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ABSTRACT 

Operating Rooms (ORs) are important assets for hospitals as they generate the largest 
revenue and, at the same time, represent the largest cost source. Due to the significant 
uncertainty in the demand for surgery rooms, scheduling of operating rooms can be very 
challenging. Larger than average surgery demands result in shortages in ORs’ resources 
which are reflected on the ORs’ service level. In this paper, a stochastic optimization model 
is presented to solve the case-mix problem under demand uncertainty. The stochastic 
optimization is adapted and the sample average approximation method is proposed for 
obtaining an optimal case-mix plan. The model is used to determine the number of surgery 
cases to be weekly served and the amount of ORs’ time dedicated to each specialty that 
maximizes the “Activity Index” performance measure. Maximizing the “Activity Index” is 
equivalent to maximizing the utilization and service level of the ORs. The considered 
capacity constraints are: ORs’ time, number of beds and availability of nurses. To elaborate 
on the applicability of the proposed model, a case study is presented. A comparison between 
the proposed case-mix and the current case-mix is conducted. The results show that the 
proposed case-mix increases the ORs’ “Activity” by 13.6%. Additional analysis is conducted 
to study the effect of varying the number of ORs and nurses capacity on the overall ORs’ 
“Activity Index”.  

Keywords: Healthcare Management, Operating rooms scheduling, Case-mix problem, Mixed 
Integer Programming, Stochastic optimization, Sample Average Approximation 

 

1 INTRODUCTION 

Healthcare is becoming one of the largest industries in the developed and developing 
countries. There are many challenges facing healthcare systems, such as the limited 
resources, the high cost of medical technology and medication, the high demand, the high 
customer expectations and the shortage in planning and management decision support tools 
specially with the increasing complexity of healthcare systems. Consequently, hospitals are 
more and more aware of the need to use their resources as efficiently as possible, which 
urges healthcare organizations to increase emphasis on process optimization in order to 
control and minimize operating costs and improve the provided services levels. 

According to “Healthcare Financial Management Association” (HFMA), ORs account for a 
large share of hospital care services and expenditure, at the same time,ORs result in an 
estimated 40% of hospital revenue [1].This makes the scheduling of ORs a critical problem to 
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study in order to meet the hospital goals. In thisconcern, it is necessary to schedule the ORs, 
in such away that the operations/surgeries are carried out withmaximal efficiency. The 
increase in efficiency of the ORsschedule has a bearing on the number of surgery 
casesexecuted, the total hospital cost or profit and utilizationof resources. 

The snag of ORs scheduling can be divided intothree different and related problems, namely 
(i) the Case-Mix Problem (CMP), (ii) theMaster Surgery Scheduling Problem (MSSP), and 
(iii)the Surgery Scheduling Problem (SSP). 

The CMP refers to the decision of allocating the ORs’ times to each patient category in order 
tooptimize performance, in other words, how the available ORs time is distributed among 
the different specialties. In the MSS problem, the ORs time is allocatedto these surgical 
specialties over the scheduling window (typically, one week ) in order to maximize andlevel 
resources utilization. Finally, the SSP refers to assigning each surgical case a start time, a 
day, and anOR with the target of minimizing the waiting time andmaximizing resources 
utilization. In this paper, we areconsidering the CMP which involves the decision making on 
patient volumes and capacityrequirements of each patient category. For more illustration 
about the CMP, an example is presented. In thisexample; an OR is available for eight hours a 
day, fivedays a week with total of 40 working hours per week.There are five patient 
categories. The question that theCMP answers is how can these 40 hours get dividedbetween 
those five patient categories? With the consideration of factors like; demand of each SG, 
cost andprofit for each patient category, the CMP determinesthe number of OR hours 
dedicated to each patient category. 

Hospitals can be classified according to the maintargets of health care providers into two 
categories:profit satisfiers and profit maximizers [2]. Profit satisfiers hoepitals are 
motivated by professional interestsrather than economic returns. A profit satisfier 
hospitalseeks for the preferred case-mix pattern or other preset objectives on condition that 
it can manage to breakeven without violating the capacity constraints. On theother hand, 
profit maximizers hospitals are assumed tobe positioned in a competitive business 
environmentand thus they are willing to choose the patient casesthat will bring the 
maximum rewards. Most private sector hospitals can be categorized as profit 
maximizershospitals, while, most government supported hospitalscan be classified as profit 
satsifiers. 

In this paper a stochastic optimization model toaddress the CMP is proposed.The model 
obtains an optimal case-mix pattern anda corresponding resource allocation under 
uncertaintyof demand and nurses availability. Demand uncertaintymeans that it is difficult 
to accurately project surgerydemand in the future. This poses a significant challenge 
because it makes ORs hard to control and manage. Uncertain demand results from a variety 
of reasons.For instance, seasonality effects, like weekends and holidays, and the 
unpredictable variations and accidents.Demand uncertainty creates a burden on hospitals. 
Goalsof ORs management usually include maximizing theservice level and resources 
utilization while avoiding allocating excess resources capacity. 

A common problem in healthcare systems worldwide is nursing staff shortages [3]. Many 
studies showthat the availability of qualified nursing staff continues to be well below the 
needs of healthcare systems[4]. With nurse shortages, hospital managers are in direneed to 
optimally utilize current available nurses efficiently and retain them. Although, nursing 
services account for an important part of a hospital’s annual operating budget, nurse 
capacity constraints have receivedlimited interest in CMP literature. To the best of 
ourknowledge, and as indicated by Guerriero and Guido[5] and Abdelrasol et al. [6], the CMP 
with uncertaintyin demand and nurse staff capacity constraint has notbeen considered 
earlier in the literature. 

The objective is to maximize the ORs’ “Activity Index” under resources capacity constraints. 
The“Activity Index” can be defined as; the total number ofsurgery cases in the optimal case-
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mix relative to the target number of surgery cases over all patient categories.The target 
number of surgery cases, may be called thetarget activity, is the base which the actual 
activity iscompared to. Usually, the target activity is consideredas the maximum overall 
demand on ORs over the studied time window. The Activity Index is a service leveland 
utilization measure of performance rather than afinancial one. Thus, it can be applied in 
both profit satisfiers and profit maximizers hospitals planning studies. Basically, the 
considered objective function is inspired from the product mix problem literature [7] 
andadapted to the CMP. For any obtained case-mix, if theobjective function value is a 
fraction (i.e. less than 1), then, the target activity has not been achieved. Otherwise, it 
means that the actual activity could be largerthan planned. 

This study has three objectives: to determine a case-mix that optimizes the activity 
performance measure,to compare the proposed case-mix with the currentcase-mix for a 
given case study, and to analyze the effect of changing the number of ORs and the dailly 
available nurses on the consideredperformance measure. The remainder of this paper 
isstructured as follows. Section 2 contains a focused literature review on the CMP. The 
motivation for conducting this study is presented by the end of the literaturereview section. 
In Section 3, the proposed mathematical model formulation and description are 
presented.The case study, numerical results and discussions arepresented in Section 4. 
Finally, in Section 5, the conclusion is provided. 

2 LITERATURE REVIEW 

Many review papers discussed the ORs scheduling problems, recently Guerriero and Guido [5] 
presented a structured literature review on how Operational Research can be applied to the 
surgical planning and scheduling processes. The authors classified the research contributions 
by distinguishing three different decision levels, namely, strategic, tactical and operational. 
Abdelrasol et al. [6] reviewed the three operating room scheduling problems, they are: the 
CMP, the MSSP and the SSP. Furthermore, they introduced a research framework for an 
integrated planning method for the three problems. Moreover, the framework included a 
broad system dynamics model to analyze the relationship between the different hospital’s 
departments and the operating rooms. Cardoen et al. [8] applied a descriptive fields based 
classification, each of which analyzed the manuscripts from a different perspective that is 
problem or technically oriented. Generally, the literature on this level is relatively sparse. 
The related papers are summarized in Table 1. 

Ma and Demeulemeester [9] proposed a multilevel integrative approach consisting of three 
stages, namely the case-mix planning phase, the master surgery scheduling phase and the 
operational performance evaluation phase. In the case-mix planning phase, the hospital is 
assumed to have a deterministic system. An optimal case-mix pattern and number of beds 
assigned to each ward have been determined with the objective of maximizing the overall 
financial contribution. Testi et al. [10] developed a three-phase hierarchical approach for 
the weekly scheduling of ORs. In the first phase (CMP), they solved a bin packing-like 
problem (BPP) in order to select the number of sessions to be weekly scheduled for each 
ward aiming at maximizing the total benefits. Ma et al. [11] proposed a methodology for the 
CMP to maximize hospital profits under ORs blocks and wards’ beds capacity constraints. An 
integer linear programming (ILP) model was developed and branch-and-price (B&P) 
technique was deployed to solve the constructed model. Blake and Carter [12] proposed 
linear goal programming (LGP) models in order to allocate resources in Toronto’ Mount Sinai 
Hospital. Their case-mix model identified a mix and volume of cases for all doctors that are 
economically feasible for both the hospital and its associated providers. The model also 
identified the particular case-mix that comes closest to achieving the physicians’ desired 
mix. Mulholland et al. [13] presented a linear programming (LP) model to optimize financial 
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Table 1: Case-mix problem references summary 

Ref. Authors (Year) Objective function Considered resources Techniques 

[9] Ma and 
Demeulemeester 
(2013). 

Maximize overall 
financial contribution. 

ORs’ Time, Beds. ILP. 

[10] Testi et al. 
(2007). 

Maximize total benefit. ORs’ Time. BPP - Binary 
LP. 

[11] Ma et al. (2009). Maximize profits. ORs’ Time, Beds. ILP - B&P. 

[12] Blake and Carter 
(2002).  

Minimize profit 
deviation. 

ORs’ Time, Beds. LGP. 

[13] Mulholland et al. 
(2005). 

Maximize hospital total 
margins plus 
professional payments. 

ORs’ Time, ICU Beds, 

Wards’ Beds. 

LP. 

[14] Kuo et al. (2003). Maximize professional 
revenues. Minimize 
hospital costs. 

ORs’ Time. LP. 

outcomes for both the hospital and physicians under the capacity constraints of general care 
beds, Intensive Care Unit (ICU) beds, operating room times and recovery room times. 
Microsoft Excel Solver was used to determine the optimal mix of surgical procedures. Kuo et 
al. [14] used LP to optimize allocation of OR time among a group of surgeons based on 
professional fee generation. The LP Solver routine in Microsoft Excel was used to determine 
the optimal mix of surgeries that maximize professional receipts. 

In order to provide a more accurate representation of the ORs scheduling problem, the 
developed models need to incorporate more realistic aspects. In the ORs planning problems, 
the optimally allocated time must balance the costs of allocating too much time, which may 
results in idle time for ORs and staff, with the costs of allocating too little time, which may 
results in overtime charges. To reach this goal, seasonality, uncertainty and variation on 
demand and workloads should be taken into account. On the basis of the explored literature, 
the issue of uncertain surgery demand has been tackled only as a separate problem and has 
not been considered while solving the CMP and it is still an open direction to be tackled with 
stochastic models. 

Another issue is that a limited number of capacity constraints has been considered (usually, 
such constraints are on ORs time and Beds) as shown in Table 1, so there is a need to 
consider other workforce capacity constraints, such as the nursing staff. As concluded here 
and as indicated by Guerriero and Guido [5] and Abdelrasol et al. [6], the CMP with 
uncertainty in demand and nurse staff capacity has not been considered earlier in the 
literature. 

3 THE PROPOSED MATHEMATICAL MODEL 

In this research, a stochastic Mixed Integer Linear Programming (MILP) model to address the 
CMP with uncertainty in demand and daily nurse capacity constraints is proposed. The 
Sample Average Approximation (SAA) algorthim is applied to deal with the uncertainty in 
demand and nurses capacity. As discussed above, the CMP is concerned with the decision of 
selecting an optimal case-mix under given capacities and other constraints. However 
someother factors, such as the time of day and day of week, might be important in 
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managing ORs, these factors are usually considered in the more detailed plans. These 
detailed plans are constructed in the following levels such as the MSSP, and the operational 
SSP.The CMP problem is mainly a resource allocation problem. Thus, these factors are out of 
the scope of this paper. The objective function in this model is to maximize the ORs activity 
under resources capacity constraints. The considered CMP consists of determining how ORs 
times are assigned to surgeon groups, how many beds are allocated to each ward and how 
many patients from each category can be taken care of over the course of one week. 

The randomness in surgery demand and nurses availability denoted by a secnarion 𝜉 . A 
scenario defines the vector of outcomes of two random variables; surgery demand, and 

nurse capacity. Let ∅(𝜉) be the corresponding probability of scenario 𝜉 ∈ 𝛯, and ∑ ∅(𝜉) =𝜉∈𝛯

1. It should be mentioned that the probability distribution of ∅(𝜉) is discrete, and the 
scenario set 𝛯 is finite. Because the surgery demand and daily available nurses are discrete, 

the assumption of discrete durations is reasonable. For each patient category 𝑝 ∈ 𝑃and each 
scenarion 𝜉 ∈ 𝛯, the surgery demand randomness is represented by two random variables 
called the upper and lower demand limits. These two random variables are represented by 

𝑈𝐵𝑝
𝜉
 and 𝐿𝐵𝑝

𝜉
, respectively. 𝑁𝑁𝐷

𝜉
represents the available number of nurses in the day under 

the scenario 𝜉. 

In this study, three resources have to be allocated, namely, the ORs time, the beds and the 
nurses. Three decision variables categories are determined, namely; the number of patients 

that receive surgery in each patient category (𝑥𝑝
𝜉
), the number of OR hours dedicated to 

each of surgeon groups (𝑦𝑝
𝜉
) and the number of beds assigned to each patient category (𝑧𝑝

𝜉
). 

For example, the variable (𝑥𝑝
𝜉
) will denote the number of patients in patient category (𝑝) if 

the demand scenario is (𝜉).In order to model the CMP mathematically, the required indices, 
data parameters and decision variables are summarized inTable 2. 

Using the indices, parameters and decision variables summarized in Table 2, the following 
mathematical model (1)–(10) describes the stochastic case-mix problem (SCMP). 

Max    
𝟏

𝑨
∑ ∑ ∅(𝝃) ∙  𝒙𝒑

𝝃
,𝒑∈𝑷𝝃∈𝜩   (1) 

Subject to 

𝑇𝑝 ∙  𝑥𝑝 
𝜉

≤  𝑦𝑝
𝜉

     ∀𝑝 ∈ 𝑃, ∀𝜉 ∈ 𝛯, (2) 

∑ 𝑦𝑝
𝜉

𝑝∈𝑃 ≤ 𝑇𝑇     ∀𝜉 ∈ 𝛯, (3) 

𝐿𝑂𝑆𝑝 ∙  𝑥𝑝
𝜉

≤ 𝑧𝑝
𝜉

 ∙  𝐷     ∀𝑝 ∈ 𝑃, ∀𝜉 ∈ 𝛯, (4) 

∑ 𝑧𝑝
𝜉

𝑝∈𝑃 ≤ 𝑇𝐵     ∀𝜉 ∈ 𝛯, (5) 

𝑆𝑁𝑁𝑃 ∑ 𝑦𝑝
𝜉

𝑝∈𝑃  ≤ 𝐻 ∙  𝐷 ∙  𝑁𝑁𝐷𝜉∀𝜉 ∈ 𝛯, (6) 

𝑥𝑝
𝜉

 ≤  𝑈𝐵𝑝
𝜉

      ∀𝑝 ∈ 𝑃, ∀𝜉 ∈ 𝛯, (7) 

𝑥𝑝
𝜉

 ≥  𝐿𝐵𝑝
𝜉

      ∀𝑝 ∈ 𝑃, ∀𝜉 ∈ 𝛯, (8) 

𝑥𝑝
𝜉

, 𝑧𝑝
𝜉

 ∈  ℤ+      ∀𝑝 ∈ 𝑃, ∀𝜉 ∈ 𝛯, (9) 

𝑦𝑝
𝜉

 ∈  ℝ+      ∀𝑝 ∈ 𝑃, ∀𝜉 ∈ 𝛯, (10) 
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Table 2: Notation summary 

Indices and Sets 

𝑝 ∈ 𝑃 Index of patient category. 

𝜉 ∈ 𝛯 Index of scenario. 

Parameters 

∅(𝜉) The corresponding probability of scenario 𝜉. 

𝐴 The target activity; the target number of surgery cases over all patient 
categories (surgery cases/week). 

𝑇𝑝 The surgery duration time for patient of category 𝑝 (hours). 

𝑇𝑇 The total number of ORs’ available working hours per week (hours/week). 

𝐿𝑂𝑆𝑝 The length of stay for patient of category 𝑝(days). 

𝐷 Working days per week (days/week). 

𝑇𝐵 The total number of beds available for all patient categories (beds). 

𝑆𝑁𝑁𝑃 The standard number of nurses required to serve one patient in ORs 
(nurse/patient). 

𝑁𝑁𝐷𝜉 The available number of nurses per day in scenario 𝜉 (nurses/day). 

𝐻 Working hours per day (hours/day). 

𝑈𝐵𝑝
𝜉
 The upper bound on the number of patients of category 𝑝 per week in 

scenario 𝜉 (surgerycases/week). 

𝐿𝐵𝑝
𝜉
 The lower bound on the number of patients of category 𝑝 per week in 

scenario 𝜉 (surgery cases/week). 

Decision Variables 

𝑥𝑝
𝜉
 Number of patients who receive surgery of patient category 𝑝 according 

to demand scenario 𝜉(surgery cases/week). 

𝑦𝑝
𝜉
 Number of OR hours dedicated to surgeon group who serve patient 

category 𝑝 according to demand scenario 𝜉(hours/week). 

𝑧𝑝
𝜉
 Number of beds assigned to patient category 𝑝according to demand 

scenario 𝜉(beds). 

The objective function (1) maximizes the activity index of ORs and it contains two terms. 
The numerator term represents the actual activity of ORs which is the expected number of 
surgery cases that will be processed, according to the obtained case-mix, overall the given 
patient categories. The denominator term reflects the target activity of ORs for any given 



CIE44 & IMSS’14 Proceedings, 14-16October 2014, Istanbul / Turkey, Pages: 1640-1651 

1646 

period (one week in this case), which is the target number of surgery cases overall the 
patient categories. 

As previously mentioned, there are three resources, namely the ORs time, beds and nurses, 
considered in the model. The constraints are classified into four groups; ORs time capacity 
constraints (2)-(3), beds capacity constraints (4)-(5), nurses’ capacity constraint (6) and 
demand bounds constraints (7)-(8). Constraint (2) indicates that the total required surgery 
time for each patient category cannot exceed the assigned hours to this patient category. 
Constraint (3) guarantees that the total hours dedicated to all patient categories cannot 
exceed the ORs’ total available working hours per week. Constraint (4) denotes that the bed 
occupancy for each of patient categories cannot exceed its allocated capacity. Constraint 
(5) ensures that the total number of beds dedicated to all patient categories cannot exceed 
the total available beds. Constraint (6) guarantees that the total required nurses’ capacity in 
man-hours per week cannot exceed the available number of nurses in man-hours per week. 
Constraint (7)-(8) ensures that the obtained case-mix will be within the upper and lower 
expected demand respectively, and finally, constraints (9) and (10) reflect the integer and 
real properties of the decision variables respectively. 

In order to solve the SCMP model, this paper employs the SAA algorithm as a solution 
method.According to Shapiro et al. [15], the optimal solution of the SAA problem provides an 
exact optimal solution of the true SCMP (i.e. model(1)–(10)) with probability one for a 

sample size N that is large enough. Moreover, Shapiro and Homem-de-Mello [16] showed that 
the probability of providing an exact optimal solution of the true problem approaches one 

exponentially fast as 𝑁 tends to infinity. The following mathematical model describes the 

SAA problem of the SCMP with sample size 𝑁. 

Max     
𝟏

𝑨

𝟏

𝑵
∑ ∑ 𝒙𝒑

𝒏,𝒑∈𝑷
𝑵
𝒏=𝟏   (11) 

Subject to 

𝑇𝑝 ∙  𝑥𝑝 
𝑛 ≤  𝑦𝑝

𝑛     ∀𝑝 ∈ 𝑃,   𝑛 = 1, … . , 𝑁, (12) 

∑ 𝑦𝑝
𝑛

𝑝∈𝑃 ≤ 𝑇𝑇     𝑛 = 1, … . , 𝑁, (13) 

𝐿𝑂𝑆𝑝 ∙  𝑥𝑝
𝑛 ≤ 𝑧𝑝

𝑛  ∙  𝐷     ∀𝑝 ∈ 𝑃, 𝑛 = 1, … . , 𝑁, (14) 

∑ 𝑧𝑝
𝑛

𝑝∈𝑃 ≤ 𝑇𝐵     𝑛 = 1, … . , 𝑁, (15) 

𝑆𝑁𝑁𝑃 ∑ 𝑦𝑝
𝑛

𝑝∈𝑃  ≤ 𝐻 ∙  𝐷 ∙  𝑁𝑁𝐷𝑛𝑛 = 1, … . , 𝑁, (16) 

𝑥𝑝
𝑛  ≤  𝑈𝐵𝑝

𝑛       ∀𝑝 ∈ 𝑃, 𝑛 = 1, … . , 𝑁, (17) 

𝑥𝑝
𝑛  ≥  𝐿𝐵𝑝

𝑛       ∀𝑝 ∈ 𝑃, 𝑛 = 1, … . , 𝑁, (18) 

𝑥𝑝
𝑛, 𝑧𝑝

𝑛  ∈  ℤ+      ∀𝑝 ∈ 𝑃, 𝑛 = 1, … . , 𝑁, (19) 

𝑦𝑝
𝑛  ∈  ℝ+      ∀𝑝 ∈ 𝑃, 𝑛 = 1, … . , 𝑁, (20) 

4 NUMERICAL RESULTS 

In this section numerical experiments based on real data collected at the surgical 
department in Karmoze Hospital, a non-profit hospital located in Alexandria, Egypt, are 
presented. The data used in this paper is collected based on database records and 
information derived through interviews with hospital’s surgical suites managers and staff. 

There are nine patient categories ( 𝑃 = 9 ); Gynecology, Urology, Maxillofacial, General 
surgery-A (GS-A), General surgery-B (GS-B), General surgery-C (GS-C), Orthopedics, 
Otolaryngology, and Vascular. The surgery department in Karmoze hospital consists of three 
surgical suites, each of them consists of three ORs, with a total of nine ORs. The hospital 
includes many wards with 302 beds but only 178 beds are dedicated to the surgery 
department. The surgery rooms are available Saturday through Thursday for 5 hours daily 
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(from 9:00 AM to 2:00 PM). In total, the working hours for the ORs (𝑇𝑇) are 270 per week. 
The historical data for years 2010-2012 were used for the demand analysis study and 

calculation of the length of stay (𝐿𝑂𝑆𝑝). The ORs database was used to quantify the amount 

of time spent in the ORs for the performed surgical procedures.  

The historical data for each patient category was used to develop the distribution of surgery 
demand. Examination of the histogram in Fig. 1 and the box-plots in Fig. 2 illustrates the 
variations in the number of surgery cases per week. The histogram shown in Fig. 1 illustrates 
the variations in the total number of surgery cases for all patient categories that are 
handled during the week. The empirical probability distribution for the demand comes with 
a mean value of 252 surgery cases per week, with a standard deviation of 28 and with a wide 
range of 172 to 325 surgery cases per week. This analysis emphasizes the stochastic nature 
of surgery demand. The Box-plots shown in Fig. 2 illustrate the variation in the number of 
surgery cases for each patient category. The demand on the vascular category has the 
lowest median and the tightest range, followed by the maxillofacial category with slightly 
higher median and slightly wider range. On the other hand, the orthopedics category has the 
highest median and the loosest range. According to the demand analysis and discussions with 
ORs managers, the denominator term of the objective function which reflects the target 

activity (the target number of surgery cases overall patient categories), 𝐴 is assumed to be 
300 surgery cases per week. 

 

Figure 1: Histogram for the total weekly demand 

 

Figure 2: Box-plots for the weekly demand for each patient category 
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In order to consider the uncertainty, we assumed that for each patient category there are 𝑁 

demand scenarios (𝑛 = 1, … . , 𝑁). The demand scenarios are drawn randomly from the history 
data of each patient category. Analysis about the sufficient number of scenarios is provided 
in the next subsection. Due to the random absence and vacations of the nurses, there is a 
significant variation in the daily number of available nurses. Usually, the available number of 

nurses per day (  𝑁𝑁𝐷𝑛 ) is ranged between 14 and 19. Practically, surgery duration 𝑇𝑝  

depends on a surgery type. For explicit representation, the parameter 𝑇𝑝 can be redefined as 

𝑇𝑝
𝑗
, where 𝑗 indexes 𝐽 surgery types. This paper uses 𝑇𝑝 instead of 𝑇𝑝

𝑗
 for simplification. It is 

assumed that 𝑇𝑝 is identical for the same surgical service group and implies a surgery type 

dependent duration. 

In order to discuss the stability and robustness of the proposed stochastic model with 
respect to uncertainty, a sensitivity analysis for the number of scenarios is conducted. In this 

analysis the trade-off between sample size 𝑁 and the quality of the solution is considered. 
First, the CMP is solved at different number of sample sizes. At each sample size five 
replications are conducted. Because the sample variance is one of the key factors that give 
an indication about the solution quality, the sample variance is calculated at each sample 
size. The comparison between the sample sizes experiments shows that the sample variance 
decreases abruptly at the beginning but later it levels off reaching a plateau at around 20 
scenarios and declined to around zero at 150. Based on 150 scenarios and 5 replications per 

sample, the confidence interval for the mean optimal solution is approximately ± 1%. Based 
on these observations, the number of scenarios is set to 150 as an appropriate number of 
scenarios for the computational experiments. Evaluating more scenarios would increase the 
computational time with very little gain in terms of the quality of the solution. 

4.1 Experimental results 

The CMP model is solved optimally with the commercial ILP solver LINGO 12.0 (LINDO 
Systems Inc.). The obtained results are presented and discussed in this section. The model is 
used to solve the original case (9 ORs and the number of daily nurses between 14-19) and 
compare between the current ORs’ performance (denoted as Current) and the results of the 
proposed model (denoted as Proposed). In order to compare with the current ORs’ 
performance, the current ORs’ activity value (Current) is calculated as follows. The average 
of the current number of surgery cases for each patient category is calculated based on the 
historical data. The Relative Percentage Deviation (RPD) is evaluated for the ORs’ activity 
index. The value of the RPD is defined as the difference between the proposed ORs’ activity 
index obtained by the proposed model and the current ORs’ activity index calculated for the 
current actual situation of ORs’ performance divided by the latter and multiplied by 100. 

The results of the model and a comparison with the actual current performance are 
summarized in Table 3. The comparison is based on the Number of Surgery Cases (NSCs) and 
the ORs’ activity index. The proposed case-mix plan increases the ORs’ activity index by 13.6 
% relative to the current case-mix plan. As for the NSCs, this finding means that it is possible 
to process an additional 35 cases per week with the current available capacity. Another 
important finding is that both ORs’ time and nurses’ availability capacity constraints are the 
binding constraints. Thus, additional analyses are conducted based on varying the 
availability of both ORs and nurses. 

Table 3: Model results and comparison for ORs’ activity and NSCs 

Current Proposed 
RPD (%) 

NSCs ORs’ activity NSCs ORs’ activity 

257 0.857 292 0.973 13.6 
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4.2 Sensitivity analysis 

In this analysis, the proposed model is solved at different levels of ORs and nurses available 
capacities. The purpose of this analysis is to investigate the effect of varying the availability 
of both ORs and nurses on the ORs’ activity. 

In the current situation (the base-case), the number of working ORs is 9. The target of this 
analysis is to investigate the possibility of reducing the working/open ORs, hence to reduce 
the cost. However there are no published data on true ORs costs, hence many authors 
assumed the cost of ORs. Macario [17] suggested for ORs administrators to use a ballpark 
number such as $15 to $20 per OR minute for a basic surgical procedure. Weinbroum et al. 
[18] estimated the cost of one OR to the health consumer or insurance carrier by 
approximately $10 to $20 per minute or $600 per hour. Similarly, Brodsky [19] estimated the 
cost of one OR by approximately $20 per minute. For the target of minimizing the operating 
cost and maximizing resources utilization, the system performance with lower number of 
working ORs is examined. First, the model is solved at the baseline case of 9 ORs, and then 
it is resolved at 8 ORs and 7 ORs. Comparisons between the base case (9 ORs) and the other 
cases are shown in Table 4. The comparisons are conducted in terms of the NSCs and the 
ORs’ activity. Results show that decreasing the available number of ORs has a negative 
effect on the ORs’ activity and the NSCs that can be handled. If we closed one ORs (8 ORs), 
less NSCs could be processed but the ORs’ activity still remains higher than the current ORs’ 
activity with 0.953 against 0.857 for the current case and with 29 surgery cases (286 for 8 
ORs case versus 257 for the current case) more than the current NSCs. By decreasing the 
available number of ORs to seven, NSCs will declined to 266 but it still remains higher than 
the current NSCs by 9 surgery cases (266 for 7 ORs case versus 257 for the current case). 

In order to study the effect of varying the availability of nurses, the available number of 

nurses per day (𝑁𝑁𝐷𝑛) is increased by one unit until the constraint becomes not binding. 
Comparisons between the current case (14-19 nurses per day) and other cases are shown in 
Table 5. The comparisons are conducted in terms of the NSCs and the proposed ORs’ 
activity. Results show that the ORs’ activity is improved with the increases on the number of 
nurses. For additional one nurse per day, the ORs’ activity increases slightly to 0.990 with 5 
surgery cases per week higher than the (Proposed) case-mix and 40 surgery case per week 
higher than the (Current) one. With additional two nurse per day, the ORs’ activity increases 
slightly to 1.000 with 8 surgery cases per week higher than the (Proposed) case-mix and 43 
surgery case per week higher than the (Current).Increasing the number of daily nurses by 
more than two is not effective, since it increases the NSCs by one. Activity higher than one 
means that, ORs may serve NSCs more than the planned target. It is clear that the NSCs for 

(17-22) and (18-23) cases are higher than the target NSCs (𝐴 = 300). 

In summary, the number of ORs can be reduced by one or two rooms. Actually, the decision 
of reducing the number of ORs to seven is critical because the ORs’ activity at the 7 ORs 
case is relatively close to the actual case. So, a further analysis is necessary because there is 
a chance for capacity shortages occurrences in this case. Also, it can be seen that increasing 
the daily number of nurses by one or two enhances the ORs performance in terms of NSCs 
and ORs’ activity. 

Table 4: The effect of decreasing the number of working ORs on NSCs and ORs’ activity 

Number of ORs NSCs ORs’ activity 

9 ORs 292 0.973 

8 ORs 286 0.953 

7 ORs 266 0.887 
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Table 5: The effect of varying nurses’ availability on NSCs and ORs’ activity 

Nurses availability range NSCs ORs’ activity 

14-19 292 0.973 

15-20 (+1) 297 0.990 

16-21 (+2) 300 1.000 

17-22 (+3) 301 1.003 

18-23 (+4) 302 1.007 

5 CONCLUSIONS AND RECOMMENDATIONS 

In this paper, a stochastic mixed integer linear programming model to solve the case-mix 
problem under demand uncertainty is introduced. Then SAA algorthim is employed to solve 
the problem. The optimal number of surgery cases and the optimal amount of ORs’ time 
dedicated to each patient category are determined. The optimal activity index was obtained 
under three resource capacity constraints; ORs’ time, beds and nurses. A comparison 
between the proposed case-mix plan and current case-mix plan at a particular hospital is 
conducted. Results show that the proposed case-mix outperform the current case-mix. The 
ORs’activity index can be increased by 13.6% and it is possible to close, at least one OR and 
at most two, without any shortages in demand fulfillments. This means a significant 
decrease in the total ORs operating costs. Future work will be done on integrating this model 
with other ORs scheduling problems (MSSP and SSP). 
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