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Abstract. In this study, a new mathematical model is presented for the master
surgical scheduling (MSS) problem at the tactical level. The capacity of the op-
erating room for each specialty is determined in the previous level and used as an
input for the tactical level. In MSS, elective surgeries are often performed in a
cycle for a cycle. However, this problem considers both elective and emergency
patients. The model of this problem is specifically designed to achieve this tacti-
cal plan to provide emergency care, as it provides the possibility of reserving
some capacity for emergency patients. The current study, forecast emergency pa-
tients by applying an artificial neural network, and reserve capacity for them are
based on the demand. Fuzzy chance-constraint programming is employed to han-
dle the uncertainty in the model. The data of a private hospital in Iran is used to
solve the problem using GAMS software. The results show that the performance
of the proposed method against the solution in the hospital performed better.

Keywords: Master surgical scheduling, Fuzzy mathematical programming, Pre-
diction, Neural network

1 Introduction

Due to an increase in society’s ages and medical progress, the demand for health ser-
vices worldwide is increasing [1, 2]. Besides, lower costs and a lack of human resources
lead to increased pressure on hospital resources. Therefore, the importance of optimiz-
ing the use of scarce resources in hospitals is quite evident. The most valuable resource
in most hospitals are in operating rooms (ORs). ORs are strongly linked to downstream
resources, such as the post-anesthesia care unit (PACU), the intensive care unit (ICU),
and the patients’ general ward [3]. One of the major activities at a hospital is providing
surgery to patients. Freeman et al. [4] stated that 60 to 70 percent of all hospitalized
patients require surgery, and Hans [5] stated surgery costs account for approximately
40% of total hospital costs and operations generate about 67% of hospital revenues.
Appropriate surgical planning methods are essential for the proper utilization of scarce
hospital resources and the need to treat most patients.
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Patients are usually divided into two groups: elective and emergency patients. Elec-
tive patients are not on medical emergencies, and their surgery can be pre-planned,
depending on the availability of the surgeon and the patient. On the other hand, emer-
gency patients may need surgery within a few hours or up to a few days. Surgery plan-
ning may be divided into three decision stages [6]. At the strategic level, the number of
blocks assigned to the specialties. A master surgery schedule (MSS) is developed at the
tactical level to schedule different specialties to the ORs through the week. Finally, at
the operational level, the patients are scheduled to the ORs.

The primary purpose of this paper is to provide a tactical decision for the departments
that provide surgery to both elective and emergency patients. More specifically, we
consider both elective and emergency patients in the master surgery scheduling prob-
lem (MSSP). The schedule is typically made for one cyclic week, and this weekly
schedule is generally applied for a period of six to twelve months [7]. The rest of this
paper is organized as follows: Sections 2 and 3 present literature review and the prob-
lem; the artificial neural network and fuzzy methods are explained in sections 4 and 5,
respectively. In sections 6, a case study and the numerical results are discussed, respec-
tively. Finally, section 7 concludes the research and provides suggestions for future
research.

2 Literature Review

The master surgical scheduling problem has been the object of several studies. Most
authors considered only elective patients, arguing that the emergencies are taken care
of by dedicated resources [8]. On the other hand, Adan et al. [9] considered the emer-
gencies by estimating their arrivals based on simulation and Poisson process and re-
serve capacity for the patients based on this.

In addition to including the surgical specialties and the operating rooms, some au-
thors include other resources, such as wards and intensive care units, as they may im-
pose bottlenecks for efficient patient flow [10]. In contrast, others neglected wards in
their model because they believed that access to beds does not impose a bottleneck on
the efficient flow of patients [11]. Several authors include aspects of uncertainty when
handling the MSSP. Ma and Demeulemeester [12] included probability distributions to
account for uncertainty in the patient’s length of stay (LOS) following surgery. Van
Oostrum [13] dealt with the uncertainty of surgery duration by providing probability
distributions. They calculate the distribution of patients resting in both the wards and
the ICU resulting from a cyclical MSS. Most papers have used stochastic programming
to deal with uncertainty in the MSS level [14]. Many predictive methods have been
used in the literature to predict hospital demand. Batal et al. [15] estimated the demand
for an emergency department by using a stepwise linear regression model. Jones et al.
[16] used regression models, including climate variables, to estimate patient demand.
Boutsioli [17] investigated the unpredictable hospital demand variations by using two
types of forecast errors. The autoregressive integrated moving average (ARIMA), ex-
ponential smoothing (ES), and multiple linear regression (MLR) were found to be the
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most widely used techniques [18]. In this paper, we use a neural network to predict the
emergency department admissions to achieve an efficient optimization model.

Our main contribution to the present literature is the inclusion of emergency patients
and the development of a mathematical model to simultaneously handle the uncertain
demand of elective patients and emergency patients. Moreover, we provide an artificial
neural network and a fuzzy method to cope with unknown parameters in the model.

3 Problem Definition

In this paper, the overall goal is to construct a cyclic schedule (MSS table) where each
subspecialty is scheduled for surgery slots in one or several of the ORs to perform sur-
geries efficiently. By efficiently, we mean scheduling many elective patients for sur-
gery and handling a fluctuating demand of emergency patients without having to cancel
the elective surgeries. In developing MSS, the capacity for the non-elective operations
shall be reserved. To avoid elective patients’ cancellations in periods of high emergency
demand for surgery, we want to devote surgery slots for emergency patients in the elec-
tive ORs. The resources considered in this problem are the ORs, the wards, the sur-
geons.

Determining the optimal mix of patients is referred to as the case-mix planning prob-
lem (CMPP). The target of case-mix planning is used to feed downstream issues such
as MSS. We assume that the target throughput of elective patients to be scheduled
within each patient category for the cycle is known, and we aim to schedule as many of
these patients as possible. Also, we need to forecast the number of emergency patients
entering the department each week and devote additional capacity for them. In this
study, a mathematical model is developed to construct the MSS for elective surgeries
while using the results obtained from solving CMPP as input. Moreover, based on the
hospital requirements, a part of the OR's capacity is reserved for emergency surgeries.

Following is the new mathematical model presented in this paper.

Sets:

S Surgical specialties

R ORs

L Block types

D Working days (five days a week)

K Surgery time for each specialty (1: short, 2: medium, 3: Long)
Parameters:

CL,,  block time for elective patients for OR r in day d in block |

AP 1 if OR r is suitable for specialty s
DE Demand of elective patients for surgery s
DM, Demand of emergency patients for surgery s and index k

dar,,  Fuzzy surgery duration k for specialty s
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T Length of cycle

Variables:

X 1 if surgical specialty s is assigned to OR r in block | on day d; 0, other-
sird wise

E. Total idle time of OR assigned to specialty s

Min £, 1)
S.t.
X g <1 vl r,d 2
X,  <AP, Vs, r,d 3)
3
z Xslm’ x CLIr <T- z zdﬁrks DMks
s,r,l,d k=1 s (4)
Y Xy XCL,, <DE xdir, +E_ Vs ®)
rld
X, €{0,1} Vs,l,r,d (6)
E. >0 Vs ()

The objective function minimizes the underutilization of the operating room. Con-
straints (2) and (3) ensures the assignment of OR blocks to specialties. Constraint (4)
determines that OR block time of elective patients assigned to each specialty should
not exceed the total time of elective patients. Constraint (5) describes the amount of
underutilization of the idle time related to specialties. Constraints (6) and (7) are the
domain of the variables.

4 Forecasting Emergency Demand

Among various intelligent methods, artificial neural networks (ANNSs) are suitable in-
struments to solve complicated problems. In this study, 24 months of data were used,
and the data were extracted from a private hospital in Tehran. The data were divided
into two: the training and test sets.

4.1 Data and Variable Selection

The daily number of patients visiting the ED was employed as a dependent variable,
whereas information including the month, day of the week, a quarter of the year, holi-
days, seasons, weather, rate of insurance and number of accidents per area were em-
ployed as independent variables [19-21].
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4.2  Artificial Neural Network

The most conventional ANN model is the multilayer perceptron (MLP). It has one or
several layers between the input layer and the output layer. In this research, we predict
the demand for emergency patients, then, we determine the capacity of ORs for emer-
gency patients. To implement the ANN depending on the purpose, different types of
neural networks can be used. In this study, MLP is used. Every MLP neural network
has three parts, including the input layer, the hidden layer(s), and the output layer. Mean
arctangent absolute percentage error (MAAPE) is an indicator to assess a neural net-
work structure. The equation of this criteria is given below. In this equation, N indicates
the number of samples, F: shows the predicted value of the model for sample t, and A;
represents the real demand for sample t.

- F, J

Based on a trial and error method, several neural network structures are evaluated
to find an appropriate configuration for MLP (see Table 1). According to column
MAAPE, the best configuration is MLP 9 that is highlighted. The output of the designed

model is the number of emergency patients refer to the hospital that is 374 in the men-
tioned hospital.

N
MAAPE = 100 > arctan
N 5

t

Table 1. Parameters of the neural network

MLP

% “— First Hidden Layer Second Hidden § g w
z o i Layer T 3 :
= s 2 852 | 5 . 5 Le <
S ES ESL £ s f sy b bt :sBc B 2
3 ac ZTS Facg 282 rF&Eze 282s +=25
MLP1 GDX 2  Tansig 6 -- -~ Purelin 4
MLP2  BFG 2 Logsig 11 Tansig 13 Purelin 5
MLP3  GDX 1 Tansig 10 Logsig 15  Purelin 5
MLP4 LM 2 Tansig 4 -- - Purelin 3
MLP5 GDA 1  Logsig 9 Tansig 10  Purelin 3
MLP6  OSS 2  Tansig 18 -- - Purelin 4
MLP7 LM 2  Logsig 7 -- -~ Purelin 5
MLP8 BFG 1  Logsig 15 Tansig 23 Purelin 3
MLP9 GDA 1 Tansig 8 Logsig 4 Purelin 2
MLP10 0SS 2 Logsig 26 Tansig 19 Purelin 4

5 Fuzzy Method

Different approaches can be found in the field of uncertainty to cope with uncertain
values based on the analyzed data. According to experts’ judgments, fuzzy mathemati-
cal programming is a practical approach to this type of uncertainty. In this paper, we
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use a fuzzy method by Jiménez et al. [22], which is a strong mathematical concept, such
as the expected interval and the expected value of fuzzy numbers. Consider the follow-
ing model in which the parameters are defined as fuzzy triangular numbers. According
to Jiménez et al. [22], the equivalent crisp model can be are as follows:

b= N(;l,b~) = {X eR| .§I,X > 51.,51.)( < Z;I.,I' =1,.,mx > 0}
[(1-a)E) +aEl 1x>aEy) +(1-a)E}

[(1-a)EY +aE) 1x <aEVi +(1-a)Ey:

i=1,..,m; x>0; a<[0,1]

Based on the above method, Constraints (4) and (5) are converted by:

3
Y Xy XCLyy <T= Y Y[(1-a)Ey "% +a By 1x DM,
s,r,l,d k=1 s

3
2 Xopg¥CLyy <DE x 3 Z[(l—a)EzdurkS +aEld”rk5 J+E,
r,ld k=1 s

6 Case Study and Results

The results presented in this section are obtained based on the data collected from a
private hospital in Tehran. The hospital consists of five specialties, five ORs, two
wards, 65 beds. All the ORs are not capable of undergoing any surgery, so some spe-
cialties must be executed in a particular operating room. ORs are open eight hours a
day, and working days are five in a week from Saturday to Wednesday (Thursday and
Friday are holiday in Iran). To perform the surgeries, the department has access to four
elective and one emergency ORs. The case hospital has faced some issues in the sched-
uling MSS table. In this section, we apply our approach to this case. The aim is to
provide an MSS that enables the department to handle fluctuating emergency patient
demand and at the same time provide a sufficient throughput of elective patients. First,
the amount of capacity is reserved for emergency patients. Secondly, the new MSS is
introduced, and finally we apply the fuzzy method to obtain a more reliable solution.
Table 2 presents the parameters of the model. The model is solved in GAMS software
using CPLEX solver. For example, the optimal schedule at the first week of planning
horizon is shown in Table 3. It is deduced that the optimum MSS meets all the time
blocks assigned to specialties in strategic level.

Table 2. Parameters of surgical specialties

Surgical Specialties DE dur,,
Orology (200,250,300) (30,90,180)
Orthopedic (90,130,170) (45,120,250)
General (280,340,400) (30,150,300)
Vascular (350,400,450) (40,100,150)
Cardiology (550,650,750) (60,200,360)
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Table 3. Optimum MSS

OR1 OR2 OR3 OR4 OR5

Sat Blockl  Orthopedic ~ Orthopedic General General General

Block2  Orthopedic ~ Orthopedic General General General

sun Block 1 Orology Orology Cardiology ~ Vascular Vascular

Block 2 Orology Orology Cardiology ~ Vascular Vascular

Blockl  cCardiology Cardiology  Orthopedic General General

Mon “Block 2 Cardiology ~ Cardiology ~ Orthopedic General General
Tue Block 1 Vascular Vascular Vascular Orology Cardiology
Block 2 Vascular Vascular Vascular Orology Cardiology
Wed Block 1 Orology Orthopedic General Cardiology ~ Orthopedic

Block 2 Orology Orthopedic General Cardiology ~ Orthopedic

7 Conclusion

In this paper, we have developed a mathematical model for the master surgical sched-
uling (MSS) problem and to provide tactical decision support for managers in a depart-
ment with both elective and emergency patients. To deal with daily emergency patients,
we used neural- network algorithm to predict the demand for emergency patients. Due
to current uncertainty in the problem, surgery duration was considered uncertain.
Therefore, a fuzzy approach was applied to convert to a crisp model. The proposed
model was solved using GAMS software. The results revealed that the model is im-
proved in an uncertain environment. For future studies, it is suggested to consider the
cancellation of elective patients, and it might be interesting to investigate the effect of
different policies to improve hospital performance.
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