝑆 𝑃𝐴𝐶𝑈 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘  

 𝑊𝑘𝑡: 𝑃𝑎𝑡𝑖𝑒𝑛𝑡 𝑎𝑐𝑢𝑖𝑡𝑦 𝑓𝑜𝑟 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡;  

 𝑄𝑟𝑡: 𝐵𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑝𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑟 𝑜𝑛 
 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝑇𝑖𝑑: 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑟𝑘𝑑𝑎𝑦 𝑎𝑡 𝑠𝑡𝑎𝑔𝑒 𝑖;  

 𝑇𝑙𝑠: 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡𝑦𝑝𝑒 𝑙 𝑃𝐴𝐶𝑈 𝑤𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡;  

 𝐶𝑆𝑟𝑡: 𝑆𝑎𝑙𝑎𝑟𝑦 𝑒𝑥𝑝𝑒𝑛𝑠𝑒𝑠 𝑜𝑓 𝑛𝑢𝑟𝑠𝑖𝑛𝑔 𝑠𝑡𝑎𝑓𝑓 𝑖𝑛 𝑝𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 
𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑟 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝐶𝑂𝑗: 𝑜𝑣𝑒𝑟𝑡𝑖𝑚𝑒 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 𝑜𝑓 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑟𝑜𝑜𝑚 𝑗;  

 𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦𝑡: 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑓𝑜𝑟 𝑐𝑎𝑟𝑒 𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦 𝑂𝑅 
𝑖𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 

𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦𝑡  ∈  {
0

0.5
|

𝑡 < 13.00
 13.00 ≤ 𝑡 ≤ 19.00

} 

Decision Variables  

 𝑋𝑘𝑖𝑗𝑡: 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒;  𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒  

𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘 𝑎𝑟𝑟𝑖𝑣𝑒𝑠 𝑎𝑡 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 
𝑖, 𝑗 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝑌𝑘𝑖𝑗𝑡: 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡  

𝑘 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑠 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑖, 𝑗 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝛼𝑙𝑝𝑡: 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒; 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒  

𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑛𝑢𝑟𝑠𝑒 𝑝 𝑠𝑡𝑎𝑟𝑡𝑠 ℎ𝑖𝑠\ℎ𝑒𝑟 𝑤𝑜𝑟𝑘 𝑠ℎ𝑖𝑓𝑡 𝑜𝑛  
𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 ; 
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1. Introduction 
Healthcare and welfare expenses in the Netherlands amounted to €95,30 billion in 2015 (14,05 percent of 

the gross domestic product), indicating a 0,80 percent growth with respect to the previous year (Centraal 

Bureau voor de Statistiek, 2017). This upward growth is set to continue over the upcoming years because 

of an aging population, entailing an increase in expected lifetime and a larger population of elderly people 

with comorbid diseases (Niemeijer, Trip, Ahaus, Does, & Wendt, 2010). Given this ongoing trend, 

healthcare institutions strive to identify interventions that will enable them to cope with the anticipated 

rise in demand, while simultaneously reduce cost without experiencing a loss of quality (Vissers & Beech, 

2005). 

With the surgical suite, or so called operating theatre (OT) accounting for approximately 40 percent of any 

hospital’s expenditures and similar propositions of their revenue, pursuing efforts to improve the overall 

efficiency of the OT in terms of utilization, overtime and on-time start performance, are considered 

appropriate interventions that can help to achieve the desired cost reductions (Denton, Viapiano, & Vogl, 

2006) (HFMA, 2005). The drawback of this ongoing focus on developing efficient surgery schedules, is that 

their downstream scheduling impact concerning the outflow of patients to postoperative departments is 

ignored. Given the surgical suite’s role as a ‘leading’ resource, the individual scheduling of the OT has a 

significant influence on the provisioning of postoperative care at downstream departments (Vissers & 

Beech, 2005). Among others, the required capacity in terms of hospital beds and nursing staff level are 

highly dependent on the OT planning. Therefore, as the result of an isolated OT planning, postoperative 

hospital facilities, including the Post-Anesthesia Care Unit (PACU), often experience significant 

fluctuations in inpatient admissions throughout the day. Variability in inpatient admissions result in peaks 

in bed demand and nursing staff workload, which in turn decrement the quality of the care given process 

and the working environment for the postoperative nursing staff.  

This report presents the results of a study towards an integrated OT planning. During the course of the 

study, a scheduling algorithm is developed that is able to prospectively sequence ORs’ cases on their 

admission date, while considering resource capacity at both the OT and the PACU. It is hypothesized that 

altering the sequence of a selection of planned surgical interventions can effectively level the inflow of 

patients at postoperative hospital facilities. The study is conducted on behalf of the Catharina hospital in 

Eindhoven, The Netherlands.  

The first chapter starts by introducing the research environment and the problem statement. From the 

problem statement, the research objectives and research questions are derived in respectively section 1.3 

and section 1.4. The chapter continues by describing the research methodology adopted in the project, 

followed by the scoping of the Thesis research. The chapter is concluded with the outline of the report.  

1.1. Research Environment 
In this subchapter, the context for the Master Thesis research is sketched, providing some background 

information concerning the organizational layout of the surgical suite of the Catharina hospital. In 

addition, a detailed process model of the current surgery planning and scheduling methodology is 

provided, aimed to identify potential bottlenecks and to locate points for further improvement.  

1.1.1. Company Background 
The Catharina hospital is a top-clinical teaching hospital and level 1 trauma center in Eindhoven, The 

Netherlands. It has a treatment capacity of 696 beds and includes 21 operating rooms (ORs), 36 intensive 

care beds and 15 phase-1 post-anesthesia beds (Stepaniak & Dexter, 2016). Moreover, the hospital has an 

annual production volume of approximately 20,000 cases. The organizational chart from Appendix A, 

provides additional information regarding the internal organizational structure of the Catharina hospital. 
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1.1.2. Surgical Suite 
The surgical suite of the Catharina hospital, often referred to as operating theatre (OT), consists of 21 ORs 

including two hybrid ORs and various postoperative facilities, including the Intensive Care Unit (ICU), 

Coronary Care Unit (CCU), Medium Care Unit (MMC) and the PACU. An outline of the ORs’ structure is 

included in Figure 1.1.  
Floor 1
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Figure 1.1 Organizational Chart ORs 

The surgical suite is situated on three locations throughout the hospital, dispersed over two floors. The 

first floor accommodates the major part of the OT, with 16 ORs, a ‘pain room’, a dedicated PACU, ICU, 

chronical diseases and holding. In addition, the hospital has access to two hybrid ORs, enabling the usage 

of state of the art technologies related to surgery and imaging. The second floor accommodates 2 ORs 

dedicated for H2-day care treatments, and 3 ORs for minor surgical interventions performed under local 

anesthesia (KCI). The ORs located on the second floor of the surgical suite are not included in the scope 

for the Thesis research, as there exist no outflow of patients from these rooms to the level-1 PACU. A 

more detailed description of the research scope will be provided in subchapter 1.5.  

The OT can be considered, from a production and control point of view, as a resource that is shared 

among several medical disciplines for productivity and cost-efficiency reasons, in contrast to being 

dedicated to one specialism. ORs are in general assigned to various surgical disciplines only for specific 

time periods, i.e. ‘time-phased allocation’, based on historical production measures and capacity usage 

(Vissers & Vries de, 2005). Considering our research environment, ORs are preserved for surgical 

disciplines in blocks that last an entire day, with a single OR block available from 8.00 till 17.00h given a 5 

day workweek. Postoperative hospital facilities, including the PACU and ICU, do not have special 

allocation agreements, and bed capacity is assigned to patients on a first-come-first-serve (FCFS) basis, 

regardless of the surgical discipline responsible for the treatment.  

1.1.3. Post-Anesthesia Care Unit 
The post-anesthesia care unit (PACU) is a postoperative area attached to the operating room suites, 

specifically designed for patients to recover from general-, regional- or local anesthesia, upon the 

completion of their surgery. Most patients are taken directly to the PACU after their surgery, although 

critical inpatients (e.g. cardiac or thoracic patients) are admitted to one of the other postoperative 

facilities (e.g. ICU, MC, CCU, PACU(IC)) due to specialized resource requirements and a genuinely higher 

demand for care. Patients admitted to the PACU stay in general for a time period that can range between 

45 minutes till 3 hours, in order for the anesthesia to wear off and the patient to become stabilized (Price, 

Golden, Harrington, Konewko, & Wasil, 2011). Please note that the aforementioned length of stays (LOS) 

hold for conditions under no complications and no discharge delays.  

The PACU facility at the Catharina hospital embodies a treatment capacity of 15 hospital beds with no 

special allocation agreements. The daily nursing staff level is based on a 13 bed formation, with the 

rostering of individual nurses in three shifts. The morning shift starts with four nurses (7.30/8.00 – 

17.30h), with two additional nurses required later in the morning (9.00 – 18.30h). Finally, another two 

nurses will be scheduled in the late afternoon (12.30 – 22.00uh, to cover up the final admission peak. A 

small ‘service team’ will be present during the evening and night at the PACU, to look after (emergency) 

patients who are treated outside the regular working hours at the OT (8.00 – 17.00h).  
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The concept of patient acuity plays an important role in the allocation of beds and the demand for care at 

the PACU, as it provides a measure for the minimum amount of nurse capacity that is required to care 

safely for each patient. Hospital beds are arranged in districts of four beds, with each district being 

supervised by two nurses, as represented in Figure 1.2. By convention, patient acuity is considered 1:2,  

indicating one nurse can provide care 

for two patients (Dexter, Wachtel, & 

Epstein, 2006). This assumption is 

however only valid for the majority of 

an elective patient’s stay; non-

elective or emergency patients may 

require a 1:1 nurse-to-patient staffing 

1 2 3 4

PACU

 
Figure 1.2 Bed Arrangement PACU 

as they generally demand more care. In addition, patients can transition from one acuity level to another 

throughout their stay, regardless of their initial classification as elective, non-elective or emergency. In 

general, two transitions in acuity can be observed. During the first 10 or 15 minutes after the transfer 

from an OR to the PACU (admission phase), every patient requires the full attention of a single nurse (e.g. 

acuity of 1:1). After the admission phase, elective patients will subsequently demand less care (e.g. acuity 

of 1:2). A second transition usually takes place when the patient is considered to be ready for discharge, 

but has to wait for a driver to become available. Since these patients are already stabilized, but have to 

remain at the PACU, their acuity may be considered to be 1:3 for the latter part of their stay (Dexter, 

Wachtel, & Epstein, 2006).  

1.1.4. Surgery Planning & Scheduling Process 
The core surgery planning and scheduling process under the as-is situation at the Catharina hospital can 

be described through a selection of sub processes, which are either performed locally by the individual 

medical disciplines, or centrally at the surgical suite.  

Decentral Planning Phase 

The decentral planning phase, described in Figure 1.3, starts with the finalization of the medical consult at 

one of the dedicated outpatient clinics. An admission document is filled in by the officiating specialist 

which, in combination with the patient’s treatment history obtained from the electronic health record 

(EHR) system, forms the basis for further proceedings. First the type of surgery treatment is considered, 

as this gives an indication for the duration of the OR time slot that needs to be available. The expected 

duration for a general elective surgery is determined by simply taking the average of the last 10 cases, as 

performed by the concerning specialist. In the case of a non-elective or emergency treatment, the 

expected surgery duration is estimated by the specialist, based on a selection of treatment and patient 

specific characteristics. 

Second after obtaining an 

estimate for the surgery 

duration, the time span in 

which the surgery needs 

to take place is assessed. 

This assessment is done 

based on the patient’s 

preference, or in case of a 

non-elective treatment, 

on an urgency indication 

as stated by the specialist. 

Third, the specialist’s 

 
Figure 1.3 Decentral Planning Phase 
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availability is verified, where after a patient is assigned to an OR slot on a particular date and time. Last, 

after a time slot is chosen, the system automatically checks the availability of the tools required, and if 

applicable, an alternative time slot is chosen. 

Central Planning Phase 

When combining the locally determined surgery schedules, an OT planning is derived, which will serve as 

the input for the central planning phase. Regarding Figure 1.4, since the OT planning is derived locally 

without consultation, the operating room coordinator (ORC) performs a final feasibility check to assure 

that the derived planning is feasible, and the input from the various disciplines are well matched together. 

The ORC will assess, among others, whether the estimated surgery durations are accurate and practically 

feasible, and whether the required tools for the surgical intervention are available. Moreover, the 

composition and staff level for the officiating OR team will be determined. Last, when the OT day planning 

is considered not to be feasible, deviations in the original planning will be made.  

 
           Figure 1.4 Central Planning Phase 

 

The ORC, besides performing the feasibility check, fulfills also an important role on the surgery date itself. 

The ORC is assigned by the hospital management to maximize OR efficiency, given a fixed OR capacity 

between 8.00 and 17.00h. Given the additional variability inherent to the functioning of the surgical suite, 

the ORC continuously monitors the concerning processes, and if required, subsequently rearranges OR 

cases and staff assignments. Examples of situations, in which deviations to the original schedule should be 

made, are unplanned arrivals of emergency cases, and OT cases taking more or less time than originally 

planned (Stepaniak, Mannaerts, de Quelerij, & de Vries, 2009). 

1.2. Problem Statement 
In the current situation, both the ICU and PACU face significant fluctuations in inpatient admissions 

throughout the day, as the result of the isolated OT planning methodology described in subchapter 1.1.4. 

Based on hands-on observations, one can conclude that general peaks in admission can be identified 

around 10.30, 13.00 and 16.45h. The latter admission peak is caused by the outflow of patients due to 

closing of the ORs. Variable inpatient admissions result in a suboptimal bed usage and variability in bed 

demand at both departments, which subsequently lead to peaks in workload for the staff level. Peaks in 

workload, in turn, have a detrimental impact on the overall quality of the care given process and the 

performance of postoperative departments in general. It has been proven that peaks in workload cause a 

higher chance on infections (Kaier, Luft, Dettenkofer, Kist, & Frank, 2011) and an increased probability in 

short sick leaves among staff personnel (Volpe, Magelhaes, & Rocha, 2013). In addition, according to 

Litvak et al. (2005), reducing variability in bed demand helps to reduce stress among the nursing staff, and 

to improve the safety of patients.  

Besides the described variability in outflow of patients to postoperative hospital facilities, the current 

isolated OT planning methodology also decrements the utilization of the available capacity at the surgical 

suite. It gives rise to situations of OT boarding, in which a patient has to remain at the OR due to 

postoperative bed unavailability (Tancrez, Roland, Cordier, & Riane, 2013). Situations of not using the 

available OT capacity to its full potential, lead to unnecessary costs, and impede the efficient patient flow.  



 
5 

 

1.3. Research Objectives 
Since the currently surgery scheduling methodology decrements the quality of the care given process and 

impedes the working environment for the nursing staff, the Catharina hospital expressed the desire to 

develop surgical suites schedules, such that the PACU faces a relatively stable inflow of patients, bed 

occupancy rates, and acceptable workloads for the nursing staff throughout the day. As such, the 

following research objective is derived.  

 ‘Determine a surgical suite schedule in terms of uniform patient categories, that results in a fairly 

stable bed occupancy rate and acceptable workloads for the nursing staff at the PACU, without 

decrementing the current OT performance’ 

As a solution to the described business problem, a (base) scheduling algorithm is proposed, able to define 

a (near) optimal sequence for a selection of planned surgical interventions, while considering the PACU as 

a postoperative facility. Moreover, to achieve the proposed research goal, uniform patient categories will 

be derived as input for the scheduling algorithm, in order to reduce the number of decision variables and 

to make the algorithm generically applicable to numerous healthcare institutions. Second, the (base) 

algorithm should preferably account for the concept of arrival uncertainty, caused by the unpredicted 

arrival of emergency cases. Third, the rescheduling impact of the derived scheduling algorithm should be 

assessed and validated under artificial environmental conditions, with the aid of a retro perspective case 

study. Fourth, scheduling guidelines could be derived from the retro perspective case study for the 

decentral planning staff, situated on a more tactical decision level. This will enable them to define surgery 

schedules that are already feasible with respect to the PACU, and will prevent the algorithm from making 

major deviations to the original OT planning. Last, combining the scheduling algorithm with a nurse 

rostering design might lead to additional insights for reducing peaks in workload at the PACU.  

1.4. Research Questions 
In line with the problem statement and the research objectives, the main research question and related 

sub-questions are defined.  

 ‘How can a surgical suite schedule be defined in terms of uniform patient categories, that result in a 

fairly stable bed occupancy rate and acceptable workloads for the nursing staff at the PACU, without 

decrementing the current OT performance? 

In order to answer the research question, the following sub-questions are derived.  

1. ‘Which uniform patient categories could be derived that will serve as the input for the scheduling 

algorithm?  

2. ‘How can the base scheduling algorithm be extended, such that the arrival of emergency cases is 

taken into account?  

3. ‘What is the rescheduling impact of the derived OT case lists, on the performance of the OT and the 

bed occupancy and nursing staff workload at the PACU?  

4. ‘Which scheduling guidelines can be derived for the decentral planning staff?  

5.  ‘What deviations can be made to the current rostering of the nursing staff at the PACU, to cover 

up peaks in workload?  
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1.5. Research Scope 
Based on the defined research questions and objectives, one can now indicate the research scope for the 

Master Thesis research.  

Research Delineation 

The selection of ORs and the level 1 PACU from the Catharina hospital can be considered as the main 

hospital facilities within consideration. The three operating rooms dedicated to small surgical 

interventions under local anesthesia (KCI), the ‘pain room’ (OR 17), and the two rooms preserved for H2-

day care (OR 18, 19) are excluded from the research scope, as there exist no outflow of patients from 

these rooms to the level 1 PACU. Other postoperative facilities besides the PACU, including the ICU, CCU, 

MC and PACU(IC), are excluded from the scope due to the delivery of high-complex care (and concerning 

additional variability) and a potentially incomplete dataset.  

ORs are made available to the various medical disciplines from 8.00 till 17.00h, given a five day workweek. 

Deviations to the aforementioned opening hours are allowed, although the algorithm strives to minimize 

the amount of overtime as much as possible. As for the functioning of the PACU, the algorithm will 

assume a five day workweek, with the PACU available from 8.00 till 20.00h, in order to also account for 

patients that are treated during the last planned OR sessions. OR cases performed after the regular 

opening hours (excluding overtime) are not included in the scope of our scheduling problem. 

Planning Horizon 

In order for the scheduling algorithm to account for the three main types of patient categories, a planning 

horizon smaller than 48 hours should preferably be chosen. This because non-elective (urgent) patients 

arrive unexpectedly, and are required to undergo their surgery often within two days upon arrival. 

Emergency patients are omitted in the base model, as they require an almost immediate surgery upon 

arrival, and therefore cannot be planned in advance. The concept of arrival uncertainty is included with an 

extension to the (base) model. 

Core Process 

The current surgery planning and scheduling process, described in subchapter 1.1.4, will function as the 

core process under consideration. Please note that the functioning of the ORs and the PACU will be 

simulated during the case study part of the report, although the internal performed (clinical) processes 

will be modelled as black boxes. With respect to the boundaries of the core process under consideration, 

it will be elaborated from the moment that a surgery treatment is advised during the medical consult, till 

the moment that the patient is discharged from the PACU.  

1.6. Research Methodology 
This subchapter provides an outline of the research design, which can be discussed through five stages. 

The research design expresses both the structure of the research problem and the plan of investigation 

used to obtain empirical evidence on relations of the problem. 

Phase 1. Model Preparation 

In preparation for the Master Thesis, an exploratory Literature Review is performed to get acquainted 

with the research area, and to develop a knowledge base in OT management. A summary of the 

performed Literature Review is included in chapter 2. In conjunction with writing the Literature Review, 

business understanding is gained by providing and modeling a blueprint of the as-is situation of the 

Catharina hospital. This blueprint will include, among others a high-level process model to identify and 

locate points for improvement, which is derived by adhering to the first two stages of the Problem Solving 

Cycle (van Aken, Berends, & van der Bij, 2012). The Research Proposal aims to satisfy this objective.  
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After the delineation of the research area and the identification of a solution direction, design 

requirements and restrictions will be identified that will guide the set-up and implementation of the 

proposed scheduling algorithm (van Aken, Berends, & van der Bij, 2012). Semi-structured interviews with 

stakeholders from various departments within consideration will be conducted, in order to identify the 

described design requirements, including functional requirements, user requirements and boundary 

conditions. The model preparation phase will conclude with a dataset analysis, required for the derivation 

of uniform patient categories as input variables to the base scheduling algorithm.  

 Phase 2. Base Scheduling Algorithm 

The identified model input variables and design requirements from phase 1, will be used as an input for 

the derivation of the base scheduling algorithm. The conceptual scheduling problem will first be formally 

defined as a two-stage flexible-flow shop problem, which is subsequently solved using objective 

programming. The development of the algorithm is done in Matlab 2014b. Last, a small computational 

study and sensitivity analysis will be performed to assess how the algorithm behaves under different 

configurations of various input parameters.  

Phase 3. Base Model Extensions 

The base scheduling algorithm from phase 2 will subsequently be extended in a later stage of the research 

outline to cover up for the arrival of emergency cases. In addition, the ergonomic constraints’ limitation is 

offset by including the possibility for having lunch breaks for the PACU nursing staff, with the introduction 

of a third decision variable. Last, any potential nurse capacity shortage due to an unexpected increase in 

nurse demand will be prevented with the introduction of a nurse capacity safety margin.  

Phase 4. Retro Perspective Case Study 

The base scheduling algorithm from phase 2 and the extended model from phase 3 will be validated ex-

post facto, through the usage of a retro perspective case study. The validation of the derived algorithm, as 

well as an assessment of the scheduling impact, will be done in an artificial environment using discrete 

event simulation. Moreover the case study can be seen as a longitudinal study with a limited time frame, 

as the functioning of the PACU and the OT will be repeatedly assessed under different configurations of 

OT case lists, derived from historical admission profiles as performed by the Catharina hospital over the 

year 2016. The obtained simulation results will subsequently be used to revise the scheduling solutions.  

Phase 5. Process Redesign & Recommendations 

The last stage of the research outline includes a process redesign, inherent to the chosen solution 

direction, including potential recommendations and interesting findings derived from the performed case 

study. The chapter concludes with suggestions for further academic research. 

1.7. Outline of the Report 
With respect to the conceptual outline of the report, chapter 2 provides an exploratory literature review 

on the topic of OT planning and scheduling, with the purpose of providing a theoretical base in OT 

management, while simultaneously describing the research gap in current literature that is addressed in 

this project. Chapter 3 includes the first three stages of the research outline, including the derivation of 

the base algorithm and the proposed extensions. The results obtained from the retro perspective case 

study are described in chapter 4. In chapter 5, the obtained scheduling solutions are revised on the basis 

of the simulation output. Chapter 6 concludes the research by answering the research questions and 

providing recommendations and suggestions for further academic research. 
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2. Literature Review 
The literature on OT planning and scheduling is rather extensive; it exhibits a wide range of approaches 

that differ in terms of research delineation and chosen aggregation level to situate the planning problem. 

This chapter presents an overview of the current literature, which is twofold in nature. First an 

exploratory review is provided that describes the selected articles from different perspectives with the aid 

of descriptive fields, using the performed Literature Reviews by Cardoen, Deulemeester & Beliën (2010) 

and Samudra et al. (2016) as a reference guide. The exploratory part allowed the author to develop a 

knowledge base in OT management, while simultaneously resulting in the identification of research gaps 

worth pursuing. The second phase of the Literature Review entails a methodology review on OT planning 

and scheduling practices and heuristics, integrated with postoperative hospital facilities. The chapter 

concludes with positioning the Master Thesis research against the gap observed in current literature. 

2.1. Exploratory Review 
2.1.1. Taxonomy 
Upon reviewing literature concerning operating room planning and scheduling, two broad categories of 

patient groups can be identified, namely elective and non-elective patients, based on the responsiveness 

to the patient’s arrival (Samudra, et al., 2016). The former category groups patients who in general 

receive standardized surgery treatments, which are not urgent and can therefore be planned in advance. 

The latter category entails patients who arrive unexpectedly and are required to undergo their surgery 

with urge. Non-elective patients can be further classified into urgent and emergency patients, as patients 

classified as ‘urgent’ are stable enough for their surgery to be postponed for a short period of time, 

whereas emergency patients need to undergo their surgery as soon as possible (Cardoen, Deulemeester, 

& Beliën, 2010). In general, a distinction is made between elective and emergency patients in current 

literature, though a further distinction to non-elective (urgent) patients is hardly applied. Concerning the 

terminology used throughout the remainder of this report, we will consider the three main types of 

patient categories, elective, non-elective (urgent) and emergency patients.  

2.1.2. Uncertainty 
Managing the OT is extremely difficult due to the stochastic nature of the activities performed, in terms of 

surgery duration and demand. In general, three main sources of uncertainty can be identified that are 

inherent to surgical suite practices (Tancrez, Roland, Cordier, & Riane, 2013). First, the duration of the 

surgical treatments cannot be predicted exactly; significant variations in surgery duration may occur due 

to for example the occurrence of unpredicted complications. Iser et al. (2008), Lamiri et al. (2008), Latorre 

et al. (2016), Lee & Yih (2014) and Marcon & Dexter (2006) used discrete-event- or Monte Carlo 

simulation to simulate the stochastic behavior of the performed surgery durations. Another widely 

accepted academic approach is to fit a distribution based on past data, presumably a lognormal 

distribution with discrete time intervals, as proposed by Jebali & Diabat (2015). 

 A second source of variability relates to the LOS uncertainty at postoperative departments. Most articles, 

including Beliën & Deulemeester (2007), Beliën, Deulemeester & Cardoen (2009) and van Essen et al. 

(2014), assumed that the LOS is given by a multinomial distribution that differs per surgery type. In 

addition, Lee & Yih (2014) modelled the stochastic LOS as triangular fuzzy numbers. Iser et al. (2008) 

integrated, apart from the stochastic LOS, also a blocking probability of having no beds available at 

downstream departments. Last, the third source of uncertainty relates to the unpredicted arrival of 

emergency cases, often referred to as arrival uncertainty. Both Lamiri, Xie & Zhang (2008) and Lamiri et al. 

(2008) incorporated arrival uncertainty as the probability of additional required capacity on a certain day 

of the planning cycle, while trying to minimize the overtime of the OT. Latorre et al. (2016) integrated 

arrival uncertainty by minimizing the maximum waiting time for an emergency surgery. van Essen et al. 

(2014) used the concept of ‘break-in-moments’ (BIM) to create elective surgery schedules in view of the 

arrival of emergency patients.  
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2.1.3. Research Delineation 
The processes performed at the OT have a significant impact on the provisioning of postoperative care at 

downstream hospital facilities, as described in the introduction. Among others, the required number of 

beds, and the concerning staff level at these departments, are highly dependent on the scheduling of 

individual surgery treatments at the OT (Beliën & Demeulemeester, 2007). As such, given the importance 

of an OT planning integrated with downstream hospital facilities, it is remarkable that a significant 

proportion of academic papers considered an isolated OT in the scope of their planning problem.  

Articles that effectively considered postoperative hospital facilities (e.g. PACU) when managing the OT are 

Iser et al. (2008), Latorre et al. (2016), Lee & Yih (2014) and Wang et al. (2015), who integrated the 

available resources at the PACU as a downstream capacity constraint. Marcon & Dexter (2006) tried to 

level the bed utilization at the PACU throughout a given planning period, with the aid of several surgical 

sequencing heuristics. Heydari & Soudi (2016) investigated the planning and sequencing of an operating 

process with multiple ORs and the PACU, represented as a two-stage flexible flow shop problem. 

2.1.4. Research Gap 
In the previous subchapters, the author provided an exploratory review of recent contributions related to 

OT planning and scheduling, with the aid of descriptive fields. A summary of the obtained results is 

included in Appendix B, Table B.1. Based on the aforementioned research approach, the author could 

remarkably observe that a significant proportion of current literature solely 

considered elective patients, ignoring the additional variability caused by the 

unpredicted arrival of emergency patients. In addition, the applied research 

approaches were often quite simplified. Some papers did not acknowledge 

additional sources of variability, due to the stochastic nature of the surgery 

durations or LOS distributions at postoperative departments. Other papers 

considered an isolated surgical suite in the delineation of their research area. 

As such, it can be concluded from the descriptive field analysis that, in the  

Stochasticity
Integrated 

OT

Patient 
Category

 
Figure 2.1 Research Gap 

spot of overlapping fields (Figure 2.1), there is an interesting and promising research opportunity in the 

field of OT management. A unique combination of an integrated OT planning under uncertainty, that 

acknowledges the three aforementioned types of patients, could effectively address the described 

research gap.  

2.2. Methodology Review 
With the Master Thesis research scoped towards a conceptual scheduling problem, integrated with 

postoperative hospital facilities under uncertainty, the second phase of the literature review outline can 

begin. This subchapter provides a review of recent contributions in the field of OT management on an 

operational type of decision level, which have either included the arrival of emergency cases or the 

levelling of resources as an objective in the scope of their planning problem. The solution techniques 

applied in current literature will form the main topic of interest for this subchapter, for which an outline is 

included in Figure B.1, Appendix B. Moreover, upon reviewing the identified articles, three foremost types 

of planning and scheduling techniques could be discerned. 

1. Objective Programming 

2. Scheduling Heuristics 

3. Fuzzy Job Shop / Flow Shop Scheduling 

2.2.1. Objective Programming 
Objective programming, the focus area of this subchapter, is characterized by the formulation of one or 

multiple objective functions, which are to be optimized by altering a given set of decision variables under 

a selection of constraints (Antunes, Alves, & Clímaco, 2016). This form of multi-objective optimization is 

considerably more complex to solve as compared to classic single-objective programming. When including 

multiple (often conflicting) objectives in the scope of the conceptual problem, the derived objective 
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functions become nonlinear in nature and, as a result, “such problems give rise to a set of trade-off 

optimal solutions (Pareto-optimal solutions) instead of a single optimum” (Deb, 2014). Moreover, 

objective programming applications in OT planning often require integer decision variables, as for 

instance assigning time slots to individual patients cannot be done based on continuous values. Last, 

numerous solution techniques have been applied in literature to solve objective programming models. 

Exact Solution Algorithms 

Core to solving linear programming problems, is that their optimal solution must lie on the boundaries of 

the feasible region (Hillier & Lieberman, 2010). The simplex algorithm, regularly applied in current 

literature, moves therefore sequentially from one extreme point to another, using the following 

guidelines. At each iteration, the method considers all extreme points that can be reached along an edge, 

and subsequently moves to the one that provides the best improvement in the objective function 

(Nahmias, 2009). The algorithm terminates when no further improvement can be made. Moreover, the 

simplex algorithm is usually executed with the aid of sophisticated software packages like IBM ILOB CPLEX 

Optimization Studio. Adan et al. (2009) and Adan & Vissers (2002), used the CPLEX software to derive a 

cyclic admission planning stating the number and mix of patients to be operated on each day of the 

planning cycle. Their objective was to minimize the absolute deviation between a desired target- and 

achieved utilization rate for a set of postoperative resources under consideration, including the number of 

OT hours, IC nursing hours, and the bed utilization at both the general ward and ICU.  

Utilization-based optimization models however might become hard to implement in practice, as defining 

an appropriate target utilization is quite difficult and impedes a strategic decision that may very between 

institutions (Cardoen, Deulemeester, & Beliën, 2010). Lamiri, Xie & Zhang (2008) and Lamiri et al. (2008) 

used a cost-driven objective function as an alternative. Both articles strive to derive an admission/case 

mix planning that determines the selection of elective patients that need to undergo a surgery on each 

day of the planning cycle. Their objective was to minimize patient related costs and OT utilization 

expenses, with a random portion of each day’s available OT capacity preserved for the arrival of 

emergency patients. Lamiri, Xie & Zhang (2008) used a column generation approach to obtain a (near) 

optimal solution, whereas Lamiri et al. (2008) applied simulation-based optimization to solve the 

conceptual planning problem. 

Metaheuristics 

Exact solution algorithms are generically used to solve various types of objective programming models. 

Although these methods provide decent results for a wide variety of conceptual problems, there are cases 

that are so complex, or entail such small time frames for decision making, that no optimal solution can be 

identified. Under these conditions, metaheuristic procedures can be applied that find a feasible solution 

that is not optimal, but at least close to being optimal (Hillier & Lieberman, 2010). Beliën & Deulemeester 

(2007) used goal programming in combination with simulated annealing to determine a cyclic surgery 

block schedule, with the objective to minimize the expected bed shortage in a given planning cycle. van 

Essen et al. (2014) also applied simulated annealing to determine a surgery cyclic block schedule, again 

with the objective to level the bed occupancy at the ward throughout the planning period.  

2.2.2. Scheduling Heuristics  
Marcon & Dexter (2006) and Iser, Denton & King (2008) used discrete-event, respectively Monte Carlo 

simulation to assess the impact of a selection of surgery sequencing rules, without formally defining their 

conceptual problem with the aid of objective programming. The aim of both papers was to assess 

whether the resequencing of a selection of planned surgeries could affect the hourly number of patients 

that receive care at the PACU. Marcon & Dexter (2006) proposed the following sequencing heuristics that 

could guide invidual surgeons with obtaining a surgery sequence that is in favor of the situation at the 

PACU. The article from and Iser, Denton & King (2008) is considered as an extension, as the same 

heuristics were assessed for additional situations with OT boarding and a limited PACU nursing staff.  
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 Longest Cases First: Sequence surgeries in decreasing order of OR time. 

 Shortest Cases First: Sequence surgeries in increasing order of OR time. 

 Johnson: Select the shortest OR time or PACU completion time. If it concerns the OR, schedule 

the case as first as possible. Otherwise, schedule as late as possible. 

 Half increase in OR time and half decrease in OR time: List surgeries in increasing order of OR 

time. Sequence as follows: {L(1), L(3),…, L(n),….., L(4), L(2)}. 

 Half decrease in OR time and half increase in OR time: List surgeries in increasing order of OR 

time. Sequence as follows: {L(n), L(n-2),….,L(1),…., L(n-3), L(n-1)}. 

 MIXed OR time: List surgeries in increasing order of OR time. Sequence the cases as follows: {L(1), 

L(n), L(2), L(N-1),…}. 

Although the aforementioned scheduling heuristics were fairly simple and straightforward, yet simulation 

results from both articles displayed that heuristics aimed at smoothening the inflow of patients at the 

PACU (e.g. Mixed & HiHD) resulted in less peaks in workload, as compared to an initial random case list. 

Please note that these heuristics were applied to sequence the cases for one OR at a time.  An interesting 

research opportunity for the Master Thesis could therefore be to assess the impact of resequencing 

multiple ORs’ cases simultaneously, one or two days prior to the actual surgery date.  

2.2.3. Job Shop / Flow Shop Scheduling 
Apart from objective optimization and simulation based optimization combined with scheduling 

heuristics, a third solution method could be identified from current literature. Lee & Yih (2014) modeled 

their surgery scheduling problem as a flexible job shop. Their main objective was to determine the relative 

order of surgeries and their starting times, such that patient waiting times and OT idle time was 

minimized. In addition, any additional variability in terms of surgery duration and LOS of patients at the 

PACU was modelled through triangular fuzzy numbers. The advantage of using fuzzy numbers over 

probability distributions, is their computational simplicity, when faced with significant variation (Gonzalez-

Rodriquez, Puente, Vela, & Varela, 2008). 

Job shop scheduling problems can be defined as “a set of jobs that must be processed on a set of 

machines, where each job is formed by a sequence of consecutive operations, each operation requires 

exactly one machine, and machines are continuously available and can process one operation without 

interruption” (Pezzella, Morganti, & Ciashetti, 2008). Upon adhering to this definition, Lee & Yih (2014) 

defined the available PACU resources as ‘machines’, and the performed activities at the PACU as 

‘operations’, with the actual surgeries perceived as constraints, in order to finalize the conceptual 

problem. Their surgery scheduling problem was solved with the aid of a genetic algorithm.  

 Heydary & Soudi (2016) modeled their surgery scheduling problem as a two-stage flexible flow shop, a 

variant of job shop scheduling in which the order of consecutive operations are set for each type of 

surgical intervention. The proposed model investigated the sequencing of an operating process with 

multiple ORs and the PACU, in which each patient has to pass through the two stages in consecutive 

order, without waiting times between them. These modeling assumptions are valid in a healthcare 

environment, as a surgical case is non preemptive, indicating the surgery cannot be interupted. In 

addition, once a sugerical intervention is started, the processes performed at the ORs and the PACU 

should be performed consectively, without waiting times between them (Wang, Tang, Pan, & Yan, 2015). 

A disadvantage of the aforementioned research method is their usage of a makespan objective, which 

makes their scheduling method not quite suited to fulfill the research objective as stated by the Catharina 

hospital. The makespan is usually defined as the total time that elapses from the first till the last patient’s 

recovery. Hence, decreasing the makespan will most likely involve a dense surgery schedule, which 

presumably lead to peaks in bed demand and nursing staff workload at the PACU throuhout the day.  
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2.3. Academic Contribution 
After a thorough analysis of current literate related to OT management along a selection of descriptive 

fields (e.g. taxonomy, uncertainty, research delineation), it can be concluded that  there is an interesting 

and promising research opportunity in the field of OT management (Figure 2.1, page 9). A unique 

combination of an integrated OT planning under uncertainty, that acknowledges the three identified 

patient types, could therefore effectively address the described research gap. The main contribution of 

the aforementioned research approach to prior research, will lie in the integration of the OT with other 

hospital facilities under uncertainty.  

In addition to the descriptive field analysis, an outline of the methodology review is provided, focused 

towards deriving useful insights regarding  applied solution techniques. Marcon & Dexter (2006) assessed 

the impact of a selection of surgery sequencing rules on the utilization of the OT and PACU staff level. 

They proposed several sequencing rules that could guide individual surgeons with obtaining an optimal 

sequence of surgeries. Although the proposed heuristics were fairly simple and straightforward, yet they 

could conclude that heuristics aimed at smoothening the inflow of patients at the PACU resulted in less 

peaks in workload, as compared to the initial random case list. Upon positioning the Master Thesis 

research against current literature, this study can be considered as a follow up to the article from Marcon 

& Dexter (2006), as we aim to sequence multiple ORs’ cases simultaneously one or two days prior to the 

actual surgery date.   
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3. Base Scheduling Algorithm 
This chapter includes the formal derivation of the base scheduling algorithm, able to prospectively 

sequence ORS’ cases simultaneously on their admission date, while considering resource capacity at both 

the surgical suite and the PACU.  

In preparation for defining the scheduling algorithm, design requirements and restrictions will be 

identified that will guide the set-up and implementation of the proposed algorithm (van Aken, Berends, & 

van der Bij, 2012). In addition, an exploratory data analysis is performed, which is required for the 

derivation of uniform patient categories as input variables to the base scheduling algorithm. The chapter 

will conclude with a computational study and an extension to the base model, aimed to cover up the 

arrival of emergency cases.  

3.1. Design Requirements 
Semi-structured interviews have been held with stakeholders from the various departments within 

consideration, in order to identify the described design requirements, including functional requirements, 

user requirements and boundary conditions. This subchapter includes a paraphrased summary of the 

aforementioned interviews.  

3.1.1. Functional & User Requirements 
 The scheduling algorithm should respect the initial assignment of surgical procedures to certain 

operating rooms 𝑗, due to specialized resource requirements.  

 The scheduling algorithm should support the various routings of patients, as described in subchapter 

1.1. 

 The scheduling algorithm should be capable of handling uncertainty in the form of the arrival of 

emergency cases. 

 The scheduling algorithm should be robust and capable of handling changes in the hospital’s case mix. 

 The usage of the postoperative resources under consideration (hospital beds at level-1 PACU, nurse 

capacity at level-1 PACU) should be balanced throughout the day. 

3.1.2. Boundary Conditions 

Input Constraints 

 The postponement of surgical procedures is not allowed; All patients who are assigned to a certain 

admission date , are required to undergo their surgery on the same day.  

 The surgical suite of the Catharina Hospital within scope consists of 16 regular ORs and two hybrid 

ORs, which are shared between various medical disciplines.  

 There is one level-1 PACU with a fixed number of hospital beds available.  

 The number of scheduling nurses should at all times be sufficient to cover up the expected demand 

for nurse care. 

 It is not possible to reallocate patients from the PACU to another postoperative department. If the 

bed capacity at the level-1 PACU is insufficient to cope with peaks in bed demand, then the patient 

has to remain in the OR (OT boarding), effectively blocking the remaining surgeries. 

System Constraints 

 Elective and non-elective patients should preferably be treated within the regular working hours at 

the surgical suite (8.00 – 17.00h). 

 The scheduling algorithm should account for ergonomic constraints, including the possibility for lunch 

breaks and a predefined maximum work shift length, when rostering the PACU nursing staff.  
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3.2. Dataset Analysis 

3.2.1. Data Understanding 
The obtained company dataset contains all recorded surgical cases at the Catharina hospital, performed in 

the period 2015 till 2016 (total 31121 cases). The dataset includes a total of 29 variables that might 

contain information relevant to the Thesis subject, regarding the monitoring of the surgery outline and 

the patient’s stay at the PACU. An overview of the identified variables is included in Appendix C, Table C.1. 

3.2.2. Dataset Preparation 
The data preparation process starts, when adhering to the CRISP-DM process (Wilbik & Kaymak, 2013), 

with ‘select data’,  in which one decides upon the data sample that will be used for further analysis. Given 

the recent acquisition of two hybrid ORs in 2015, it is decided to solely focus on the performed cases over 

the year 2016 (15995 cases). This because the hospital’s access to these high tech operating rooms 

enables the usage of state of the art technologies related to surgery and imaging, which have resulted in a 

change in the hospital’s case mix. Moreover, the selection of surgeries performed at the ORs 17, 18, 19, 

and the ones dedicated to small surgical interventions (KCI), were already excluded from the dataset, 

since there exist no outflow from these rooms to the level 1 PACU. Last, in addition to the described 

preparation step performed prior to obtaining the dataset, surgical cases performed beyond the regular 

working hours at the OT (7.00 – 18.00) are removed, as these emergency arrivals fall outside the scope for 

our conceptual scheduling problem. Remark that the ORs are generally available from 8.00 – 17.00, 

although we extended the timeframe in order to also account for surgery delays and corresponding 

overtime. Eventually, a sample size of 14295 cases is obtained that will be used for further analysis. An 

overview of the performed data preparation steps is included in Table 3.1. 

Table 3.1 Dataset Preparation 
# Description Method Number of Cases Removed  

1 Acquisition of two hybrid ORs Remove cases performed over year 2015 15996 
2 Surgical cases performed beyond regular 

opening hours 
Remove cases performed outside  
(7.00 – 18.00) 

1701 

 

3.2.3. Exploratory Data Analysis 

Data Discretization 

In order to generate an initial summary of the company dataset, and to situate the hospital’s focus on 

non-elective treatments, which are performed in relatively small numbers, the obtained data sample is 

first discretized according to the case frequency, priority indication and the patient’s postoperative 

hospital stay. The results are included in Table 3.2.  

Table 3.2 Dataset Discretization 
Discretization method  Number of COTG Codes Cases 

Case Frequency n ≥ 100 26 6063 
 100 < n ≥ 50 40 2718 
 50 < n ≥ 30 42 1614 
 n < 30 583 3900 
    
Priority Indication Elective (E)  12669 
 Unplanned-Elective (O)  186 
 Emergency (S)  1440 
    
Postoperative Department ICU  1058 
 MCU  244 
 PACU (ICU)  752 
 CCU  118 
 Ward  458 
 Level-1 PACU  11665 
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It can be concluded from the table above, that the hospital’s case mix is indeed directed towards surgical 

interventions that are performed in relatively low volumes. Regarding Table 3.2, less than 30 individual 

cases were recorded over the year 2016, for the majority of the treatments (represented as individual 

COTG codes). Moreover, 63 percent of the hospital’s case mix encountered an annual production volume 

of less than 10 individual cases. On the other hand, by looking from another perspective, more than 60 

percent of the performed treatments are classified by a COTG code that is recorded at least 50 times over 

the year 2016.  

Considering the ratio of elective, non-elective and emergency patients, approximately 10 percent of all 

cases performed over the year 2016 concerned emergency classified inpatients, whereas only 1 percent 

of all patients were considered as non-elective. Last, with respect to the patient’s hospital stay, around 81 

percent of all inpatients were transferred to the level-1 PACU to recover from the residual effects of 

anesthesia, upon the completion of their surgery. Including the PACU as a postoperative hospital would 

therefore be the most interesting research opportunity to assess the immediate downstream scheduling 

impact.  

Probability Distribution Fitting 

A second exploratory analytical procedure that is applied to the obtained data sample, is approximating 

the surgery durations and LOS for a selection of surgical interventions, by fitting a probability distribution 

with distribution parameters (i.e. mean and standard deviation) depending on the surgery type. Prior 

research, identified from the performed literature review (chapter 2), suggested a lognormal distribution 

with discrete time intervals, to approximate the surgery durations (Jebali & Diabat, 2015). The LOS at 

postoperative facilities is usually given by a multinomial or lognormal distribution, with parameters that 

differed per surgery type (Beliën & Demeulemeester, 2007) (van Essen, Roland, & Cordier, 2014) (Marcon 

& Dexter, 2006). In order to assess whether these assumptions are valid with respect to the obtained data 

sample, several probability distributions will be fitted with optimized parameters, using the ‘Allfitdist’ 

package in Matlab R2014b as a software tool. Moreover, the goodness of fit for each fitted distribution 

will additionally be determined with the aid of a Kolmogorov-Smirnov test. The identified stochastic 

distributions are required to define uniform patient categories, the first (sub)objective for the Thesis 

research.  

Surgery Durations 

The ‘Allfitdist’ package fits a selection of parametric probability distributions (Appendix C, Table C.2) to a 

given data sample, and subsequently determines which distribution fits ‘best’. This assessment is done by 

calculating the Negative Log Likelihood (NlogL), Bayesian Information Criterion (BIC), Akaike Information 

Criterion (AIC) and Akaike Information Criterion corrected (AICc), for every fitted distribution. The fit 

parameters are formally defined as: 

 𝐵𝐼𝐶 =  −2𝐿𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 + 𝑘𝑙𝑛(𝑛) 
 𝐴𝐼𝐶 =  −2𝐿𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 + 2𝑘 

 𝐴𝐼𝐶𝑐 =  −2𝐿𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 + 2𝑘 + 
2𝑘(𝑘+1)

(𝑛−𝑘−1)
 

{
𝑛
𝑘

|
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑖𝑛 𝑑𝑎𝑡𝑎𝑠𝑒𝑡

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠
} 

The included fit metrics provide a means for distribution selection, as their values indicate a measure of 

the relative quality of the model fit to a given data sample. In short, each fit metric estimates the quality 

of a candidate model, relative to each of the other included parametric probability distributions (Akaike, 

1974). The drawback of the aforementioned fitting procedure however, is that it does not assess the 

model fit under a null hypothesis, and therefore no statements can be made regarding the quality of the 

model in an absolute sense. In response, a one-sample Kolmogorov-Smirnov test is subsequently 

performed, which tests the null hypothesis that the cumulative distribution function (cdf) of the ‘best’ 

fitted distribution with optimized parameters from ‘Allfitdist’, is equal to the population cdf of the given 

data sample (Massey, 1951). The Kolmogorov-Smirnov test is performed using the ‘kstest’ function in 

Matlab R2014b. 
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When applying the ‘Allfitdist’ fitting procedure to a randomly chosen surgical intervention (034911), it 

appears that a lognormal distribution with 

mean 76,879 provides a decent approximation 

to the original empirical distribution. This is 

visually represented in Figure 3.1, with the fit 

indexes for the three best fitted distributions 

included in Table 3.3. As a rule of thumb, 

distributions with the lowest values for the 

described statistical metrics are usually 

preferred, according to Akaike (1974) and 

Burnham & Anderson (2004). Please note that 

although the lognormal distribution did not 

provide the most accurate approximation for 

this specific type of surgical intervention, 

generally seen, it resulted in the ‘best’ average 

fit with respect to the hospital’s case mix. This  

 
Figure 3.1 Distribution Fitting 034911 (Surgery durations) 

proposition was subsequently confirmed with the aid of the Kolmogorov-Smirnov test; the null 

hypothesis, implying that the cdf of the treatment’s empirical distribution follows a lognormal 

distribution, was not rejected (Table 3.3). Last, after having successfully determined the underlying 

stochastic distribution for one type of surgical intervention, the remainder of the data sample was 

subjected to the aforementioned analysis. For readability, only the results for the first five identified 

surgery types are included in the report, as represented in Table 3.4. 

Table 3.3 Fitting Results 034911 (Surgery durations) 
Statistical Measure/Distribution Generalized Extreme Value Loglogistic Lognormal 

NlogL 262,912 264,635 265,114 
BIC 538,157 537,493 538,451 
AIC 531,825 533,271 534,229 

AICc 532,246 533,478 534,436 
    

Kolmogorov-Smirnov pValue ksstat cv 
Lognormal 0,8149* 0,0788 0,1709 

 

Table 3.4 Surgery Durations' Distributions 
# CTOG Code Fitted Distribution Mean (μ) Std. Dev (σ) CV 

    Parameter Estimate  Parameter Estimate  
1 034452 Lognormal 76,053 4,300 19,789 0,256 0,260 

2  034911 Lognormal 76,879 4,310 19,756 0,253 0,257 
3 030326 Lognormal 81,388 4,377 16,944 0,206 0,208 
4 036223 Lognormal 56,069 4,029 19,111 0,316 0,341 
5 038565 Lognormal 101,033 4,599 19,087 0,183 0,189 

Based on the obtained results, it can be concluded that a lognormal distribution with discrete time-

intervals is indeed best suited to approximate the surgery durations. However, given the significant 

standard deviation values underlying the fitted distributions (Table 3.4), an interesting follow up analysis 

would be to assess the accuracy of the lognormal approximations, as compared to the specialist’s 

estimation, initially used to plan the surgery treatments. The lognormal approximation is calculated by 

generating a lognormally distributed random variable with a mean and standard deviation depending on 

the surgery type, for every recorded case in the data sample.  Subsequently, we determined the average 

absolute deviation between the obtained approximations and the actual recorded gross surgery 

durations. The same calculations were also performed with respect to the initial predictions made by the 

officiating specialist. The average absolute deviation (in minutes) for the five identified surgery types is 

visualized in Figure 3.2. Moreover, it can be concluded from this figure, that the initial predication used to 
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plan the surgery treatments, is generally seen a better predictor for the gross surgery duration, than the 

applied lognormal approximations. The lack of patient- and treatment specific characteristics in the  

anonymized dataset, can be considered to be 

a possible explanation, as these 

characteristics are generically known and 

used by the specialist to create an initial 

estimation. To conclude, when determining 

the input variables for our scheduling 

algorithm and retro perspective case study, 

the lognormal approximations should 

preferably be normalized or corrected with 

respect to the initial estimation made by the 

officiating medical specialist (Stepaniak, Heij, 

Mannaerts, de Quelerij, & de Vries, 2009). 

This proposition is confirmed in Figure 3.3, 

where the average absolute deviation is 

again visualized for the five identified surgery 

types. This figure differs from the former 

one, as we have corrected the lognormal 

approximations by simply taking the 

arithmetic average between the obtained 

approximations and initial prediction made 

by the officiating specialist, for every 

recorded case in the data sample. As can be 

concluded from this figure, the corrected 

lognormal approximation is generally seen 

 
Figure 3.2 Accuracy Lognormal Approximation 

 
Figure 3.3 Accuracy Corrected Lognormal Approximation 

the better predictor for the gross surgery duration. 

Length of Stay (PACU) 

The ‘Allfitdist’ package is again applied to the 

dataset, in order to identify a probability 

distribution with a decent fit with respect to the 

LOS at the PACU.  As mentioned earlier in the 

introduction, prior research suggests that the LOS 

at postoperative departments is either given by a 

multinomial- (general ward) or lognormal 

distribution (PACU). Please note that ‘Allfitdist’ 

does not support multinomial distributions, and 

therefore the author will solely assess whether a 

lognormal- or other form of parametric 

distribution could be applicable. When applying 

the distribution fitting procedure to the randomly 

chosen surgical  intervention (034911), it appears 
 

Figure 3.4 Distribution Fitting 034911 (LOS) 

that a lognormal distribution with mean 71,862 again provides a decent fit to the original empirical 

distribution. This is visually represented in Figure 3.4, with the indexes for the three best fitted 

distributions included in Table 3.5. Just like in the previous case, the lognormal distribution did not 

provide the most accurate approximation for this specific type of surgery, although generally seen, it 

resulted in the ‘best’ average fit with respect to the hospital’s case mix. This proposition was again 

confirmed by the Kolmogorov-Smirnov test (Table 3.5). Last, the remainder of the data sample was again 
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subjected to the aforementioned analysis. For readability, only the results for the first five identified 

surgery types are included in the report, as represented in Table 3.6. 

Table 3.5 Fitting Results 034911 (LOS) 
Statistical Measure/Distribution Generalized Extreme Value Loglogistic Lognormal 

NlogL 269,434 272,920 269,414 
BIC 551,201 548,829 547,049 
AIC 544,868 544,607 542,828 

AICc 545,289 544,814 543,035 
    

Kolmogorov-Smirnov pValue ksstat cv 
Lognormal 0,8461* 0,0760 0,1709 

Table 3.6 LOS Distributions 
# CTOG Code Fitted Distribution Mean (μ) Std. Dev (σ) CV 

    Parameter Estimate  Parameter Estimate  
1 034452 Lognormal 80,159 4,342 23,733 0,290 0,296 

2  034911 Lognormal 71,862 4,232 21,556 0,294 0,300 
3 030326 Lognormal 96,044 4,507 33,704 0,341 0,351 
4 036223 Lognormal 82,300 4,368 24,586 0,292 0,299 
5 038565 Lognormal 95,578 4,487 37,915 0,382 0,257 

To conclude, it can be noted from the obtained fit results, that the lognormal distribution seems the most 

appropriate in comparison to the other included parametric distributions (Appendix C, Table C.2). 

However, given the notable spread in LOS for the same type of surgical interventions in the data sample, 

using the actual empirical distribution instead of a lognormal approximation, might be a potential 

alternative for the retro perspective case study.  

3.3. Patient Categorization 
In this subchapter, the hospital’s case mix will be clustered in uniform patient groups based on shared 

characteristics in terms of patient acuity, LOS and surgery duration, the first (sub)objective for the Thesis 

research. The partitioning of individual cases into uniform groups is required to reduce the number of 

decision variables for the scheduling algorithm, and to make the proposed redesign intervention 

generically applicable to numerous healthcare institutions. With respect to the conceptual outline of the 

subchapter, the six-stage clustering methodology from Hair et al. (2014) will be used as a reference guide. 

3.3.1. Categorization Objectives & Cluster Variate 
In forming uniform groups, one should first define the clustering objectives, and select the clustering 

variables (cluster variate) used to characterize the objects being clustered. The concept of data 

simplification can be considered as the primary objective for the clustering initiative, as the (derived)  

base scheduling algorithm will not be able to provide the planning staff with a solution within an 

acceptable timeframe for decision making, if one should chose to use the hospital’s entire case mix (648 

individual surgery treatments) as model input. Besides choosing a categorization objective, selecting an 

appropriate cluster variate is also an important proceeding to assure a valid cluster solution. It requires 

rationale based on prior research or explicit theory, to decide upon the selection of variables that exhibit 

differences across the derived clusters. In response, it is decided to define the uniform patient groups by 

means of a prototype evaluation system (Bardswich, Davenport, Hundert, & Stewart, 1989), in which the 

categorization is dependent on one or more measured characteristics. This in contrast to another widely 

accepted categorization method in the healthcare industry, i.e. factor evaluation systems, which are 

based on specific clinical and/or other (e.g. sociographic, demographic) characteristics.  The gross surgery 

duration and LOS at the PACU will function as resource consumption measures (dependent variables) in 

the described evaluation system. Linear regression and analysis of variance (Anova) will subsequently be 

used to identify the selection of category descriptors (independent variables). The obtained cluster 

solution is validated with the aid of a one way Anova.  
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Regression Analysis 

A first selection of category descriptive variables is made from the initial pool of 29 variables (Appendix C, 

Table C.1), on the basis of prior research. Among others, the variables ‘planned surgery duration’ 

(Niemeijer, Trip, Ahaus, Does, & Wendt, 2010), ‘priority Indication’ (Issa, Al-Rashedy, Ballester, & Ammori, 

2005), and ‘ASA physical status classification’ (Garcia, et al., 2012) are hypothesized to influence the 

chosen dependent variables. The ASA physical status classification is an anesthesia based classification 

that evaluates the patient’s clinical examination and the presence of comorbidities, and which 

subsequently indicates a score of one to six with increasing values according to the anesthetic risk 

evaluated (Daley, 2010) (Wolters, Wolf, Stützer, & Schröder, 1996). The advantage of including the ASA 

classification variable for categorization, is that it gives rise to a new variable ‘Patient acuity’, which is not 

currently measured. Patient acuity is a measure for the amount of nurse care as demanded by an 

individual admission, and is formally defined as “the number of nurse equivalents required to care safely 

for each patient” (Dexter, Wachtel, & Epstein, 2006). Including the acuity variable as a category descriptor 

will help to obtain a viable cluster solution, as one of the objectives for the (base) algorithm is to assure 

acceptable workloads for the nursing staff at the PACU throughout the day. Moreover, the patient acuity 

scoring grid, proposed by Halfpap (2016), is used to classify patients for acuity at the PACU, on the basis of 

their ASA physical status.  

The hypothesized relationships between the chosen category descriptive- and dependent variables are 

analyzed using single linear regression, where the objective is to use the independent variable whose 

values are known, to predict the value for the dependent variables as selected by the author. Linear 

regression in its basic form, analyzes the relationship between a single metric dependent variable, and 

one or more metric independent variables. However, given our initial variable selection, the variables 

‘priority indication’ and ‘ASA physical status classification’ are polytomous categorical variables 

(nonmetric), and they both need to be transformed before they can be included in the regression analysis. 

Variable transformation is required to represent the qualitative information of our independent variables 

in quantitative terms, without imposing unrealistic measurement assumptions (Hardy, 1993). Moreover, 

indicator coding is used for variable transformation, where each categorical independent variable with k 

categories, is represented by k-1 replacement dummy variables, and each dummy variable is either given 

the value 1 or 0 depending on the category of the nonmetric variable and the respondent (Hair, Black, 

Babin, & Anderson, 2014). As an example, consider the variable ‘priority indication’, which can possess 

the values ‘Elective’ (E), ‘Unplanned Elective’ (O), and ‘Emergency (S). This categorical variable is 

transformed into two dummy variables, representing respectively the categories “E” and “O”. Emergency 

classified respondents (S) are omitted, and they have received all zeros on the two dummy variables.  

Under this special form of linear regression with nonmetric independent variables, the ‘regression 

coefficients for the created dummy variables, represent differences on the dependent variables for each 

group of respondents from the reference category (i.e. the omitted group that received all zeros)’ (Hair, 

Black, Babin, & Anderson, 2014). Moreover, this form of dummy-variable coding results in a regression 

model with different intercepts for the various variable categories, and the reference category being 

represented in the constant term. 

The regression analysis is performed using the ‘fitlm’ function in Matlab R2014b, with the regression 

models and model output included in Appendix D. A summary of the obtained results is included in Table 

3.7. 
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Table 3.7 Regression Analysis (Summary) 
Dependent variable (Y) Independent variable Estimated Coefficients 

   Estimate SE Tstat pValue 
LOS Planned Surgery Duration  0,2302 0,006 37,026 < 0,001 
LOS Priority Indication “E” 6,1824 1,2016 5,1452 < 0,001 

  “O” 6,3170 3,7727 1,6744 0,0941* 
LOS ASA Physical Status Classification “1” 1,4277 1,3520 0,9358 0,3494* 

  “2” 12,9122 1,5256 8,9718 < 0,001 
  “3” 20,7290 1,6241 12,7630 < 0,001 
  “4” 8,1920 4,7460 1,7261 0,0843* 

Gross Surgery Duration Planned Surgery Duration  0,9204 0,0050 183,395 < 0,001 
Gross Surgery Duration Priority Indication “E” 21,3373 1,8139 11,7633 < 0,001 

  “O” 19,3414 5,6952 3,3961 < 0,001 
Gross Surgery Duration ASA Physical Status classification “1” 15,2333 2,3288 6,5412 < 0,001 

  “2” 26,3312 2,1968 11,9862 < 0,001 
  “3” 29,9317 2,4791 12,0736 < 0,001 
  “4” 41,4247 7,2444 5,7181 < 0,001 

 

Table 3.8 Anova (Linear Regression) (Summary) 
Dependent variable (Y) Independent variable Anova 

  Regression Residual F F critical pValue 
LOS Priority Indication 4,0*10^5 1,7*10^8 13,2585 3,00 < 0,001 
LOS ASA Physical Status Classification 5,6*10^6 1,7*10^8 94,4931 2,37 < 0,001 

Gross Surgery Duration Priority Indication 4,8*10^6 4,0*10^8 69,1879 3,00 < 0,001 
Gross Surgery Duration ASA Physical Status classification 7,7*10^6 4,0*10^9 56,6764 2,37 < 0,001 

 

Model Fit & Analysis of Variance 

With the regression analysis specified in terms of dependent and independent variables, one can proceed 

to estimating the regression models and assessing the overall model fit. On the basis of the obtained 

linear regression output (Table 3.7), it can be concluded that all three independent variables are positively 

correlated with the selected dependent variables, although the relationship between the dummy 

variables “O”, “1” and “4” and the dependent variable LOS selected by the author were not statistically 

significant, as compared for each group of respondents from the selected reference categories. 

Emergency classified patients functioned as the reference group for the variable ‘priority indication’, 

whereas patients with an unknown ASA classification score (5), acted as a reference for the variable ‘ASA 

physical status classification.   

Since the output of the linear regression models with dummy variable coding might be a bit hard to 

interpret, the overall fit of the defined models are subsequently assessed using one-way analysis of 

variance (Anova). Analysis of variance is a statistical test for model fit in terms of the F ratio, which also 

assesses whether the mean of the selected dependent variable differs significantly between the various 

categorical levels of the independent variable (Hair, Black, Babin, & Anderson, 2014). Moreover, one of 

the prerequisites for applying Anova or any other parametric test, is a normally distributed error term. 

This is preserved by the central limit theorem, indicating that the arithmetic mean of a sufficiently large 

sample taken from an identical distribution with finite variance tends to follow a normal distribution, 

regardless of the underlying (lognormal) distribution (Brosamler, 1988). As an example to illustrate the 

applied Anova, consider the third regression model with ‘LOS’ as the dependent- and ‘ASA physical status 

classification’ as the independent variable. It appears that the squared error that would occur by solely 

using the mean value of the dependent variable as a predictor, can be reduced with approximately 3,2 

percent (5,6 ∗ 106

1,7 ∗ 108⁄ ), by including the selected independent variable. This reduction is deemed 

significant with an F ratio of 94,4931 and a p-value < 0,001. Moreover the null hypothesis that the mean 

of the selected dependent variable is equal between all categorical levels is rejected (p < 0,001), and 

therefore one can conclude that the mean LOS is significantly different for at least one of the priority 

groups (Table 3.8) (Pace, 2012). The one-way Anova is performed using the data analysis toolbox in Excel, 
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with the model output included in Appendix D, and a summary of the obtained results in Table 3.8. Please 

note that the regression analysis and analysis of variance is only used to specify the cluster variate; its 

coefficients are not used.  

To conclude, the hypothesized relationships between the chosen category descriptive- and dependent 

variables are confirmed on the basis of the aforementioned analyses, and therefore it is decided to 

include all three variables as category descriptors in the cluster variate. 

3.3.2. Non-Hierarchical Cluster Analysis  
With the cluster variate specified in terms of resource consumptions measures and category descriptors, 

the clustering initiative can proceed to the actual partitioning of individual cases into uniform patient 

groups. A two-stage non-hierarchical clustering procedure is designed for categorization, in which a 

selection of cluster seeds (starting points) are identified and each individual case is assigned to one of the 

cluster seeds based on similarity (Hair, Black, Babin, & Anderson, 2014).  

Pre-set values for the selected category descriptive variables are used as cluster seeds. Individual cases 

are first partitioned on the basis of their priority indication value and ASA physical status classification. 

The variable ‘Priority indication’ can possess the values “E”, “O” “S”. It is decided to assign patients with 

either the value “E” or “O” to the same uniform group, as category “O” patients can be considered as 

regular elective patients from a clinical perspective; they differ in terms of their arrival at the surgical 

suite. The patient’s ASA classification value can range from one to four, as patients classified as either five 

or six are not transferred to the level-1 PACU upon the completion of their surgery. Moreover, please 

note that patients for which no ASA score was recorded, were given a value of five in our classification 

scheme.   

After obtaining an initial selection of uniform groups, the obtained subcategories are further partitioned 

using the variable ‘planned surgery duration’ as a third category descriptor. Within selected 

subcategories, the clustering will be done by (I) sorting individual cases in ascending order according to 

their (expected) planned surgery duration, and (II) calculating the average coefficient of variation (cv) 

(equal to standard deviation divided by the mean) for the variables ‘LOS’ and ‘Gross surgery duration’. A 

division between levels (bin sizes) is subsequently made at a point where the number of obtained cluster 

seeds is appropriate for decision making, while still obtaining relatively small average coefficient of 

variation values (Bardswich, Davenport, Hundert, & Stewart, 1989). Eventually, upon adhering to the 

aforementioned clustering methodology, the data sample of 11665 individual cases is partitioned into 26 

uniform patient categories, as included in Table 3.10.  Please note that 2630 (14295-11665) additional 

cases were omitted from the dataset prior to the performed clustering analysis, as these patients were 

transferred to one of the other postoperative hospital facilities besides the PACU, to recover from the 

residual effects of anesthesia. Last, the probability distribution fitting procedure, as described in 

subchapter 3.2.3 Exploratory Data Analysis, is again applied to identify the stochastic distribution that is 

best suited to approximate the gross surgery durations and LOS for the identified uniform categories.  
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3.3.3. Validating Cluster Solution 
The final stage in the six stage clustering methodology is the process of validating and profiling the 

obtained categorization solution. This last step is critical in accepting and defining patient categories that 

are generalizable and have practical significance beyond its mere description of the data on the clustering 

variables.  

Assessing Criterion Validity 

The predictive validity of the defined patient categories is assessed by reviewing whether significant 

differences can be observed on the selected resource consumption measures (LOS & Gross surgery 

duration) across the identified uniform categories  (Hair, Black, Babin, & Anderson, 2014). One way Anova 

is again performed with the variables ‘LOS’ and ‘Gross surgery duration’ as dependent variables and 

categorization membership as the independent variables. The selected dependent variables are included 

in the analysis as they have a theoretical relationship to the clustering variables, but were not included as 

category descriptors in the categorization solution. Moreover, if significant differences do exist on these 

variables, one can draw the conclusion that the defined patient categories depict patient groups that have 

predictive validity (Mooi & Sarstedt, 2010).  

Table 3.9 Anova (Predictive Validity) 
Dependent Variable Independent Variable F F critical pValue 

LOS Categorization Membership 73,42 
 

1,51 
 

< 0,001 

Surgery Duration Categorization Membership 817,0659 1,51 < 0,001 

On the basis of the obtained results (Table 3.9), it can be noted that the null hypothesis implying that the 

mean of the dependent variables is equal between all categorical levels is rejected (p < 0,001), and 

therefore one can conclude that the arithmetic mean LOS and gross surgery duration is significantly 

different for at least one of the defined uniform categories. Moreover, the actual difference in mean 

across the various categories is included in Table 3.10. To conclude, the results demonstrate that the 

categorization solution can predict key resource consumption measures, which provides evidence for 

criterion validity.  
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Table 3.10 Uniform Patient Categories 
#  Patient Category  Surgery Duration LOS 

 Description Priority ASA Acuity Planned 
duration 

N μ Estimate σ Estimate CV μ Estimate σ Estimate CV 

1 Normal Healthy Patient E, O 1 none (1:2) x < = 60 1263 51,212 3,875 18,076 0,343 0,352 60,334 4,027 23,875 0,381 0,387 
2 Normal Healthy Patient S 1 none (1:2) x < = 60 139 56,989 3,943 26,4816 0,443 0,464 63,162 4,069 25,772 0,392 0,392 
3 Normal Healthy Patient E, O 1 none (1:2) 60 < x < = 120 1009 92,283 4,468 32,026 0,337 0,379 75,219 4,250 29,349 0,376 0,409 
4 Normal Healthy Patient S 1 none (1:2) x > 60 79 86,321 4,383 34,6952 0,387 0,436 72,528 4,205 30,014 0,398 0,396 
5 Normal Healthy Patient E, O 1 none (1:2) 120 < x < = 210 368 157,131 5,016 46,155 0,288 0,290 92,898 4,473 32,860 0,343 0,371 
6 Normal Healthy Patient E, O 1 none (1:2) x > 210 81 246,821 5,440 95,034 0,371 0,366 104,467 4,578 40,897 0,378 0,438 
7 Mild Systematic Disease E, O 2 mild (1:2) x < = 60 2117 55,140 3,954 18,983 0,335 0,344 71,4 4,198 27,701 0,374 0,410 
8 Mild Systematic Disease S 2 mild (1:2) x < = 60 124 57,867 3,955 27,756 0,455 0,508 73,836 4,223 30,512 0,397 0,412 
9 Mild Systematic Disease E, O 2 mild (1:2) 60 < x < = 120 2528 92,934 4,482 30,151 0,316 0,323 82,083 4,344 30,361 0,358 0,413 

10 Mild Systematic Disease S 2 mild (1:2) x > 60 108 100,766 4,511 48,0083 0,452 0,468 76,955 4,260 32,835 0,409 0,415 
11 Mild Systematic Disease E, O 2 mild (1:2) 120 < x < = 210 908 158,521 5,025 46,1377 0,285 0,294 101,93 4,546 42,133 0,397 0,432 
12 Mild Systematic Disease E, O 2 mild (1:2) x > 210 249 270,363 5,539 97,100 0,348 0,359 118,707 4,679 55,144 0,442 0,409 
13 Severe Systematic Disease E, O 3 Moderate (1:1) x < = 60 571 55,775 3,967 18,905 0,330 0,342 75,337 4,243 31,161 0,397 0,407 
14 Severe Systematic Disease S 3 Moderate (1:1) x < = 60 52 56,5004 3,948 24,5027 0,415 0,423 79,325 4,294 32,949 0,399 0,396 
15 Severe Systematic Disease E, O 3 Moderate (1:1) 60 < x < = 120 723 94,777 4,492 33,783 0,346 0,368 90,943 4,415 41,554 0,435 0,500 
16 Severe Systematic Disease S 3 Moderate (1:1) x > 60 71 108,976 4,621 42,2667 0,374 0,406 96,916 4,489 41,661 0,412 0,449 
17 Severe Systematic Disease E, O 3 Moderate (1:1) 120 < x < = 210 327 163,343 5,046 52,9334 0,316 0,315 111,42 4,566 65,320 0,544 0,569 
18 Severe Systematic Disease E, O 3 Moderate (1:1) x > 210 70 239,431 5,444 63,463 0,261 0,262 115,846 4,397 117,839 0,843 0,828 
19 Severe Systematic Disease, 

Constant Threat to Life 
E, O 4 Substantial 

(2:1) 
x < = 90 35 61,338 4,008 30,241 0,466 0,491 70,050 4,089 43,038 0,566 0,551 

20 Severe Systematic Disease, 
Constant Threat to Life 

S 4 Substantial 
(2:1) 

 11 90,352 4,409 41,183 0,434 0,445 89,337 4,369 47,253 0,497 0,558 

21 Severe Systematic Disease, 
Constant Threat to Life 

E, O 4 Substantial 
(2:1) 

x > 90 30 188,728 5,078 116,823 0,469 0,553 84,723 4,320 43,898 0,488 0,496 

22 Unknown ASA condition E, O 5 Unknown (1:2) x < = 60 132 39,8269 3,519 24,9348 0,575 0,543 48,847 3,765 25,930 0,498 0,562 
23 Unknown ASA condition S 5 Unknown (1:2) x < = 60 392 58,6236 3,954 30,1339 0,484 0,588 66,885 4,086 34,412 0,485 0,530 
24 Unknown ASA condition E, O 5 Unknown (1:2) 60 < x < = 120 50 91,9679 4,427 41,8947 0,434 0,445 71,191 4,081 47,611 0,608 0,565 
25 Unknown ASA condition S 5 Unknown (1:2) x > 60 191 93,3705 4,442 42,6149 0,435 0,431 87,961 4,362 44,698 0,479 0,519 
26 Unknown ASA condition E, O 5 Unknown (1:2) x > 120 34 149,834 4,911 70,041 0,445 0,525 66,269 4,013 43,687 0,601 0,634 
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3.4. Mixed Integer Linear Programming Model (Discrete & Deterministic) 
In this subchapter, the base scheduling algorithm will be formally defined as a mixed integer linear 

programming (MILP) model via a stepwise approach, the main deliverable for the Master Thesis research.  

3.4.1. Problem Formulation 
The MILP investigates sequencing of a surgical suite process with multiple ORs and postoperative hospital 

facilities, including the PACU, which can be represented as a discrete-time, two-stage flexible flow shop 

problem (Heydari & Soudi, 2016) (Floudas & Lin, 2005) (Guinet & Chaabane, 2003). Flow shop scheduling 

problems are generally defined as a set of 𝑁 jobs that must be processed through 𝑀 machines in the 

same order, where each job is formed by a sequence of consecutive operations, and is processed exactly 

once on each machine. Upon adhering to this classical definition, a surgical case (job) can be considered 

as a sequence of processing steps to be performed using a certain dedicated set of hospital resources, 

where each case typically comprises two processing steps (machines) corresponding to the 

intraoperative- and postoperative stage of the patient’s stay at the hospital. The intraoperative stage 

includes the transfer of the patient to the surgical suite, the provisioning of anesthesia, and the execution 

of the surgical intervention. The postoperative hospitalization stage begins after the transfer of the 

patient to either the ICU, MC, CCU, PACU (IC), general ward or PACU, where one is able to recover from 

the residual effects of anesthesia (Pham & Klinkert, 2008). Most patients are taken directly to the PACU 

upon the completion of their surgery, although critical inpatients (e.g. cardiac or thoracic patients) are 

admitted to one of the other postoperative facilities due to specialized resource requirements and a 

genuinely higher demand for care. Moreover, a surgical case is non-preemptive, indicating that the 

surgery cannot be interrupted in each of the two stages of the patient’s stay at the hospital. In addition, 

once a surgery is started, the two processing steps corresponding to the intraoperative- and 

postoperative stage should be performed consecutively, without waiting times between them (Wang, 

Han, Zhang, & Zhang, 2015). 

The objective of the MILP is to determine the sequence and starting times for a selection of surgical 

interventions on their admission date, such that the overall cost incurred is minimized. It is assumed that 

elective- and non-elective urgent patients have already received a hospitalization date. Moreover, the 

model aims to find the surgery sequence, with the best tradeoff between expected costs for OR overtime 

and nursing staff salary expenses at the PACU. By minimizing postoperative labor costs, we strive to 

reduce the inflow of patients at this downstream department, which in turn should result in less 

variability in bed demand and peaks in workload for the nursing staff. Prior research related to an 

integrated OT planning, often set a target utilization rate and strived to minimize the absolute deviation 

from this target rate throughout a given planning cycle, as an objective (Adan & Vissers, 2002), (Adan, 

Bekkers, Dellaert, Vissers, & Xu, 2009), (Vissers, Adan, & Eijdems, 2005). However, given the fact that 

defining an appropriate target utilization rate is quite difficult and impedes a strategic decision that may 

vary between institutions (Cardoen, Deulemeester, & Beliën, 2010), the author opted to use a cost-driven 

objective function as an alternative (van Huele & Vanhouke, 2014). 

3.4.2. Formal Notation 
The formal parameter notation for the two-stage flexible flow shop problem is given as follows. Denote by 

𝐾 the set of surgical cases (𝑘), categorized into uniform patient groups, and which are hospitalized on day 

𝑑. The defined patient categories from subsection 3.3 Patient Categorization are used for categorization, 

which is required to reduce the number of decision variables for the scheduling algorithm. Modeling 

assumptions allow the base algorithm to sequence elective and non-elective urgent surgical cases on their 

admission date. The model will therefore comprise a finite time-horizon of one workday with length 𝑇𝑖𝑑, 

which is discretized into uniform time intervals (𝑡 ∈ 𝑇) of x minutes. Emergency classified patients are 

included in a later extension to the base algorithm, as they require an almost immediate surgery upon 

arrival, and therefore cannot be planned in advance.  
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Indices 𝑖, with 𝑖 ∈ 𝐼, denotes the hospitalization stage. Each patient 𝑘 has to pass through the two stages 

(e.g. intraoperative- and postoperative stage) respectively, although the postoperative hospital facility, 

where the patient can recover from the residual effects of anesthesia, is dependent on the patient type. 

The set 𝐾𝑟 ⊆ 𝐾 denotes the set of surgical cases containing PACU (𝑟 = 1) or ICU, MC, Ward, PACU (IC) 

and CCU (𝑟 = 2) patients, where 𝑟, with 𝑟 ∈ 𝑅, indicates the postoperative classification indices. Please 

note that the defined flow shop problem only accounts for the postoperative stay at the PACU (𝑟 = 1); 

critical inpatients, admitted to one of the other postoperative hospital facilities, will not be included in the 

defined flexible two-stage flow shop problem. Moreover, indices 𝑗, with 𝑗 ∈ 𝐽, indicates the resource type 

used to treat a patient during a certain time interval 𝑡.  Depending on the stage classification indices 𝑖, 

indices 𝑗 refers to a specific operating room or hospital bed at the PACU. Given the fact that certain 

surgical procedures can only be performed at dedicated ORs due to specialized resource requirements, 

the set 𝐾𝑗  ⊆ 𝐾 is introduced, indicating the selection of patients (𝑘) assigned to operating room 𝑗 on day 

𝑑. All other resources necessary for anesthetic and surgical procedures are assumed to be available.  

The two-stage flexible flow shop problem comprises two types of decision variables. The binary variable 

𝑋𝑘𝑖𝑗𝑡 indicates the arrival time for patient 𝑘, at stage 𝑖, on resource 𝑗. The time period that patient 𝑘 

occupies resource 𝑖, 𝑗 is given by the variable 𝑌𝑘𝑖𝑗𝑡, and the length of the period is determined based on 

either the gross surgery duration (𝑖 = 1) or LOS (𝑖 = 2) at the PACU. Both the gross surgery duration and 

LOS are assumed to be deterministic, dependent on the patient type, and are represented by respectively 

the variables 𝑂𝑘 and 𝐿𝑘. The LOS at the PACU for each patient type, is represented by the (rounded) 

average from Table 3.10, discretized into uniform intervals with length 𝑥. The gross surgery duration is 

determined using the same methodology, although the mean values from Table 3.10 are first corrected 

with respect to the initial estimation made by the officiating medical specialist, on the basis of the 

performed distribution fitting analysis in subchapter 3.2.3 Exploratory Data Analysis. This is done by 

simply taking the arithmetic average between the two values (Stepaniak, Heij, Mannaerts, de Quelerij, & 

de Vries, 2009).  

The second included decision variable relates to the postoperative labor cost objective, as described in 

the previous subchapter. The binary variable 𝛼𝑙𝑝𝑡 indicates the start time of the work shift for a PACU 

nurse  𝑝,  with 𝑇𝑙𝑠 indicating the length of the workday. Modeling assumptions allow the base algorithm to 

start a new work shift on every time interval 𝑡, with the restriction that one PACU nurse is allowed to 

work only one work shift per day 𝑑. Moreover, the length of the work shift 𝑇𝑙𝑠 may vary between the 

PACU workforce, with the default values corresponding to an eight hour (𝑇𝑙𝑠 = 1; 1 𝑓𝑡𝑒) and four hour 

(𝑇𝑙𝑠 = 2; 0,5 𝑓𝑡𝑒)  workday. The binary variable 𝛽𝑝𝑡 indicates whether nurse 𝑝 works at the concerning 

time interval. Moreover, the minimum number of nurses required in each time interval (e.g. equation 

3.11) is dependent on the number of occupied hospital beds and the patient acuity level. The patient 

acuity level 𝑊𝑘𝑡 provides a measure for the “number of nurse equivalents required to care safely for each 

patient” (Dexter, Wachtel, & Epstein, 2006), and is dependent on the patient type. Bed capacity at 

postoperative departments is respected with the introduction of an upper-bound value 𝑄𝑟𝑡 . 

Overutilization of the ORs in terms of overtime is penalized with cost 𝐶𝑂𝑗 per time interval 𝑡, whereas 

violating permitted opening time of postoperative departments is penalized through an increased labor 

costs 𝐶𝑆𝑟𝑡 for working beyond regular opening hours. By finding the best tradeoff between postoperative 

labor costs and expected costs for OR overtime, we strive to reduce the inflow of patients at the PACU, 

which in turn should result in less variability in bed demand and peaks in workload for the nursing staff.  
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Indices  
 𝑘: 𝑃𝑎𝑡𝑖𝑒𝑛𝑡 𝑖𝑛𝑑𝑖𝑐𝑒𝑠; 𝑘 ∈  {1,2, … . , 𝑁} 

 𝑖: 𝑆𝑡𝑎𝑔𝑒 𝑖𝑛𝑑𝑖𝑐𝑒𝑠; 
𝑖 ∈  {

1
2

|
𝐼𝑛𝑡𝑟𝑎𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑝𝑒𝑟𝑖𝑜𝑑
𝑃𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑝𝑒𝑟𝑖𝑜𝑑

} 

 𝑡: 𝑇𝑖𝑚𝑒 𝑖𝑛𝑑𝑖𝑐𝑒𝑠; 𝐷𝑖𝑠𝑐𝑟𝑒𝑡𝑒 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑠 𝑜𝑓 𝑥 
𝑚𝑖𝑛𝑢𝑡𝑒𝑠 ; 

𝑡 ∈ {1,2, … . , 𝑇} 

 𝑝: 𝑃𝐴𝐶𝑈 𝑛𝑢𝑟𝑠𝑒 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 𝑝 ∈ {1,2, … . , 𝑆} 

 𝑙: 𝑃𝐴𝐶𝑈 𝑛𝑢𝑟𝑠𝑒 𝑤𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 
𝑙 ∈ {

1
2

|
𝑊𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡 𝑤𝑖𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ 𝑇1𝑠 
𝑊𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡 𝑤𝑖𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ 𝑇2𝑠

} 

 𝑗: 𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑖𝑛𝑑𝑖𝑐𝑒𝑠; 𝑗 ∈  {1,2, … . , 𝑀} 

 𝑟: 𝑃𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑖𝑛𝑑𝑖𝑐𝑒𝑠; 𝑟 ∈ {
1
2

|
𝑃𝐴𝐶𝑈

𝐼𝐶𝑈, 𝑀𝐶, 𝐶𝐶𝑈, 𝑃𝐴𝐶𝑈 (𝐼𝐶), 𝑊𝑎𝑟𝑑
} 

 𝐾𝑗: 𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑖𝑛𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠  
𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑂𝑅𝑗  𝑜𝑛 𝑑𝑎𝑦 𝑑; 

𝐾𝑗 ⊆ 𝐾 

 𝐾𝑟: 𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑖𝑛𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑  
𝑡𝑜 𝑎 𝑏𝑒𝑑 𝑎𝑡 𝑝𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑟 𝑜𝑛 𝑑𝑎𝑦 𝑑; 

𝐾𝑟 ⊆ 𝐾 

Parameters  

 𝑇𝐻𝑅𝑗: 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 𝑎𝑡 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑗;  

 𝑂𝑘: 𝐺𝑟𝑜𝑠𝑠 𝑠𝑢𝑟𝑔𝑒𝑟𝑦 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘   

 𝐿𝑘: 𝐿𝑂𝑆 𝑃𝐴𝐶𝑈 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘  

 𝑊𝑘𝑡: 𝑃𝑎𝑡𝑖𝑒𝑛𝑡 𝑎𝑐𝑢𝑖𝑡𝑦 𝑓𝑜𝑟 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡;  

 𝑄𝑟𝑡: 𝐵𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑝𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑟 𝑜𝑛 
 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝑇𝑖𝑑: 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑟𝑘𝑑𝑎𝑦 𝑎𝑡 𝑠𝑡𝑎𝑔𝑒 𝑖;  

 𝑇𝑙𝑠: 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡𝑦𝑝𝑒 𝑙 𝑃𝐴𝐶𝑈 𝑤𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡;  

 𝐶𝑆𝑟𝑡: 𝑆𝑎𝑙𝑎𝑟𝑦 𝑒𝑥𝑝𝑒𝑛𝑠𝑒𝑠 𝑜𝑓 𝑛𝑢𝑟𝑠𝑖𝑛𝑔 𝑠𝑡𝑎𝑓𝑓 𝑖𝑛 𝑝𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 
𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑟 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝐶𝑂𝑗: 𝑜𝑣𝑒𝑟𝑡𝑖𝑚𝑒 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 𝑜𝑓 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑟𝑜𝑜𝑚 𝑗;  

Decision Variables  

 𝑋𝑘𝑖𝑗𝑡: 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒;  𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒  

𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑘 𝑎𝑟𝑟𝑖𝑣𝑒𝑠 𝑎𝑡 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 
𝑖, 𝑗 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝑌𝑘𝑖𝑗𝑡: 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡  

𝑘 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑠 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑖, 𝑗 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝛼𝑙𝑝𝑡: 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒; 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒  

𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑛𝑢𝑟𝑠𝑒 𝑝 𝑠𝑡𝑎𝑟𝑡𝑠 𝑡ℎ𝑒 𝑤𝑜𝑟𝑘 𝑠ℎ𝑖𝑓𝑡 𝑜𝑛  
𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 ; 

 

 𝛽𝑙𝑝𝑡: 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑛𝑢𝑟𝑠𝑒 𝑝  

𝑤𝑜𝑟𝑘𝑠 𝑑𝑢𝑟𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 
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3.4.3. Basic Mixed Integer Linear Programming Model 
An MILP formulation for the two-stage flexible flow shop problem is given as follows.  

 Objective function 

− 𝑍 = min[(∑ 𝑂𝑣𝑒𝑟𝑡𝑖𝑚𝑒𝑗 ∗ 𝐶𝑂𝑗) + (∑ ∑ ∑ 𝛽𝑡∈𝑇 𝑙𝑝𝑡𝑝∈𝑃 ∗ 𝐶𝑆𝑟𝑡)]𝑙∈𝐿𝑗∈𝐽  

 

(3.1)  

 Subject to 

− ∑ 𝑋𝑘𝑖𝑗𝑡 ≤ 1𝑘∈𝐾  ∀ 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑡 ∈ 𝑇;   (3.2)  

− ∑ 𝑌𝑘𝑖𝑗𝑡 ≤ 1𝑘∈𝐾  ∀ 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑡 ∈ 𝑇; (3.3)  

− 𝑌𝑘1𝑗𝑡 = ∑ 𝑋𝑘1𝑗𝑡
𝑡
𝑡−𝑂𝑘+1  ∀ 𝑘 ∈ 𝐾𝑗 , 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽; (3.4)  

− 𝑋𝑘2𝑗𝑡 = 𝑋𝑘1𝑗𝑡−𝑂𝑘+1  ∀ 𝑘 ∈ 𝐾𝑟 , 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑡 ∈ 𝑇 ; 
𝑟 < 2 

(3.5)  

− 𝑋𝑘1𝑗𝑡 = 0 ∀ 𝑘 ∈ 𝐾𝑟 , 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑡 ∈ 𝑇 ; 
𝑟 > 1 

(3.6)  

− 𝑋𝑘2𝑗𝑡 = 0 ∀ 𝑘 ∈ 𝐾𝑟 , 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑡 ∈ 𝑇 ; 

𝑟 > 1 

(3.7)  

− 𝑌𝑘2𝑗𝑡 = ∑ 𝑋𝑘2𝑗𝑡
𝑡
𝑡−𝐿𝑘+1  ∀ 𝑘 ∈ 𝐾𝑟 , 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽; 

𝑟 < 2 
(3.8)  

− ∑ ∑ 𝑋𝑘𝑖𝑗𝑡 = 𝑇𝐻𝑅𝑗𝑡∈𝑇𝑘∈𝐾𝑗  ∀ 𝑗 ∈ 𝐽, 𝑖 ∈ 𝐼; 
𝑖 < 2 

(3.9)  

− ∑ ∑ 𝑌𝑘𝑖𝑗𝑡 ≤ 𝑄𝑟𝑡𝑗∈𝐽𝑘∈𝐾𝑟  ∀ 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅; 
𝑖 > 1, 𝑟 < 2 

(3.10)  

− 𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡 = ∑ ∑ 𝑊𝑘𝑡 ∗𝑗∈𝐽𝑘∈𝐾𝑟 𝑌𝑘𝑖𝑗𝑡 ∀ 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅; 
𝑖 > 1, 𝑟 < 2 

(3.11)  

− ∑ ∑ 𝛼𝑙𝑝𝑡𝑡∈𝑇 ≤ 1𝑙∈𝐿  ∀ 𝑝 ∈ 𝑃; (3.12)  

− 𝛽𝑙𝑝𝑡 = ∑ 𝛼𝑙𝑝𝑡
𝑡
𝑡−𝑇𝑙𝑠+1  ∀ 𝑝 ∈ 𝑃, 𝑙 ∈ 𝐿 (3.13)  

− ∑ ∑ 𝛽𝑙𝑝𝑡𝑙∈𝐿𝑝∈𝑃 ≥ max[𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡]  𝑡 ∈ 𝑇 (3.14)  

− 𝑂𝑣𝑒𝑟𝑡𝑖𝑚𝑒𝑗 = ∑ ∑ 𝑌𝑘𝑖𝑗𝑡
𝑇
𝑡=𝑇𝑖𝑑𝑘∈𝐾𝑗  ∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽; 

𝑖 < 2 
(3.15)  

− 𝑋𝑘𝑖𝑗𝑡 ∈ {0,1} ∀ 𝑘 ∈ 𝐾𝑗 , 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑡 ∈ 𝑇;   (3.16)  

− 𝑌𝑘𝑖𝑗𝑡 ∈ {0,1} ∀ 𝑘 ∈ 𝐾𝑗 , 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑡 ∈ 𝑇;   (3.17)  

− 𝛼𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (3.18)  

− 𝛽𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (3.19)  
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− 𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡 ≥ 0 ∀𝑡 ∈ 𝑇; (3.20)  

− 𝑂𝑣𝑒𝑟𝑡𝑖𝑚𝑒𝑗 ≥ 0 ∀𝑗 ∈ 𝐽; (3.21)  

In the above formulation, the objective function (3.1) aims to minimize the expected costs for OR 

overtime and nursing staff salary expenses at the PACU. Constraints (3.2) impose the restriction that for 

any resource 𝑗 at stage 𝑖, at most one patient can be admitted at the beginning of each time interval 𝑡. 

Constraints (3.3) imply that when a patient occupies a certain resource 𝑗 at stage 𝑖, no other treatment 

can start at the same resource until this treatment is finished. Constraints (3.4) and (3.8) denote the 

relationship between the assignment variables 𝑋𝑘𝑖𝑗𝑡 and 𝑌𝑘𝑖𝑗𝑡. Constraints (3.5) define the precedence 

relationship between the two hospitalizations stages, and ensure that a patient is transferred to the PACU 

upon the completion of their surgical intervention. Constraints (3.6) and (3.7) prevent the model from 

including critical inpatients, with an outflow to either the ICU, MC, CCU, general ward or PACU (IC), in the 

intraoperative and postoperative hospitalization stage. Constraints (3.9) imply that all patients who are 

assigned to a certain admission date 𝑑, are required to undergo their surgery on the same day. 

Constraints (3.10) ensure the respect of postoperative bed capacity through the introduction of an upper-

bound value 𝑄𝑟𝑡. Constraints (3.11) determine the demand for nurse care in a certain time interval, where 

constraints (3.20) prohibit this value to become nonnegative. Constraints (3.12) prohibit that one PACU 

nurse 𝑝 works more than one work shift per day 𝑑. Constraints (3.13) indicate the relationship between 

the assignment variables 𝛼𝑝𝑡 and 𝛽𝑝𝑡. Constraints (3.14) imply that the number of scheduled nurses 

during each time interval 𝑡 should be sufficient to cover up the demand for nurse care. Constraints (3.15) 

determines the expected OR overtime, where constraints (3.21) prohibit this variable to become 

nonnegative. Constraints (3.16), (3.17), (3.18), and (3.19) ensure the integrality of the assignment 

variables. 

3.4.4. Ergonomic Constraints’ Extension 
The basic mixed integer linear programming model from subsection 3.4.3 has the limitation that it does 

not account for some predefined ergonomic (system) constraints, including, among others, the possibility 

of having (lunch) breaks for the PACU nursing staff.  In the current situation, as described in subchapter 

1.1.3, each nurse that is rostered for a full nine hour work shift, is entitled to one lunch break of 

approximate 30 minutes and two intermediate breaks of smaller duration, in correspondence to 

government legislations. However, model assumptions allow the scheduling algorithm to roster the PACU 

nursing staff for the upcoming planning period, such that the number of scheduled nurses during each 

time interval 𝑡 is at least sufficient to cover up the expected demand for nurse care (e.g. equation 3.11 & 

3.14). By doing so, one effectively ignores both inevitable decreases in nurse capacity during several time 

periods due to aforementioned lunch breaks, and potential increases in nurse demand as a result of the 

stochastic nature of surgery durations and LOS distributions at the PACU. As such, in order to prevent the 

algorithm from providing scheduling solutions with a structural shortage of nurse capacity, two extensions 

to the base model from subsection 3.4.3 will be proposed.  

First, in consultation with the Catharina hospital, it is decided to include the possibility for having lunch 

breaks for the PACU nursing staff, with the introduction of a third decision variable. The binary variable 

𝛾𝑙𝑝𝑡 indicates the start time of the lunch break for a PACU nurse 𝑝, with a length 𝑏 of 30 minutes (e.g. 

equation 5.22). Modeling assumptions allow the extended algorithm to start a lunch break on every time 

interval 𝑡 within the time period between 11.30 – 13.30h, with the restriction that each PACU nurse is 

entitled to one lunch break per day 𝑑 (e.g. equation 3.23 & 3.24). Moreover, the binary variable 𝛿𝑙𝑝𝑡 

indicates whether nurse 𝑝 has a lunch break at the concerning time interval (e.g. equation 3.22). Last, as a 

result of the imposed extension to the base model, the PACU nursing staff lower bound (e.g. constraints 

3.14) is corrected for the decrease in nursing staff capacity in the time period between 11.30 – 13.30h.  



 
29 

 

As a second extension to the base model, a potential nurse capacity shortage due to an unexpected 

increase in nurse demand, is prevented with the introduction of a nurse capacity safety margin (𝑎). This 

excess in nurse capacity is required to effectively buffer for any unanticipated change in demand for care, 

as the result of abrupt transitions in patient acuity due to the occurrence of complications, or significant 

variations in surgery durations or LOS at the PACU. The concerning safety margin is established, by 

correcting the minimum number of nurses required in each time interval (e.g. 𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡) (equation 

3.11) for a predefined value of 𝑎. Gunawan & Lau (2013) suggest that a safety margin of about 20 percent 

of the total resource requirement is needed in order to buffer for any anticipated change in demand for 

care, and to satisfy some predefined ergonomic constraints. To conclude, the proposed adaptions to the 

base model are the following: 

Parameters 

 𝑎: 𝑃𝐴𝐶𝑈 𝑛𝑢𝑟𝑠𝑒 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑠𝑎𝑓𝑒𝑡𝑦 𝑚𝑎𝑟𝑔𝑖𝑛;  

 𝑏: 𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑃𝐴𝐶𝑈 𝑙𝑢𝑛𝑐ℎ 𝑏𝑟𝑒𝑎𝑘;   

Decision variables 

 𝛾𝑙𝑝𝑡: 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒; 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 

𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑛𝑢𝑟𝑠𝑒 𝑝 𝑠𝑡𝑎𝑟𝑡𝑠 𝑡ℎ𝑒  𝑙𝑢𝑛𝑐ℎ 
𝑏𝑟𝑒𝑎𝑘 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 

 

  𝛿𝑙𝑝𝑡: 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 

𝑛𝑢𝑟𝑠𝑒 𝑝 ℎ𝑎𝑠 𝑎 𝑙𝑢𝑛𝑐ℎ 𝑏𝑟𝑒𝑎𝑘 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 

 

MILP formulation (Extensions) 

− 𝛿𝑙𝑝𝑡 = ∑ 𝛾𝑙𝑝𝑡
𝑡
𝑡−𝑏+1  ∀ 𝑝 ∈ 𝑃, 𝑙 ∈ 𝐿; (3.22)  

− ∑ ∑ 𝛾𝑙𝑝𝑡𝑙∈𝐿 = 1𝑝∈𝑃  ∀ 𝑡 ∈ 𝑇; 𝑙 < 2 (3.23)  

− 𝛾𝑙𝑝𝑡 = 0 ∀ 𝑝 ∈ 𝑃, 𝑙 ∈ 𝐿, 𝑡 ∈ 𝑇 
14 ≤ 𝑡 ≥ 22 

(3.24)  

− 𝛾𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (3.25)  

− 𝛿𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (3.26)  

MILP formulation (Adaptations) 

− 𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡 = 𝑎 ∗ ∑ ∑ 𝑊𝑘𝑡 ∗𝑗∈𝐽𝑘∈𝐾𝑟 𝑌𝑘𝑖𝑗𝑡 ∀ 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅; 
𝑖 > 1, 𝑟 < 2 

(3.11)  

− ∑ ∑ (𝛽𝑙𝑝𝑡 − 𝛾𝑙𝑝𝑡)𝑙∈𝐿𝑝∈𝑃 ≥ max[𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡]  𝑡 ∈ 𝑇 (3.14)  
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3.4.5. Emergency Arrival Extension 
A second limitation of the base model from subsection 3.4.3, is that it does not account for the concept of 

arrival uncertainty, caused by the unpredicted stochastic arrival of emergency classified patients. 

Emergency patients were omitted till this part of the thesis report, as they require an almost immediate 

surgery upon arrival and therefore cannot be planned in advance. However, given their potential 

disruptive impact on the regular elective operating schedule in terms of postponement of subsequently 

planned surgeries, additional overtime or even cancellations, simply ignoring any additional variability 

inherent with emergency cases at the OT might result in a potentially undesired scheduling solution. As 

such, in this subchapter, an emergency arrival extension to the base model will be proposed, the second 

(sub)objective for the Thesis research. 

Allocation of OR Capacity 

According to Heydari & Soudi (2016), there are two approaches in literature to cope with emergency 

patient arrivals. The first and simplest one is to preserve one or several ORs for emergency cases 

(Aringhieri, Landa, Sopriano, Tanfani, & Testi, 2015). A second option is to share operating room capacity 

between elective and emergency patients, which is proven to be superior in terms of waiting time, staff 

overtime and OR utilization, when compared to the first approach (Wullink, et al., 2007). In practice 

however, most large scale, non-profit hospitals use a combination of both. Having one or more dedicated 

ORs is inevitable to prevent the operating room coordinator from making too many disruptions or 

deviations to the original elective surgery schedule, although elective operating rooms often also have to 

be shared with non-elective patients because of the multiplicity of emergency surgery demands or due to 

specialized resource requirements (Heydari & Soudi, 2016).  

In the case of the Catharina Hospital, one afternoon shift (12.30 – 17.00h) at a single operating room is 

dedicated per day to cover up the arrival of emergency patients, although elective OR capacity is shared if 

required. The advantage of using a dedicated emergency OR, is that it allows us to propose the following  

third extension to the base model. 

Emergency arrivals are unpredictable 

and cannot be planned in advance, 

which means that they cannot be 

included as a target throughput for the 

scheduling algorithm. However since a 

substantiate part of these cases will be 

performed at the emergency OR, no 

disruptions to the elective surgery 

schedule have to be made, and any 

increase in nurse workload at the PACU 

caused by the outflow of these patients 
 

Figure 3.5 Average demand for care (Emergency OR) 

can be considered independently from the obtained scheduling solution. Therefore, to prevent the 

algorithm from providing solutions with a structural shortage of nurse capacity, the author would like to 

correct the expected minimum nurse workload under the obtained scheduling solution, with the average 

demand for care at the PACU (Figure 3.5) for emergency cases, as recorded over the year 2016. It can be 

concluded from Figure 3.5 that, on average, around 0.1 till 0.3 fte of workload at the PACU is caused by 

emergency patients from the emergency OR, in the time period between 13.00 and 19.00u. Moreover, 

upon correcting these values for the predefined safety margin, it is decided to raise the minimum number 

of nurses required in each time interval (e.g. 𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡 ) (equation 3.11) with 0.5 fte in the 

aforementioned time period. By doing so, the following adaptation to the base model is proposed: 
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Parameters 

 𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦𝑡: 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑓𝑜𝑟 𝑐𝑎𝑟𝑒 𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦 𝑂𝑅 
𝑖𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 

𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦𝑡  ∈  {
0

0.5
|

𝑡 < 13.00
 13.00 ≤ 𝑡 ≤ 19.00

} 

MILP Formulation (Adaptations)  

− 𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡 = [𝑎 ∗ ∑ ∑ 𝑊𝑘𝑡 ∗𝑗∈𝐽𝑘∈𝐾𝑟 𝑌𝑘𝑖𝑗𝑡] 

+ 𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦𝑡 

∀ 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅; 

𝑖 > 1, 𝑟 < 2 

(3.11)  

Predictive / Reactive scheduling 

In the previous subsection, an extension to the base model was proposed to cover up the portion of non-

deterministic emergent demand that can be fulfilled using the dedicated emergency room. However, 

accounting for emergency cases that have to be performed outside the emergency OR might become 

problematic for our scheduling algorithm, as regular planned cases have to be rescheduled or postponed 

in order to fulfill demands.  

In literature, two distinct strategies can be identified to deal with this issue. The first one is to create an 

elective surgery schedule regardless of the probability of occurring non-deterministic demand in the near 

future (Heydari & Soudi, 2016). This scheduling strategy is currently embodied at the Catharina hospital, 

where the operating coordinator has to decide upon appropriate follow-up actions upon the arrival of 

emergency cases who cannot be operated at the emergency OR.  A second option is to create an elective 

surgery schedule in view of the arrival of emergency patients, by for instance reserving slack time to cover 

up surgery delays. The second option is again proven to be superior in a healthcare environment (Wullink, 

et al., 2007). Nonetheless, the operating coordinator still has to act upon the arrival of emergency 

patients. Latorre et al. (2016) & van Essen et al. (2014), used to concept of ‘break-in-moment’s to 

sequence elective surgeries in view of the arrival of emergency patients. They defined a ‘break-in-

moment’ (BIM) as the exact moment in which an emergency surgery can be performed upon the 

completion of an elective surgery, where a ‘break-in-interval’(BII) represented the time between two 

consecutive BIMs. Moreover, by distributing the BIMs uniformly throughout the day, while minimizing the 

BIIs, both authors opted to generate an elective surgery sequence with minimized expected waiting times 

for emergency surgeries. It is hypothesized that minimizing the respond times for emergency cases 

reduces the risk for medical complications or even mortality (Latorre-Núnez, et al., 2016). 

 In view of the already substantiate number of decision variables and increased complexity, it was decided 

to solely account for the cases performed at the emergency OR. However, including the aforementioned 

methodology to the proposed base model might be an interesting extension for further academic 

research. 
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3.5. Computational Experiment: IBM ILOB CPLEX Optimization Studio 12.7.1 
The MILP formulation for the defined two-stage flexible flow shop problem is written in MATLAB R2014b, 

and is subsequently linked with the ILOG CPLEX 12.7.1 optimization library using the CPLEX connector. The 

computational experiment is executed on a 2 GHz Intel Core i7 PC with 16 GB RAM and Windows 7 Home 

Premium.  

3.5.1. Sensitivity Analysis 
A sensitivity analysis is performed during which the values of various input parameters are varied, in order 

to assess the robustness of the defined MILP model. The historical case mix of 04.01.2016 is used as test 

instances, containing up to 47 elective & non-elective surgical cases performed over 12 ORs. With respect 

to the conceptual outline of this subchapter, first the values for various model input parameters are 

changed, in order to see how the defined MILP behaves under different configurations. The subchapter 

will conclude with the modification of some CPLEX-based parameters, in order to speed up computation 

time. Moreover, all computational experiments with various parameter settings are truncated after 300 

seconds or five minutes of running time. The computation time is limited as the human operating room 

coordinator (ORC) often wants to compare multiple surgery schedules and change the settings of the 

problem accordingly (Cardoen, Demeulemeester, & Belien, 2009). 

MILP Model Parameter Tuning 

When writing the defined MILP in Matlab R2014b, it appeared that some model parameters, including 

among others, the bed capacity at the level-1 PACU (𝑄𝑟𝑡) and the number of operating rooms available 

(𝐽), were given as input constraints by the hospital and are therefore considered to be fixed. The included 

cost components in the objective function, such as overtime costs and salary expenses for the PACU 

nursing staff, are derived from a previous case study performed at the Catharina hospital by Stepaniak et 

al. (2009), who assessed whether it is cost-effective to proceed with a surgical case after regular working 

hours, rather than to postpone the case. Moreover, the planning horizon of the surgical suite (𝑇) is 

extended to 21.00h in order to also account for surgery delays and corresponding overtime. An overview 

of the fixed model input parameters is represented in Table 3.11. 

Table 3.11 Model Input Parameter Values (fixed) 
Parameter Notation Value 

Bed Capacity at Level-1 PACU 𝑄𝑟𝑡 15 
Number of Available ORs 𝐽 18 
Regular working hours ORs 𝑇1𝑑  8.00 – 17.00h (9 hr. ) 
Regular working hours PACU 𝑇2𝑑 8.00 – 20.00h (12 hr. ) 
Planning Horizon Surgical Suite 𝑇 8.00 – 21.00h (13 hr.) 
Duration of PACU Work shift (1 fte) 𝑇1𝑠 9 hr.  
Duration of PACU Work shift (0.5 fte) 𝑇2𝑠 4 hr. 
Salary Expenses Nursing Staff 𝐶𝑆𝑟𝑡 € 35,02 per hr.  
Salary Expenses Nursing Staff Overtime 𝐶𝑆𝑟𝑡 € 70,04 per hr. 
OR overtime labor costs 𝐶𝑂𝑗 € 674,25 per hr. 

In order for the defined MILP to be solved to optimality, one should decide upon several remaining model 

parameter values in addition to the aforementioned predefined input parameters from Table 3.11. The 

author should, among others, decide upon the length (𝑥) of each uniform time interval, used to discretize 

the finite time horizon of one workday with length 𝑇. Moreover, the mathematical programming model 

requires an upper bound to the number of PACU nurses that it is allowed to roster for the upcoming 

planning period. The aforementioned model parameters will form the basis for the sensitivity analysis, as 

setting suitable values for these parameters is quite subjective. Moreover, it would be interesting to see 

how the defined MILP behaves under different configurations. The level of variation of the included 

parameters is displayed in Table 3.12. Please note that the choice of the parameter variation is limited by 

computing power or integer infeasibility, since the combination of high values yields large computation 

times, whereas setting low values for the nursing staff upper bound might result in infeasible solutions. 
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The value for the nurse capacity safety margin introduced in chapter 3.4.4 remains unchanged, as the 

effect of varying this parameter value can only be determined through simulation during the case study 

part of the report.   

Table 3.12 Sensitivity Analysis on Model Input Parameters 
Parameter Notation Low Value Mid Value High Value 

Length uniform time interval 𝑥 12 min 15 min 20 min 
PACU Nursing Staff (1 fte) 𝑃1 6 8 10 
PACU Nursing Staff (0.5 fte) 𝑃2 0 2 4 

A sensitivity analysis is performed by varying every parameter to the low and high value, while keeping 

the values for the remaining parameters at the middle value (Table 3.12). The results of the parameter 

variations listed in Table 3.12, are presented in Figure 3.6 as a reference to the default situation with all 

parameters set to Mid-value. The x-axis in Figure 3.6 shows the value of the objective function under the 

obtained solution found in the 300 seconds calculation time window, whereas the y-axis comprises the 

optimality gap to a theoretically optimal solution. The observations from the numerical results are listed 

per parameter type.  

 
Figure 3.6 Sensitivity Analysis on Model Input parameters 
(Results) 

 
 

Regarding Figure 3.6, by increasing the length of each uniform time interval (𝑥), one should expect an 

increase in cost incurred in comparison to the default situation. This because increasing the duration of 

each time interval inevitably decreases the accuracy of the obtained scheduling solution, due to the 

concept of discretization and the continuous nature of time (Floudas & Lin, 2005). Remarkably, the 

opposite situation occurred, as the potential increase in cost due to additional overtime was offset by the 

rostering of an additional part-time PACU nurse, as compared to the default situation. On the other hand, 

if one should chose to use (relatively) small time intervals, then the discrete-time approach leads to a very 

large combinatorial problem that is difficult to solve. As an example, decreasing the length of the time 

intervals with 3 minutes result in an additional 3000 variables, leading up to a total of 14752 decision 

variables for the MILP. As a logical result, the CPLEX optimizer provided a scheduling solution with higher 

postoperative labor costs and expected costs for OR overtime when compared to the default reference 

situation, under a 300 seconds calculation time window.  

Regarding the PACU nursing staff upper bound, model assumptions allow us to specify the maximum 

number of nurses that can be rostered, working either a full eight – or four hour work shift. The ratio of 

full- and part-time nurses that can be scheduled for the upcoming planning period has on first sight not a 

big influence on the scheduling solution in terms of their optimality gap and objective value, although this 

can be misleading. Varying the amount of full-time nurses that the algorithm is allowed to roster, does 

not influence the obtained scheduling solution. This because for all values of parameter 𝑃1, it appears to 

be optimal to schedule 6 full-time PACU nurses and 1 part-time nurse. Contrary, an upper bound of less 



 
34 

 

than 6 full-time PACU nurses will violate constraints 3.14 and will therefore result in an integer infeasible 

solution, as the number of scheduled nurses during each time interval cannot be sufficient to cover up the 

expected demand for nurse care. With respect to the part-time nursing staff upper bound, not allowing 

the scheduling algorithm to roster part-time workers for the upcoming planning period results in an 

increase in the value of the objective function, as in some intervals (𝑡) there are more PACU nurses 

scheduled than required, due to a decrease in nurse flexibility (Figure 3.6). On the other hand, increasing 

the number of available part-time nurses does not result in an enhanced scheduling solution in terms of 

their objective value and optimality gap, when compared to the default reference situation. However, 

considering the scheduling objective of obtaining fairly stable bed occupancy rates and acceptable 

workloads for the nursing staff at the PACU, enhancing the flexibility of the PACU workforce will result in 

an approximate less stable situation at the PACU throughout the day.  

To conclude, the default reference situation of setting all parameters to their Mid value resulted in the 

best tradeoff between the quality of the obtained scheduling solution and the computational 

requirements. As such, these parameter settings will be applied throughout the remainder of the report.  

CPLEX Options & Parameter Tuning 

In order to upgrade the performance of the defined MILP and to speed up computation time, it is decided 

to modify the default values of some CPLEX-based parameters. It could be concluded from running the 

sensitivity analysis with the historical case mix of 04.01.2016 as test instances, that the ILOG CPLEX 12.7.1 

optimization library usually found a (near) optimal solution within the predefined calculation time 

window. However, the returning ‘Exitflag’ value in Matlab R2014b most often indicated that the search 

algorithm potentially terminated on a local minimum, as the first order optimality measure was above the 

function tolerance. Moreover, the running log of the optimization library displayed that the search 

algorithm quickly found a solution within a 5 percent difference with respect to a hypothesized best 

integer objective, although it kept iterating with no improvement in the objective function, as the 

difference did not fell below the default tolerance of 1 percent (IBM, 2015). In order to prevent the 

algorithm from making continuous iterations without obtaining an improvement in the objective value, 

the author decided the increase the relative MIP gap  tolerance value to 0,05, indicating ILOG CPLEX 

terminates optimization when the feasible integer optimal scheduling solution has been proven to be 

within 5 percent of optimality (IBM, 2017). This is accomplished by varying the default values for the 

CPLEX Options parameters ‘Tolfun’ and ‘TolRLPFun’. Last, please note that the new options structure 

forces the search algorithm to truncate optimization either after 300 seconds of running time, or when 

the feasible scheduling solution falls within the aforementioned optimal tolerance gap.  
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3.5.2. Computational Results MILP 
With the parameters from the sensitivity analysis set to their default (Mid) values and the CPLEX options 

structure modified to speed up computation time, in this subchapter the scheduling solution will be 

displayed for the historical case mix of 04.01.2016, obtained under a complete deterministic situation and 

300 seconds of running time. 

The main objective of the MILP is to determine the sequence and starting times for a given selection of 

surgical interventions on their admission date. This is visually represented in Figure 3.7, where the 

obtained (near) optimal scheduling solution is displayed for seven unique surgical cases allocated to one 

particular operating room (e.g. OR 12). Each case has received a unique identifier in order to visualize any 

differences in the sequence between the MILP solution and the original elective program as made by the 

operating room coordinator. Moreover, for readability, only the sequencing results for this particular 

operating room will be included in the report. 

 

 

Figure 3.7 Computational Results MILP (Surgery Schedule OR 12) 

Regarding Figure 3.7, the blue colored time intervals represent the occupation of the operating room by a 

particular patient, with the first occupied interval indicating the starting time of the intra-operative stage 

of the patient’s stay at the hospital. Remark from this figure that the non-preemptive scheduling 

requirement is satisfied by the obtained solution, as no surgery is interrupted. Moreover, the precedence 

relationship between two consecutive treatments is respected due to the fact that no treatment is 

expected to start before the previous treatment is finished. Third, as can be concluded from Figure 3.8, 

once a surgery is started, the two processing steps corresponding to the intraoperative- (surgical suite) 

and postoperative (PACU) stage are performed consecutively, without waiting times between them. This 

indicates for the PACU (Figure 3.8) that a patient will arrive at this department upon the completion of 

their surgery treatment. Moreover, remark that two treatments with an outflow from the same OR, 

respectively case 15 and 30, are expected to be treated at the PACU in the exact same time interval. This 

is allowed as long as the expected bed occupancy under the obtained scheduling solution does not exceed 

the available bed capacity at the PACU.  



 
36 

 

 
Figure 3.8 Computational Results MILP (PACU Schedule OR 12) 

 

A second important part of the scheduling algorithm, besides defining an ideal surgery sequence, is the 

rostering of an appropriate PACU workforce for the upcoming planning period. The model aims to find an 

optimal surgery sequence and workforce level at the PACU, with the best tradeoff between expected 

costs for OR overtime and nursing staff salary expenses. Moreover, modeling assumptions allow the 

algorithm to start a new work shift on every time interval, with the length of the work shift corresponding 

to either an eight- or four hour workday. This is visually represented in Figure 3.9, where it appears to be 

optimal to roster 6 full-time- and 1 part-time PACU nurse under the MILP defined surgery sequence. 

 
Figure 3.9 Computational Results MILP (PACU Nurse Schedule) 

Regarding Figure 3.9, the scheduling algorithm 

tries to roster the works shifts in such a way that 

the number of scheduled nurses during each 

time interval is at least sufficient to cover up for 

the expected demand for nurse care (e.g. 

equation 3.14). This also includes the possibility 

for having lunch breaks, which are represented 

by the blank gaps in Figure 3.9. The start times 

for the nurse work shifts at the PACU, as well as 

the start times for the lunch breaks are included 

in Table 3.13. Please remark that the first eight  

Table 3.13 Computational Results MILP (PACU Nurse 
Start Times) 

Nurse Indices Start Work Shift Start Lunch break 

1 11.00 11.30 
2 09.00 13.00 
3 10.45 12.15 
4 - - 
5 - - 
6 08.45 12.15 
7 09.00 12.00 
8 08.45 11.45 
9 09.30 - 
10 - - 

 

nurses in both figures are considered to work full-time, whilst the last two nurses work part-time. Figure 

3.10 displays the expected demand for nurse care per time interval at the PACU under the obtained 

scheduling solution, which is offset against the nurse capacity made available by the scheduling algorithm. 

The expected demand for nurse care per time interval is derived from the expected number of occupied 
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beds and the patient acuity level. Moreover, it becomes clear from this figure that constraint 3.14 is not 

violated, as the nurse capacity exceeds at all times the expected demand. In addition, a safety margin of 

about 20 percent is applied to buffer for any unanticipated increase in nurse demand, which is 

demonstrated by the significant gaps in excess capacity in some time intervals. 

 
Figure 3.10 Computational Results MILP (Expected Workload vs. Nurse Capacity PACU) 

With respect to the main scheduling objective, the algorithm should prospectively sequence OR cases on 

their admission date, such that fluctuations in inpatient admissions at the PACU are reduced throughout 

the day. Moreover, reducing the inflow of patients should subsequently result in less peaks in workload 

for the nursing staff and a fairly stable bed occupancy. After all, the major determinant of labor demand 

at the PACU is the hour-to-hour variability in the timing of admissions from the OR. This requirement is 

fulfilled under a complete deterministic situation as, according to Figure 3.10, the scheduling solution 

result in a fairly stable expected nurse demand throughout the day. Three significant deviations in nurse 

demand can be observed around 09.00, 11.30 and 16.45h. The first identified peak at 9.00h is inevitable 

due to the warm-up of the PACU. The second major deviation in workload is caused by the anticipation of 

the scheduling algorithm to an expected decrease in nurse capacity as the result of lunch breaks for the 

nursing staff. The third major deviation is the result of the postoperative labor cost objective, as the 

search algorithm strives to minimize the number of treatments that are expected to be performed outside 

the regular opening hours at the surgical suite (08.00 – 17.00h). Moreover, please note that Figure 3.10 

does not follow the regular behavior at the PACU in the current situation as, based on hands-on 

observations, general peaks in admission at the PACU could normally be identified around 10.30, 13.00 

and 16.45h.  

As such, it can be concluded that the scheduling algorithm is indeed able to define a surgery sequence 

that result in a fairly stable situation at the PACU under a complete deterministic situation. This 

proposition will be validated with the aid of a retro perspective case study. 
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4. Retro Perspective Case Study 
The Master Thesis research is performed ex-post facto, indicating that the validation of the scheduling 

algorithm including the three proposed extensions, as well as an assessment of the rescheduling impact, 

is done in an artificial environment using discrete event simulation. This form of simulation is chosen to 

highlight the dynamic functioning of the surgical suite (Banks, 2000). Historical admission profiles from 

the year 2016 will be used as production targets, with the functioning of the scheduling algorithm being 

repeatedly assessed for various configurations of OT case lists, the third (sub)objective for the Thesis 

research. The case study is therefore considered as a longitudinal study with a limited time frame.  

4.1. Design of the Simulation Model 
The surgical suite represented under discrete event simulation consists of 18 ORs and one PACU with a 

limited capacity of 15 hospital beds. All the remaining model input parameter values are set towards the 

values used during the computational experiment from chapter 3.5, including an extended planning 

horizon (𝑇). Cases performed outside the scope of the planning horizon (e.g. after 21.00h) are not 

included, as it is assumed that these cases are taken care of by a dedicated service team. Emergency cases 

are included as the deterministic fraction of additional required capacity per time interval at the PACU, 

caused by the outflow of patients from the emergency OR.  

The simulation of the functioning of the surgical suite includes three stages. The first stage (I) includes the 

derivation of an OT case list for each OR included in the historical admission profile. The second stage (II)  

comprises the actual execution of the surgical cases on their admission date. In stage three (III), the 

workday for the PACU nurses is simulated.  

4.1.1. Stage I: Derivation of OT Case Lists 
The first simulation stage comprises the (I) derivation of an OT case list for each OR included in the chosen 

historical admission profile. The relative position and starting time of each surgical treatment in the OT 

case list is either determined by the obtained MILP solution or derived from the original surgery schedule 

made by the operating room coordinator. By convention, (II) each patient is given a fixed acuity level 

using the patient acuity scoring grid proposed by Halfpap (2016), which classifies patients for acuity on 

the basis of their ASA physical status. It is assumed that transitions from one acuity level to another are 

not possible throughout the patient’s stay at the PACU.  

4.1.2. Stage II: Patient Flow Model 
When the OT case list is generated, one can proceed with simulating the flow of patients through the two 

consecutive hospitalization stages at the surgical suite. This is done by adhering to the following 

methodology. (I) For each OR, the allocated OT case list is first sorted according to each case’s relative 

position in the permutation sequence, and expected starting time. (II) Moreover, the surgery duration and 

LOS at the PACU are generated for each case from a lognormally distributed random variable, with a 

mean and standard deviation dependent on the patient type. Lognormal distributions are chosen for 

modeling OR and PACU case times, as suggested in prior studies performed by Jebali & Diabat (2015), 

Beliën & Deulemeester (2007) and Marcon & Dexter (2006). These propositions are confirmed by the 

distribution fitting analysis performed in subchapter 3.2.3. Moreover, upon returning negative values by 

the simulation model, new values are generated until a nonnegative value is obtained. Last, it is assumed 

that turnover times, including cleaning and set-up times, are included in the generated OR scheduling 

times. This because the obtained company dataset did not contain any explicit recordings regarding the 

aforementioned subject, and the recorded gross surgery durations used for distribution fitting in 

subchapter 3.2.3 were not corrected for any included turnover times. Moreover, transfer times from the 

hospital ward to the OR, or from the OR to the PACU, are also not taken into account. According to 

Marcon & Dexter (2006), patients transferred from the ward to the OR usually wait in the holding area 
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near the surgical suite for the OR to become available. The transfer times from the holding to the ORs are 

negligible and rarely contribute to over-utilized OR time.  

(III) When the OR is available for a new case at the beginning of the shift, the first case from the OT case 

list is started on the exact moment in time specified by the MILP obtained solution. In case of replicating 

the as-is situation, the starting times as defined by the operating room coordinator are used. (IV) Upon 

the completion of the surgery, each patient is discharged immediately to the PACU. Moreover, as transfer 

times are omitted, the arrival time at the PACU equals the completion time of the surgery. In addition, it is 

decided to consider a hypothetic unlimited nurse capacity at the PACU, such that the patient flow from 

the ORs to the PACU is unaffected by the number of PACU nurses rostered for the upcoming planning 

period. This is done to replicate the environmental conditions at the Catharina hospital as close as 

possible to reality. In the current situation, solely the available bed capacity is leading in the decision to 

postpone an admission at the PACU.  

When a surgery at the OT is completed and the patient is discharged, a subsequent treatment in the 

permutation schedule is able to start at the concerning OR. Moreover, as the author would like to assess 

the rescheduling impact of the defined MILP model, the surgery starting times obtained under a complete 

deterministic situation will be maintained as much as possible during the simulation. However, this 

requirement is offset under the condition that the starting time for surgery 𝑗 is smaller than the 

completion time for surgery 𝑖, where surgery 𝑖 is the predecessor of 𝑗 in the permutation schedule. Under 

these conditions, the starting time for surgery 𝑗 equals the completion time of surgery 𝑖. (V) The 

simulation process with respect to the patient flow terminates when the treatment at the PACU is 

completed and the patient is discharged to the general ward.  

4.1.3. Stage III: Scheduling of the PACU Workforce 
The third and final stage of the discrete-event simulation model comprises the replication of the work 

shifts for the rostered PACU nurses during the upcoming planning period. For the simulation of the MILP 

determined OT sequence, the starting times and number of both full-time and part-time work shifts are 

defined under a complete deterministic situation. The length of each work shift is deterministic and 

comprises either a four or eight hour duration. Moreover, a default nurse capacity safety margin of about 

20 percent is applied to cover up for any unanticipated increase in nurse demand throughout the day. 

Ergonomic constraints are preserved with the possibility of including lunch breaks for the PACU nursing 

staff. The starting times for the lunch breaks are again derived from the MILP solution, which have a 

deterministic duration of 30 minutes.  

With respect to the simulation of the OT sequence as determined by the operating room coordinator, the 

rostering of the PACU nursing staff follows an exact replication of the current situation at the Catharina 

hospital, as briefly explained in subchapter 1.1.3. A paraphrased summary of the current nurse shift 

rostering is included in Table 4.1. The starting times for the lunch breaks are chosen such that the overlap 

between two consecutive breaks is minimized.  

Table 4.1 PACU Work shift (AS-IS situation) 
# Nurses Work shift 

1 07.30 – 17.00h 
3 08.00 – 17.30h 
2 09.00 – 18.30h 
2 12.30  – 22.00h 
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4.2. Simulation Results 
The rescheduling impact of the defined flow shop scheduling algorithm is determined and assesed by 

comparing the functioning of the OT and the PACU for various configurations of OT case lists, under 

artificial enironmental conditions. The as-is situation at the Catharina hospital is also replicated using the 

same configurations of OT case lists with equal surgery durations and LOS distributions. All results shown 

in this subchapter are obtained from 100 independent simulation runs per OT case list configuration, with 

one workday replicated per simulation run. The historical case mixes of 04.01, 10.03, 08.04, 18.05 and 

21.11 are used as test instances, although for readibility, only the results obtained for the first case mix 

(e.g. computational experiment) will be displayed in the case study part of the report. The simulation 

results for the four additional case list configurations are included in Appendix E.  

Bed Occupancy 

Figure 4.1 displays the average evolution of the bed occupancy at the PACU within the given planning 

horizon. The top part of the figure represents the replication of the as-is situation at the Catharina 

hospital, which is offset against the to-be situation obtained under the MILP determined surery sequence.  

 
Figure 4.1 Simulation Results - Bed Occupancy PACU (04.01.2016) 

Regarding Figure 4.1, both situations show an inevitable increase in bed occupancy at the PACU within the 

time period between 8.00 till 9.40h. This peak in bed occupancy can be neglected, as the aforementioned 

time period can be considered as the warm-up period for the concerning postoperative hospital facility. 

Moreover, replicating the as-is situation (e.g. top figure) resulted in two additional peaks in bed 

occupancy throughout the given planning horizon. This correponds to regularly observed behavior at the 

PACU, where in general three peaks in admission can be identified around 10.30, 13.00 and 16.45h. The 

latter admission peak is caused by the closing of the ORs (e.g. regular opening hours 8.00 - 17.00h). After 

this point in time, the average number of patients staying at the PACU gradually diminishes, as there no 

longer exist an outflow of patients from the ORs.  

Replicating the functioning of the PACU under the MILP determined OT schedule (e.g. bottom figure), 

resulted in a more stable bed occupancy throughout the given planning horizon. As can be identified from 

Figure 4.1, the average number of patients that received care at the PACU fluctuated between 6 and 8 

patients for the majority of the planning period. Moreover, a slight drop in bed occupancy could be 
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observed in the early afternoon. This is presumably the result of the algorithm anticipating to an expected 

decrease in nurse capacity, caused by the lunch breaks for the nursing staf. The second identified 

deviation in the late afternoon is the result of the postoperative labor cost objective, as the algorithm 

strives to minimize the number of treatments that are expected to be performed outside the regular 

opening hours of the surgical suite. To conclude, the average bed occupancy rate, expressed as the 

average number of occupied beds divided by the available bed capacity, is considered to be around 30 

percent in both situations.  

Demand for Care 

Figure 4.2 displays the average demand for nurse care at the PACU, which is derived from the average 

number of occupied beds and the patient acuity level. When one compares this Figure to Figure 4.1 from 

the previous subchapter, it can be concluded that correcting the average number of patients receiving 

care at the PACU with the patient acuity level, does not significantly affect the shape of the curves; it only 

results in a vertical translation. This is a logical result, as the major determinant of labor demand at the 

PACU is the hour-to-hour variability in the timing of admissions from the ORs. The vertical translation can 

be explained by the fact that around 83 percent of the case list configuration included patients with an 

acuity score of 0,5.  

 
Figure 4.2 Simulation Results - Demand for Care PACU (04.01.2016) 

Figure 4.2 displays, besides the average demand for care, also the upper 75 - and 95 percentile. 

Percentiles are chosen instead of confidence intervals, as the underlying distribution for the labor demand 

at the PACU is not known. Moreover, the 75 - and 95 percentiles are derived to indicate the potential 

spread in labor demand as the result of the stochastic nature of the OT. Regarding Figure 4.2, both the 75 

– and 95 percentile show a steady upper bound, with the 95 percentile indicating a labor demand value 

that is on average 2 fte higher than the median. Given this notable spread in demand for care, it is 

understood why an excess bed capacity of almost 10 beds in some time periods is required, to buffer for 

any unanticipated change in demand. 
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Workload PACU Nursing Staff 

The average labor demand at the PACU is offset in Figure 4.3 against the nurse capacity as made available 

by either the operating room coordinator (e.g. top figure) or the scheduling algorithm (e.g. bottom 

figure). When considering the replicated as-is situation, it becomes clear that although a significant 

amount of nurses are scheduled throughout the planning period, still some periods in time can be 

identified with a nurse capacity shortage. Regarding Figure 4.3 and Appendix E, generally observed 

capacity shortages manifest in the early afternoon and after 17.00h, due to surgery durations or LOS at 

the PACU taking more or less time than expected. The former deficiency is presumably the result of the 

operating room coordinator not anticipating to a potential decrease in available nurse capacity, caused by 

the lunch breaks for the PACU staff. Moreover, the coordinator tend to roster a significant amount of 

excess capacity at the beginning of each workday. However, based on the simulation results, it is 

questionable whether it is required to actually start 4 full-time work shifts at 8.00h, whilst the first 

patients in general arrive at the PACU after 9.00h.  

 
Figure 4.3 Simulation Results - Expected Workload vs. Nurse Capacity PACU (04.01.2016) 

When considering the replicated to-be situation obtained for the MILP determined surgery sequence, it 

can be denoted from Figure 4.3, that significantly less nurses are scheduled by the algorithm, as 

compared to the as-is situation. Please reconsider from subchapter 3.4.3, that one of the scheduling 

objectives for the algorithm, is to roster the PACU works shifts in such a way that the available nurse 

capacity at any moment in time is at least sufficient to cover up for the expected demand for nurse care 

(e.g. equation 3.14). This constraint was not violated during the computational experiment from 

subchapter 3.5, under a complete deterministic situation and a chosen nurse staff level of 6 full-time- and 

1 part-time nurse.  

However, given the added variability applied in the simulation in terms of stochastic surgery durations 

and LOS, it would be interesting to see whether the nurse rostering design obtained from the 

deterministic situation, is also valid under stochastic environmental conditions. Unfortunately, simulation 

results show that constraint 3.14 is violated and a structural nurse capacity shortage can be identified in 

some periods of time. Regarding Figure 4.3 and Appendix E, a nurse capacity shortage can in general be 

observed before 9.00 and after 17.00h, again due to surgery durations or LOS at the PACU taking more or 
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less time than expected. A fourth extension to the base scheduling algorithm could therefore be to use 

the simulation results (e.g. 80 percentile upper bound) as input for the algorithm to reconsider the nurse 

rostering design obtained under the deterministic situation. This will be discussed in detail in chapter 5. 

Other Performance Measures 

 
Figure 4.4 Simulation Results - PACU Completion Time 

In this subchapter, the two situations replicated 

under discrete-event simulation, are compared on 

the basis of three additional performance measures 

that are regularly applied in current literature (PACU 

completion time’, ‘PACU overtime’, ‘OT overtime’). 

Figure 4.4 displays the total completion time 

(makespan) of the PACU for the two situations and 

five case list configurations. The completion time is 

defined as the total time that elapses from the first 

till the last patient that receives care at the PACU 

(Heydari & Soudi, 2016). Moreover, regarding Figure 

4.4, it can be concluded that the total completion 

 
Figure 4.5 Simulation Results - PACU Overtime Hours 

 
Figure 4.6 Simulation Results - OT Overtime Hours 

time under the MILP determined sequence is on average 26 minutes less when compared to the base as-

is situation. A second performance indicator, inherent to operating theatre planning and scheduling, is the 

amount of overtime hours at the surgical suite. OT overtime is defined as the period of time each OR is 

open past a defined end time (e.g. 17.00h). The amount of PACU overtime hours is calculated in the exact 

manner, although the defined end time is set to 20.00h. Regarding Figure 4.5 & Figure 4.6, by applying the 

flow shop scheduling algorithm, the amount of overtime at the PACU and the OT can on average be 

reduced with 22 minutes respectively 2 hours as compared to the replicated as-is situation at the 

Catharina hospital.  

Conclusion 

The results obtained from the discrete-event simulation, confirm the proposition that prospectively 

resequencing a selection of ORs’ cases in view of the outflow of patients to the PACU, can effectively 

decrease the variability in bed demand and smoothen the workload for the nursing staff. Moreover, 

applying the algorithm lead in general to a decrease in PACU completion time, and a reduced amount of 

overtime hours at the surgical suite. The rescheduling impact is however constrained by the case list 

configuration, as for some test instances, the algorithm could not result in a direct improvement in terms 

of a reduced variability in labor demand at the PACU.  

Concerning the nurse rostering design, simulation results display a structural nurse capacity shortage in 

some periods of time. Therefore, in order to provide the hospital with a feasible nurse rostering solution, 

the obtained simulation results will be used as input for the algorithm in the next chapter, to reconsider 

the original scheduling solution obtained under the deterministic situation. 



 
44 

 

5. PACU Nurse Rostering Redesign 
In this chapter, a second mixed integer linear programming (MILP) model will be defined, which replicates 

the nurse rostering design component from the flow shop scheduling algorithm in subchapter 3.4.3 & 

3.4.4. The obtained stochastic simulation results from the previous chapter will be used as the input for 

the second MILP, to reconsider the original nurse rostering design obtained under the deterministic 

situation. By revising the design solution from the flow shop algorithm, we strive to provide the hospital 

with a feasible PACU nurse rostering design for the upcoming planning period. 

5.1. Formal Notation 
The formal notation for the nurse rostering redesign problem is given as follows. Denote by 𝑃 the set of 

PACU nurses (𝑝) available for the upcoming planning period. Modeling assumptions allow the algorithm to 

decide upon the starting times- and number of work shifts that are required, with the restriction that one 

PACU nurse is allowed to work only one shift per day 𝑑. The model comprises a finite time-horizon of one 

workday with length 𝑇𝑑, which is discretized into uniform time intervals (𝑡 ∈ 𝑇) of x minutes. 

The model comprises again two types of decision variables. The binary variable 𝛼𝑙𝑝𝑡 indicates the start 

time of the work shift for a PACU nurse  𝑝, with 𝑇𝑙𝑠 indicating the length of the workday. The length of the 

work shift 𝑇𝑙𝑠 may vary between the PACU workforce, with the default values corresponding to an eight 

hour (𝑇𝑙𝑠 = 1; 1 𝑓𝑡𝑒) and four hour (𝑇𝑙𝑠 = 2; 0,5 𝑓𝑡𝑒) workday. The binary variable 𝛽
𝑝𝑡

 indicates whether 

nurse 𝑝 works at the concerning time interval. Moreover, the minimum number of nurses required in 

each time interval (𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡) (e.g. equation 5.7) is dependent on the discretized demand for care as 

obtained from the simulation output (e.g. upper 80 percentile). The discretized labor demand represents 

the maximum demand for care as recorded per time interval in the simulation output.  

The second decision variable relates to the ergonomic constraints restriction, described in subchapter 

3.4.4. The binary variable 𝛾𝑙𝑝𝑡 indicates the start time of the lunch break for a PACU nurse 𝑝, with a 

deterministic length of 30 minutes. Modeling assumptions allow the algorithm to start a lunch break on 

every time interval within the time period between 11.30 – 13.30u, with the restriction that each PACU 

nurse is entitled to one lunch break per day. Moreover, the binary variable 𝛿𝑙𝑝𝑡 indicates whether nurse 𝑝 

has a lunch break at the concerning time interval. By minimizing the postoperative labor costs (𝐶𝑆𝑟𝑡) per 

time interval, we strive to obtain an appropriate PACU nurse rostering redesign. 

Indices  

 𝑡: 𝑇𝑖𝑚𝑒 𝑖𝑛𝑑𝑖𝑐𝑒𝑠; 𝐷𝑖𝑠𝑐𝑟𝑒𝑡𝑒 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑠 𝑜𝑓 𝑥 
𝑚𝑖𝑛𝑢𝑡𝑒𝑠 ; 

𝑡 ∈ {1,2, … . , 𝑇} 

 𝑟: 𝑃𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑖𝑛𝑑𝑖𝑐𝑒𝑠; 𝑟 ∈ {1|𝑃𝐴𝐶𝑈} 

 𝑝: 𝑃𝐴𝐶𝑈 𝑛𝑢𝑟𝑠𝑒 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 𝑝 ∈ {1,2, … . , 𝑆} 

 𝑙: 𝑃𝐴𝐶𝑈 𝑛𝑢𝑟𝑠𝑒 𝑤𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 
𝑙 ∈ {

1
2

|
𝑊𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡 𝑤𝑖𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ 𝑇1𝑠 
𝑊𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡 𝑤𝑖𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ 𝑇2𝑠

} 

Parameters  

 𝑏: 𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑃𝐴𝐶𝑈 𝑙𝑢𝑛𝑐ℎ 𝑏𝑟𝑒𝑎𝑘;   

 𝑇𝑑: 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑟𝑘𝑑𝑎𝑦;  

 𝑇𝑙𝑠: 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡𝑦𝑝𝑒 𝑙 𝑃𝐴𝐶𝑈 𝑤𝑜𝑟𝑘𝑠ℎ𝑖𝑓𝑡;  

 𝐶𝑆𝑟𝑡: 𝑆𝑎𝑙𝑎𝑟𝑦 𝑒𝑥𝑝𝑒𝑛𝑠𝑒𝑠 𝑜𝑓 𝑛𝑢𝑟𝑠𝑖𝑛𝑔 𝑠𝑡𝑎𝑓𝑓 𝑖𝑛 𝑝𝑜𝑠𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 
𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑟 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 
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Decision Variables 

 𝛼𝑙𝑝𝑡: 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒; 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒  

𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑛𝑢𝑟𝑠𝑒 𝑝 𝑠𝑡𝑎𝑟𝑡𝑠 𝑡ℎ𝑒 𝑤𝑜𝑟𝑘 𝑠ℎ𝑖𝑓𝑡 𝑜𝑛  
𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 ; 

 

 𝛽𝑙𝑝𝑡: 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑛𝑢𝑟𝑠𝑒 𝑝  

𝑤𝑜𝑟𝑘𝑠 𝑑𝑢𝑟𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡; 

 

 𝛾𝑙𝑝𝑡: 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒; 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 

𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 𝑛𝑢𝑟𝑠𝑒 𝑝 𝑠𝑡𝑎𝑟𝑡𝑠 𝑡ℎ𝑒  𝑙𝑢𝑛𝑐ℎ 
   𝑏𝑟𝑒𝑎𝑘 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 

 

  𝛿𝑙𝑝𝑡: 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑣𝑎𝑙𝑢𝑒 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 1 𝑖𝑓 

𝑛𝑢𝑟𝑠𝑒 𝑝 ℎ𝑎𝑠 𝑎 𝑙𝑢𝑛𝑐ℎ 𝑏𝑟𝑒𝑎𝑘 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 

 

 

5.2. Mixed Integer Linear Programming Model 
An MILP formulation for nurse rostering  problem is given as follows.  

 Objective function 

− 𝑍 = min [∑ ∑ ∑ 𝛽𝑙𝑝𝑡 ∗ 𝐶𝑆𝑟𝑡]𝑡∈𝑇𝑝∈𝑃𝑙∈𝐿  
 

(5.1)  

 Subject to 

− ∑ ∑ 𝛼𝑙𝑝𝑡𝑡∈𝑇 ≤ 1𝑙∈𝐿  ∀ 𝑝 ∈ 𝑃; (5.2)  

− 𝛽𝑙𝑝𝑡 = ∑ 𝛼𝑙𝑝𝑡
𝑡
𝑡−𝑇𝑙𝑠+1  ∀ 𝑝 ∈ 𝑃, 𝑙 ∈ 𝐿 (5.3)  

− 𝛿𝑙𝑝𝑡 = ∑ 𝛾𝑙𝑝𝑡
𝑡
𝑡−𝑏+1  ∀ 𝑝 ∈ 𝑃, 𝑙 ∈ 𝐿; (5.4)  

− ∑ ∑ 𝛾𝑙𝑝𝑡𝑙∈𝐿 = 1𝑝∈𝑃  ∀ 𝑡 ∈ 𝑇; 𝑙 < 2 (5.5)  

− 𝛾𝑙𝑝𝑡 = 0 ∀ 𝑝 ∈ 𝑃, 𝑙 ∈ 𝐿, 𝑡 ∈ 𝑇 
14 ≤ 𝑡 ≥ 22 

(5.6)  

− ∑ ∑ (𝛽𝑙𝑝𝑡𝑙∈𝐿𝑝∈𝑃 −  𝛾𝑙𝑝𝑡) ≥ max[𝑁𝑒𝑒𝑑𝑛𝑢𝑟𝑠𝑒𝑠𝑡]  𝑡 ∈ 𝑇 (5.7)  

− 𝛼𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (5.8)  

− 𝛽𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (5.9)  

− 𝛾𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (5.10)  

− 𝛿𝑙𝑝𝑡 ∈ {0,1} ∀ 𝑝 ∈ 𝑃, 𝑡 ∈ 𝑇, 𝑙 ∈ 𝐿; (5.11)  

In the above formulation, the objective function (5.1) aims to minimize the nursing staff salary expenses 

at the PACU. Constraints (5.2) impose the restriction that one PACU nurse 𝑝 is allowed to work only one 

work shift per day 𝑑. Constraints (5.3) indicate the relationship between the assignment variables 𝛼𝑙𝑝𝑡 

and 𝛽𝑙𝑝𝑡. Constraints (5.4) indicate the relationship between the assignment variables 𝛾𝑙𝑝𝑡 and 𝛿𝑙𝑝𝑡. 

Constraints (5.5) & (5.6) imply that one PACU nurse is entitled to only one lunch break per day 𝑑 in the 

time period between 11.30 – 13.30h. Constraints (5.7) imply that the number of scheduled nurses during 

each time interval 𝑡 should at least be sufficient to cover up the demand for nurse care. Constraints (5.8), 

(5.9), (5.10), and (5.11) ensure the integrality of the assignment variables. 
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5.3. Computational Experiment: IBM ILOB CPLEX Optimization Studio 12.7.1 
In this subchapter, the nurse rostering redesign will be displayed for the historical case mix of 04.01.2016 

as test instances, obtained under 300 seconds of running time. All model input parameter values are set 

towards the values used during the computational experiment from subchapter 3.5. 

The objective of the second MILP model is to revise the design solution from the flow shop algorithm, 

given the stochastic simulation results obtained from subchapter 4.2. Modeling assumptions allow the 

second algorithm to decide upon the starting times- and number of work shifts required, such that the 

available nurse capacity in each time period exceeds the labor demand as recorded in 80 percent of the 

simulation runs (e.g. upper 80 percentile). The upper 80 percentile is chosen instead of the 75 percentile, 

as the latter one indicated periods of labor demand that fell below the median.  

 
Figure 5.1 Computational Results MILP (PACU Nurse Schedule) (Revised vs. Initial Nurse Design) 

Figure 5.1 displays the nurse rostering redesign (e.g. bottom figure), which is compared against the design 

solution from the flow shop algorithm, obtained under the deterministic situation (e.g. top figure). As can 

be seen from this figure, revising the initial nurse rostering design does not lead to a change in the staff 

level composition; it only result in different starting times for the work shifts, required to cope with 

surgery durations and LOS at the PACU taking more or less time than expected. For both situations, it 

appeared to be optimal to roster 6 full-time- and 1 part-time PACU nurse.  

Moreover, it would be interesting to see whether the revised nursing staff design is feasible under 

stochastic environmental conditions.  Figure 5.2 displays the average labor demand at the PACU obtained 

from the simulation results, which is offset against the nurse capacity made available by the redesign.  
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Figure 5.2 Computational Results MILP (Workload vs. Nurse Capacity PACU) (Revised Nurse Design) 

Fortunately regarding Figure 5.2, the hourly labor demand and available nurse capacity under the 

proposed redesign are well aligned, as no periods of capacity shortage can be identified. As such, it can be 

concluded that revising the initial scheduling solution, enables the hospital to define a feasible PACU 

nurse rostering design for the upcoming planning period, that is adapted to the OT case list configuration.  

However, please note that due to time limitations, the second MILP model is solely applied to the case 

mix configuration of 04.01.2016. Further academic research is required to assess the working of the 

algorithm for multiple configurations of OT case lists, and to define an appropriate upper percentile level 

that will result in a feasible scheduling output, regardless of the case mix. Moreover, with respect to the 

validation of the algorithm, it should preferably be done with the aid of a prospective case study, as it 

enables the author to review the impact of the proposed interventions in a real healthcare environment.  
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6. Conclusion and Recommendations 
In this Master Thesis, an integrated operating theatre planning methodology is developed for a top-

clinical teaching hospital and level-1 trauma center in Eindhoven, The Netherlands. This chapter concludes 

the research by providing an answer to the defined research question, formulating recommendations for 

the Catharina hospital and directions for further academic research. Based on the problem statement, the 

following research objective was formulated: 

‘Determine a surgical suite schedule in terms of uniform patient categories, that results in a fairly 

stable bed occupancy rate and acceptable workloads for the nursing staff at the PACU, without 

decrementing the current OT performance’ 

In response to the described research objective, a discrete-time, two-stage flexible flow shop problem is 

defined that determines the sequence and starting times for a given OT case list configuration, such that 

the overall cost incurred is minimized. Objective programming is used to find the surgery sequence and 

concerning PACU nursing staff level, with the best tradeoff between expected costs for OR overtime and 

nursing staff salary expenses at the PACU. By minimizing postoperative labor costs, we strive to reduce 

the inflow of patients at the PACU, which should result in a decrease of variability in bed demand and 

smoothen the workload for the nursing staff. 

Uniform patient categories are derived as input for the flow shop scheduling algorithm by means of a 

prototype evaluation system, in which group membership is dependent on the patient’s priority 

indication, ASA physical status classification and planned surgery duration. The concept of categorization 

was required to reduce the number of decision variables and to make the algorithm generically applicable 

to numerous healthcare institutions. This answers the first research (sub)question.  

The second major objective of the scheduling algorithm is the provisioning of a PACU nurse rostering 

design in view of the OT case list configuration. Modeling assumptions allow the algorithm to start a new 

work shift on every time interval (𝑡) of the planning horizon, with the constraint that the number of 

scheduled nurses in each time interval should at least be sufficient to cope with the expected labor 

demand at the PACU. In addition, a predefined nurse capacity safety margin is applied, to cover up for any 

unanticipated increase in demand for care throughout the planning period. Ergonomic constraints are 

preserved with the possibility of including lunch breaks for the nursing staff. Emergency cases are 

included as the deterministic fraction of additional required capacity per time interval at the PACU, 

caused by the outflow of patients from the emergency OR. This answers the second research 

(sub)question.  

In order to validate the defined scheduling algorithm and to assess its rescheduling impact, a 

computational experiment is designed and performed, in conjunction with discrete-event simulation. This 

was required to provide an answer to the third research (sub)question. Based on the conducted research 

and obtained results, it can be concluded that prospectively sequencing a selection of ORs’ cases in view 

of the patient outflow to the PACU, can effectively decrease the variability in bed demand and smoothen 

the workload for the nursing staff.  Simulation results show that applying the algorithm on average lead to 

a decrease in PACU completion time, and a reduced amount of overtime hours for the surgical suite, as 

compared to the replicated as-is situation at the Catharina hospital. As such, the proposed flow shop 

scheduling algorithm enables the Catharina hospital to determine surgical suite schedules in terms of 

uniform patient categories, that meet all the imposed constraints and objectives as included in the 

research objective.  

With respect to the scheduling objective related to the nurse rostering design, the stochastic simulation 

results are used as input for the algorithm to reconsider the initial nurse rostering design obtained under 

the deterministic situation. Based on the obtained results for one case mix configuration, it can be 
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concluded that revising the initial scheduling solution can result in a feasible nurse rostering design. 

However, further academic research is required to assess and validate this proposition.   

By performing the research described in the report, the author contributed to the limited studies available 

that focus on an OT planning, integrated with postoperative hospital facilities under uncertainty. 

Moreover, the results of the study highlight the importance of incorporating postoperative hospital 

facilities in the decision process with regard to managing the ORs, with the objective to improve the 

global performance of the surgical suite. Last, upon positioning the Master Thesis research against current 

literature, this study can be considered as an extension to the article from Marcon & Dexter (2006), as we 

aim to sequence multiple ORs’ cases simultaneously one or two days prior to the actual surgery date.  

6.1. Practical Implications 
The flow shop scheduling algorithm is likely to face some challenges during implication. The foremost 

challenge can be described as the disruption of routine behavior. The stability in the working atmosphere 

at the Catharina hospital, as the result of a fairly standard session roster, is no longer guaranteed when 

using the algorithm. This means that when doctors are used to the idea of always operating on a certain 

day and time, they may now experience changes to this routine behavior as the result of resequencing 

decisions in favor of the PACU. In addition, the concerning resequencing decisions will be made regardless 

of the availability of the medical specialists and dedicated resource requirements. In short, this implies 

that implementing the scheduling algorithm will require an enhanced flexible deployment of medical 

specialists at the surgical suite. As a consequence, the derived OT planning should become leading in the 

specialist’s decision of when to preserve time for secondary activities, including the provisioning of 

medical consults.  

Second, the defined scheduling algorithm develops surgical suite schedules that are in favor of the PACU. 

However in reality, there also exist an outflow of patients from the ORs to other postoperative hospital 

facilities, including the ICU, CCU, MC and PACU(IC), due to specialized resource requirements and a 

genuinely higher demand for care. The ORC should therefore closely review each resequencing design 

made by the scheduling algorithm, in order to prevent for surgical suite schedules that are infeasible with 

respect to the other postoperative hospital facilities embodied by the Catharina hospital. 

Third and last, the algorithm will need to gain some trust from its end users. The algorithm, developed on 

behalf of the surgical suite, works fully automated and mimics some of the decisions made by the ORC. 

Giving away partial control to an automated planning system however, may be perceived by OT planners 

as dangerous for the patient safety, or impossible due to high complexity in terms of dedicated resource 

requirements and personnel. The algorithm therefore does not intend to take over all responsibilities 

from the OT planners. It should conceptually be used to support and assist operating room coordinators in 

defining surgical suite schedules that are feasible with respect to the PACU. Moreover, in order to cope 

with potential resistance to change, an incremental implementation of the algorithm might be necessary. 

The implementation of the derived algorithm will be discussed in more detail in subchapter 6.2. 

6.2. Practical Recommendations 
Given the practical implications and challenges described in subchapter 6.1, the author would like to 

propose several practical recommendations, including a process redesign that consists of three 

intervention steps, inherent to the chosen solution direction.  

6.2.1. Intervention I: Scheduling Guidelines Decentral Planning Staff 
The first proposed intervention is to provide the decentral planning staff with scheduling guidelines on a 

tactical decision level, the fourth research (sub)question for the Master Thesis research. This will enable 

them to locally define surgery schedules that are feasible with respect to the PACU, and prevent the 

algorithm from making significant deviations to the original OT planning in a later stage of the process. 
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Based on the performed computational experiment, in conjunction with the obtained simulation results, 

the following scheduling guidelines could be identified. Please note that upon deriving the scheduling 

guidelines, special attention has been given to the scheduling of critical inpatients with an increased 

acuity level, and elective patients hat have to undergo fairly complex surgeries with significant expected 

OR times. After all, altering the sequence for a selection of cases that are almost identical in terms of 

expected surgery duration or acuity level, will most likely not result in significant improvements. An 

overview of the identified guidelines is included in Figure 6.1. 

Decentral Scheduling Guidelines 
1. Surgical case should be scheduled in the early  morning (e.g. before 11.00h) 

a. Patient Category: 15, 16, 17 & 18 
b. ASA: 3 
c. Acuity: 1 
d. Planned duration > 60 min 

2. Surgical case should be scheduled in the early afternoon (e.g. after 14.00h) 
a. Patient Category: 13 
b. ASA: 3 
c. Acuity: 1 
d. Planned duration ≤ 60 min 

3. Surgical case should be scheduled in the early morning (e.g. before 11.00h) & late afternoon (e.g. after 16.00h) 
a. Patient Category: 1, 7, 22 
b. ASA: 1,2,3 & 5 
c. Acuity: 0,5 
d. Planned duration ≤ 60 min 

4. Surgical case should be scheduled in the early morning (e.g. before 11.00h) 
a. Patient Category: 6, 12 & 26 
b. ASA: 1,2,3 & 5 
c. Acuity: 0,5 
d. Planned duration > 210 min 

5. For the remainder of the cases, alternate between surgeries with respectively a high and low expected surgery 
duration (mix approach (Marcon & Dexter, 2006)) 

Figure 6.1 Scheduling Guidelines Decentral Planning Staff 

Regarding Figure 6.1, critical inpatients with a genuinely high demand for care (e.g. acuity = 1) and a 

surgery duration that is expected to exceed 60 minutes, are preferably scheduled by the algorithm in the 

early morning of the planning period. Patients with the same ASA physical status classification, but who 

are required to undergo significantly less complex surgeries, are generally scheduled in the early 

afternoon. Moreover, regular elective surgery treatments with fairly small expected OR times are 

scheduled preferably in the early morning of in the late afternoon. The risk for complications is minor for 

these relatively straightforward surgical interventions, and deviations in OR and PACU times will therefore 

not result in major changes to the original elective OT planning. In contrast, elective patients that have to 

undergo fairly complex surgeries, are usually scheduled in the early morning shift of the planning period. 

Significant deviations in surgery durations or LOS at the PACU would otherwise directly result in additional 

overtime for the surgical suite.  

With respect to the scheduling of inpatients that fall outside the four aforementioned groups of patients, 

the algorithm tend to alternate between surgical cases with high and low expected OR times for each OR. 

This behavior somewhat corresponds to the ‘MIXed OR time’ scheduling heuristic from Marcon & Dexter 

(2006), which first lists surgeries in increasing order of OR time, and subsequently sequences the cases as 

follows: {L(1), L(n), L(2), L(N-1),…}. It has been proven that applying the ‘MIXed’ heuristic smoothens the 

inflow of patients at postoperative hospital facilities.  
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6.2.2. Intervention II: Feasibility Check PACU 
The second proposed intervention relates to the positioning of the scheduling algorithm in the central 

planning phase from subchapter 1.1.4. Recall from this subchapter that an OT planning is derived in the 

current situation, by combining the locally determined surgery schedules as obtained from the decentral 

planners. The ORC subsequently performs a final feasibility check to assure that the derived planning is 

feasible with respect to the ORs, and that the input from the various disciplines are well matched 

together. The proposed flow shop scheduling algorithm will enable the ORC to sequence ORs’ cases 

simultaneously, and to make additional adjustments to the OT day planning, beneficial to the functioning 

of the PACU. As such, in view of the current surgery planning process, prospectively implementing the 

scheduling algorithm can be considered as an additional feasibility check, relevant to the PACU. However, 

as indicated in in the introduction of this chapter, the ORC should closely review each sequencing design 

made by the scheduling algorithm, in order to prevent for surgical suite schedules that are infeasible with 

respect to the other postoperative hospital facilities embodied by the Catharina hospital.  

6.2.3. Intervention III: Nurse Rostering Redesign 
The third and last intervention relates to a nurse rostering redesign which, in combination with the 

proposed scheduling algorithm, might lead to additional insights for reducing peaks in workload at the 

PACU.  

In the current situation, the daily PACU nursing staff is rostered for each planning period, using a 

repetitive session roster that consists of three work shifts (Table 4.1, page 39). The morning shift starts 

with four nurses (7.30/8.00 – 17.30h), with two additional nurses required later in the morning (9.00 – 

18.30h) to cover up for the first admission peak. Finally, another two nurses are scheduled in the later 

afternoon (12.30 – 22.00h) to cope with the final admission peak and to look after patients who are 

treated outside the regular opening hours at the surgical suite. Moreover, the nursing staff level is 

determined on the basis of a 13 bed formation, regardless of the OT case list configuration for the 

upcoming planning period.  

When replicating the current as-is situation during the discrete-event simulation, it became clear that 

although a significant number of nurses were scheduled throughout the planning period, the demand for 

care and available nurse capacity per time interval was often not well matched together. Periods of time 

could be identified with a significant amount of excess capacity, whereas other periods displayed a 

structural shortage of nurse capacity, creating needles peaks in workload for the staff level at the PACU.  

As a solution to the described business problem, the proposed scheduling algorithm could be used to 

roster the PACU nursing staff for the upcoming period, in view of the OT case list configuration. The 

algorithm mimics the expected labor demand per time interval at the PACU, and decides upon the 

starting times- and number of both full-time- and part-time work shifts, such that the available nurse 

capacity per time interval exceeds the expected demand for care. It is hypothesized that by adhering to 

the aforementioned methodology, the available nurse capacity and labor demand per time interval 

should be better aligned in the to-be situation.  

When replicating the to-be situation during the discrete-event simulation, it became clear that again 

some periods of time displayed a structural nurse capacity shortage. This is a logical result, given the 

applied concept of discretization and the continuous nature of time, in combination with deterministic OR 

and PACU times used as input for the scheduling algorithm. It is therefore decided to use the generated 

stochastic simulation results (e.g. upper 80 percentile) as input for the algorithm to reconsider the initial 

nurse rostering design obtained under the deterministic situation. Based on the obtained results for one 

case mix configuration, it can be concluded that the aforementioned methodology result in a feasible 

nurse rostering design. However, further academic research is required to assess and validate this 

proposition. Nonetheless, creating a PACU nurse rostering design in view of the case list configuration, 

might provide the hospital with an alternative intervention to reduce the troublesome peaks in workload.  
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6.3. Limitations & Related Future Research 
Last, in this subchapter, we derive suggestions for further research based on the limitations of this study. 

Research Delineation 

The first limitation of the study relates to the research delineation for the Master Thesis research. The 

research objective was focused towards developing surgical suite schedules in view of the patient flow to 

the PACU. However in reality, there also exist an outflow of patients from the ORs to other postoperative 

hospital facilities, including the ICU, CCU, MC and PACU(IC), due to specialized resource requirements and 

a genuinely higher demand for care. Therefore, providing the hospital with an OT planning methodology 

that is solely integrated with the PACU, might result in surgical suite schedules that are infeasible, or that 

decrement the performance of the other postoperative facilities embodied by the hospital.  

Incorporating multiple postoperative departments in the decision process with regard to managing the 

ORs, would greatly increase the computation effort required to solve the problem, and it’s questionable 

whether an actual (Pareto) optimal solution could be obtained. Still, an interesting suggestion for further 

research would be, to investigate whether the defined flow shop scheduling algorithm could also be 

adapted and applied to other postoperative departments, like the ICU.  

Time Representation 

A second limitation of the applied research approach relates to the time representation used to formulate 

the scheduling algorithm. We opted to use a discrete-time approach, in which the time horizon of interest 

is divided into uniform time intervals. The disadvantage of this approach is that it’s essentially an 

approximation of time, and every activity that affects the surgery schedule can only take place at a 

specific instance of each time interval. A suggestion for further research would therefore be to adopt a 

continuous-time approach for the defined flow shop scheduling algorithm. Continuous-time approaches 

for surgery scheduling are well applied in current literature, although most authors generically use a 

makespan objective function, which is not suited for the research objective as stated by the Catharina 

hospital. Defining an appropriate objective function would therefore be the most challenging aspect, if 

one should decide to adopt a continuous-time approach for the defined algorithm. 

Uncertainty 

The third and last limitation of the applied research approach relates to the concept of uncertainty, 

inherent to the functioning of the surgical suite. The defined flow shop scheduling algorithm assumed that 

the surgery durations and LOS distributions were deterministic and dependent on the patient type. 

However, these assumptions are easily violated, as both the OR and PACU times cannot be predicted 

exactly; significant variations in length may occur due to for example the occurrence of unpredicted 

complications. Integrating stochastic surgery durations and LOS distributions will therefore increase the 

direct applicability of the obtained scheduling solutions.  

A third source of added variability relates to the concept of arrival uncertainty, caused by the unpredicted 

stochastic arrivals of emergency classified patients. The algorithm was extended to cover up the portion 

of non-deterministic emergent demand that can be fulfilled using the dedicated emergency OR. These 

patients are included as a deterministic fraction of additional required capacity per time interval at the 

PACU. In addition, the defined algorithm could be extended to also cover up the portion of non-

deterministic demand that cannot be operated at the dedicated OR. Accounting for these emergency 

cases might become problematic, as regular planned elective cases have to be rescheduled or postponed 

in order to fulfill demands. As a suggestion,  Latorre et. al (2016) & van Essen et. al (2014) introduced the 

concepts of ‘break-in-moments’ and ‘break-in-intervals’, to create elective surgery schedules in view of 

the arrival of emergency patients who cannot be operated at a dedicated emergency OR. As such, 

including the aforementioned methodology to the defined scheduling algorithm might also be an 

interesting extension for further academic research.   
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Appendix A Company Background 

 
Figure A.1 Organizational Chart Catharina Hospital (Catharina Ziekenhuis, 2015) 
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Table B.1 Exploratory Literature Review 

# Authors Year Patient Classification Decision Level Uncertainty Research Delineation KPI 

   Elective Non-Elective Emergency Operational Tactical Deterministic Arrival Duration LOS PACU ICU Ward Levelling 

1 Adan, I., Bekkers, J., Dellaert, N., 
Vissers, J., & Xu, X. 

2009 X    X X   X  X X X 

2 Adan, I., Vissers, J. 2002 X    X X     X X X 

3 Beliën, J., & Deulemeester, E. 2007 X    X  X X X   X X 

4 Beliën, J., Deulemeester, E., & Cardoen, 
B. 

2009 X    X  X X X   X X 

5 Denton, B., Viapiano, J., & Vogl, A. 2007 X   X    X      

6 Erdem, E., Qu, X., Shi, J., & Li, G. 2012 X   X    X  X    

7 Gupta, D. 2007 X   X    X      

8 Heydari, M., & Soudi, A. 2016 X  X X   X X  X    

9 Iser, J.H., Denton, B. T., & King, R.E. 2008 X   X    X X X    

10 Jebali, A., & Diabat A. 2015 X    X   X   X X  

11 Lamiri, M., Xie, X., & Zhang, S. 2008 X  X    X       

12 Lamiri, M., Xie, X., Dolgui, A, & 
Grimaud, F 

2008 X  X    X       

13 Latorre-Núnez, G., Lüer-Villagra, A., 
Marianov, V., Obreque, C., Ramis, F., & 
Neriz, L. 

2016 X  X X    X  X    

14 Lee, S. & Yih, Y. 2014 X   X    X X X    

15 Marcon, E. & Dexter, F. 2006 X   X    X  X   X 

16 Riise, A., Burke, E. K. 2011 X    X X        

17 van Essen, J. T., Bosch, J. M., Hans, E. 
W., van Houdenhoven, M., & Hurink, J. 
L. 

2014 X    X   X X   X X 

18 van Oostrum, J. M., van Houdenhoven, 
M., Hurink, J. L., Hans, E. W., Wullink, 
G., & Kazemier, G. 

2008 X    X   X   X X X 

19 Vissers, J., Adan, I., & Eijdems, M. 2005 X    X X     X X X 

20 Wang, Y., Tang, J., Pan, Z., & Yan, C. 2015 X   X    X  X    
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Appendix C Dataset Analysis 

Table C.1 Dataset Variables 
# Variable Name # Variable Name 

1 OK 16 Start Induction (time) 
2 Emergency Indication 17 Induction Finished (time) 
3 Date 18 Start Cut (time) 
4 Time Out 19 Cut Finished (time) 
5 Debriefing 20 Surgery Finished (time) 
6 Surgical Discipline 21 Call for Transfer (time) 
7 Plan Code 22 Transfer to General Ward 

(time) 
8 CTOG Code 23 Length of Stay (PACU) 
9 Treatment (name) 24 Asa 

10 Search Key 25 Ane 
11 Call Patient (time) 26 Ane Method 
12 Arrival Patient OK (time) 27 Estimated Surgery 

Duration 
13 ‘Zetten Block’ (time) 28 Gross Surgery Duration 
14 ‘AB afgifte’ (time) 29 Net Surgery Duration 
15 Start Surgery (time)   

 

Table C.2 List of Probability Distributions (Allfitdist) 
#  Probability Distribution 

1 Continuous: Beta 
2  Birnbaum-Saunders 
3  Exponential 
4  Extreme Value 
5  Gamma 
6  Generalized Extreme Value 
7  Generalized Pareto 
8  Inverse Gaussian 
9  Logistic 

10  Log-Logistic 
11  Lognormal 
12  Nakagami 
13  Normal 
14  Rayleigh 
15  Rician 
16  T Location-scale 
17  Weibull 
18 Discrete: Binomial 
19  Negative Binomial 
20  Poisson 
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Appendix D Regression Analysis & Analysis of Variance 
D.1. Linear Regression Relation Between Planned Surgery Duration & LOS (min) 

Regression variate: Y = b0 + b1V1 
Prediction equation: Y = 59,5881 + 0,2302V1 

Y = LOS (min) 
V1 = Planned surgery duration 

 
Figure D.1 Regression Plot (Planned Duration & LOS) 

Table D.1 Estimated Coefficients (Planned Duration & LOS) 
 Estimate SE tStat pValue 

(Intercept) 59,5881 0,670 88,998 < 0,001 
V1 0,2302 0,006 37,206 < 0,001 (2,799e-285) 

    
Number of observations 10858 Adjusted R-squared 0,113 

Error degrees of freedom 10856 F-statistic vs. constant model 1,38e+03 
Root mean squared error 36,3 P-value 2,8e-285 

R-squared 0,113   

 

D.2. Multiple Linear Regression Relation Between Priority Indication & LOS (min) 

Regression variate: Y = b0 + b1V1 + b2V2 V1: “E” (Priority indication = 1) 
Prediction eq.: Y = 74,529 + 6,18V1 + 6,32V2 V2: “O” (Priority indication = 2) 
Y: LOS (min) Reference Category (V3) “S” (Priority indication = 3) 

Table D.2 Estimated Coefficients (Priority indication & LOS) 
 Estimate SE tStat pValue 

(Intercept) 74,5292 1,1392 65,4173 0 
V1 6,1824 1,2016 5,1452 < 0,001 (2,7160e-07) 
V2 6,3170 3,7727 1,6744 0,0941 

    
Number of observations 11662 Adjusted R-squared 0,0021 

Error degrees of freedom 11659 F-statistic vs. constant model 13,3 
Root mean squared error 38,9 P-value < 0,001 (1,77e-06) 

R-squared 0,00227   

Table D.3 Anova (Priority Indication & LOS) 
 SumSq DF MeanSq F F critical pValue 

Total 17685438,2988 11661 1516,6314    
Model 40132,230 2 20066,1150 13,2585 3,00 < 0,001 (1,77e-06) 

Residual 17645306,0689 11659 1513,4494    
       
 Number Sum Mean Variance   

V1 10379 837705 80,711 1511,27   
V2 117 9459 80,846 3165,89   
V3 1166 86901 74,53 1368,36   
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D.3. Linear Regression Relation Between ASA Physical Status Classification & LOS (min) 

Regression variate Y = b0 + b1V1 + b2V2 + b3V3 + b4V4 V2 ASA Physical Status 
Classification  “2” 

Prediction eq. Y = 90,5088 –  19,3013V1 – 7,8170V2 – 
12,5370V3 – 20,7290V4 

V3 ASA Physical Status 
Classification  “4” 

Y LOS (min) V4 ASA Physical Status 
Classification  “5” 

V1 ASA Physical Status Classification  “1” Reference Category 
(V5) 

ASA Physical Status 
Classification  “3” 

Table D.4 Estimated Coefficients (ASA Physical Classification & LOS) 
 Estimate SE tStat pValue 

(Intercept) 69,7799 1,3520 51,6146 0 
V1 1,4277 1,5257 0,9358 0,3494 
V2 12,9122 1,5256 8,9718 < 0,001 (3,3598e-14) 
V3 20,7290 1,6241 12,7630 < 0,001 (4,6664e-37) 
V4 8,1920 4,7460 1,7261 0,0843 

    
Number of observations 11662 Adjusted R-squared 0,0311 

Error degrees of freedom 11657 F-statistic vs. constant model 94,5 
Root mean squared error 38,3 P-value < 0,001 (3,1e-79) 

R-squared 0,0314   

Table D.5 Anova (ASA Physical Classification & LOS) 
 SumSq DF MeanSq F F critical pValue 

Total 17685438,2988 11661 1516,6314    
Model 555431,6891 4 138857,9223 94,4931 2,37 < 0,001 (3,1e-79) 

Residual 17130006,6098 11657 1469,5039    
       
 Number Sum Mean Variance  

V1 2939 209279 71,20 970,14   
V2 6034 498964 82,69 1365,00   
V3 1814 164183 90,50 2462,56   
V4 71 5536 77,97 1822,34   
V5 804 56103 69,77 1808,80   

 

D.4. Linear Regression Relation Between Planned Surgery Duration & Surgery Duration 

Regression variate: Y = b0 + b1V1 
Prediction equation: Y = 8,9173 +0,9204V1 

Y = Gross surgery duration 
V1 = Planned surgery duration 

 
Figure D.2 Regression Plot (Planned Surgery Duration & 
Surgery Duration) 
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Table D.6 Estimated Coefficients (Planned Surgery Duration & Surgery Duration) 
 Estimate SE tStat pValue 

(Intercept) 8,9173 0,5431 16,418 7,421 
V1 0,9204 0,0050 183,395 < 0,001 

    
Number of observations 10858 Adjusted R-squared 0,756 

Error degrees of freedom 10856 F-statistic vs. constant model 3,36e+04 
Root mean squared error 29,5 P-value < 0,001 

R-squared 0,756   

 

D.5. Linear Regression Relation Between Priority Indication & Surgery Duration 

Regression 
variate 

Y = b0 + b1V1 + b2V2 V1 “E” (Priority indication = 1) 

Prediction eq. 7 = 73,1286 + 21,3373V1 + 19,3414V2 V2 “O” (Priority indication = 2) 
Y Gross surgery duration Reference 

Category (V3) 
“S” (Priority indication = 3) 

Table D.7 Estimated Coefficients (Priority Indication & Surgery Duration) 
 Estimate SE tStat pValue 

(Intercept) 73,1286 1,7200 42,5203 0 
V1 21,3373 1,8139 11,7633 < 0,001 (19,1214e-32) 
V2 19,3414 5,6952 3,3961 0,0006859 

    
Number of observations 11662 Adjusted R-squared 0,0116 

Error degrees of freedom 11659 F-statistic vs. constant 
model 

69,2 

Root mean squared error 58,7 P-value < 0,001 (1,35e-30) 
R-squared 0,0117   

Table D.8 Anova (Priority Indication & Surgery Duration) 
 SumSq DF MeanSq F F critical pValue 

Total 40688051,7422 11661 3489,2421    
Model 477245,1836 2 238662,5918 69,1879 3,0 < 0,001 (1,35e-30) 

Residual 40210806,5586 11659 3448,9070    
       
 Number Sum Mean Variance  

V1 10379 980462 94,46 3634,33   
V2 117 10819 92,47 4858,37   
V3 1166 85268 73,12 1656,72   
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D.6. Linear Regression Relation Between ASA Physical Status Classification & Surgery Duration 

Regression 
variate 

Y = b0 + b1V1 + b2V2 + b3V3 + b4V4 V2 ASA Physical Status 
Classification  “2” 

Prediction 
eq. 

Y = 90,5088 –  19,3013V1 – 7,8170V2 – 12,5370V3 
– 20,7290V4 

V3 ASA Physical Status 
Classification  “3” 

Y Surgery Duration V4 ASA Physical Status 
Classification  “4” 

V1 ASA Physical Status Classification  “1” Reference 
Category (V5) 

ASA Physical Status 
Classification  “5” 

Table D.9 Estimated Coefficients (ASA Physical Classification & Surgery Duration) 
 Estimate SE tStat pValue 

(Intercept) 69,9415 2,0636 33,8927 0 
V1 15,2333 2,3288 6,5412 < 0,001 (6,3591e-11) 
V2 26,3312 2,1968 11,9862 < 0,001 (6,5541e-33) 
V3 29,9317 2,4791 12,0736 < 0,001 (2,3037e-33) 
V4 41,4247 7,2444 5,7181 < 0,001 (1,1034-08) 

    
Number of observations 11662 Adjusted R-squared 0,0191 

Error degrees of freedom 11657 F-statistic vs. constant model 0,0187 
Root mean squared error 58,5 P-value < 0,001 (1,97e-47) 

R-squared 0,0191   

Table D.10 Anova (ASA Physical Classification & Surgery Duration) 
 SumSq DF MeanSq F F critical pValue 

Total 40688051,7421 11661 3489,2421    
Model 776207,0743 4 194051,7686 56,6764 2,37 < 0,001 (1,97e-47) 

Residual 399111844,6678 1167 3423,8522    
       
 Number Sum Mean Variance   

V1 2939 250329 85,17 3026,47   
V2 6034 580910 96,27 3735,87   
V3 1814 181170 99,87 3466,16   
V4 71 7907 111,36 7822,94   
V5 804 56233 69,941 2054,51   
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Appendix E Retro Perspective Case Study 

 
Figure E.1 Simulation Results - Bed Occupancy PACU (10.03.2016) 

 

 
Figure E.2 Simulation Results - Demand for Care PACU (10.03.2016) 
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Figure E.3 Simulation Results - Nurse Workload vs Nurse Capacity (10.03.2016) 

 

 
Figure E.4 Simulation Results - Bed Occupancy PACU (08.04.2016) 
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Figure E.5 Simulation Results - Demand for Care PACU (08.04.2016) 

 

 
Figure E.6 Simulation Results - Nurse Workload vs Nurse Capacity (08.04.2016) 
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Figure E.7 Simulation Results - Bed Occupancy PACU (18.05.2016) 

 

 
Figure E.8 Simulation Results - Demand for Care (18.05.2016) 
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Figure E.9 Simulation Results - Nurse Workload vs Nurse Capacity (18.05.2016) 

 

 
Figure E.10 Simulation Results - Bed Occupancy PACU (21.11.2016) 
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Figure E.11 Simulation Results - Demand for Care PACU (21.11.2016) 

 

 
Figure E.12 Simulation Results - Nurse Workload vs Nurse Capacity (21.11.2016) 
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