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Abstract

In this paper a multi-period and multi-resource ragiag room (OR)

scheduling and rescheduling problem with electind aemi-elective (semi-

urgent) patients is addressed. A scheduling-resdimgdframework based on

the so-called rolling horizon approach is proposedolve the problem. The

core of the proposed framework is a novel proposexkd-integer linear

programming (MILP) model with the objectives of nmiizing tardiness, idle

time and overtime. Pre-operative holding unit bedsl recovery beds as

important resources in surgery departments arentake account. At first, a

schedule is set for all of the days of the plannpegiod.Then, at each

iteration, the scheduled patients are fixed (frdzem the first day of the

planning period and a rescheduling is done duarieah of the semi-urgent

patients.Then the planning period is shifted. Tgnscess continues until all

days of the planning horizon are covered. Numesgaoalysis and comparisons

are done between the proposed approach and twargtemwhich are applied

in many hospitals. In the first scenario, the sangent patients would be

operated in the first available OR after operataigctive patients and in

another scenario; a specified amount of capacigiisated for semi-elective

patients. The outcomes conclude that the proposstiad has much better

performance and alsostatistical test supports dbperiority. Finally, a case

study is implemented in a hospital in Iran. Numarignalysis shows that our

proposed approach surpasses the actual schecuemfal significantly.

Keywords: Operating room  scheduling, healthcare, rolling

horizonframework, rescheduling approach, electind aemi-urgentpatients,

resource constraints.
1- Introduction

Healthcare industry is a large, fast-growing angdortant industry in many countries. Hospitale ar

one of the fundamental elements of the healthaadestry and surgery departments are one of the
most crucial sectors in hospitals. Conflicting desiof different stakeholders, scarcity of the &aig
recourses and the increasing of surgical demandiggimg population has been added to challenges
and difficulties of operating theatre managemerar@@en et al, 2010). Operating rooms are one of
the most expensive resources in a hospital and dheysually bottleneck resources (Landa et al.,
2016). On the one hand, around 40% of hospitaluregocosts arerelated to surgical expenses
(Denton et al., 2007; Guerriero and Guido, 2011d an the other hand, around 67% of hospital
revenues are generated by surgeries.  Also, al6@9% of patients who refer to a hospital need
surgery and should visit an operating room (Varegst al., 2012). Long waiting times, delays and
cancellations, overtime and resources overloafrageent problems in healthcare systems like
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hospitals. Hiring more personnel, providing morelipment and beds and similar solutions are not
economic and applicable ways (Meskens et al., 20h3)yrder to avoid the mentioned problems in
surgery departments, efficient planning and schegueem to be crucial needs. The benefits of
efficient scheduling have been revealed in manywstries (Pham and Klinkert, 2008). Effective
scheduling of operating rooms has become a seidsug for surgery departments because it has a
great effect on reducing costs and increasing tiadity of care (Jebali et al., 2006).

Based on previous research papers, there ae® thmanagerial procedures for planning and
scheduling of ORs (Operating Rooms). Guerriero ddido (2011) described these three
management procedures including open, block andfimddblock scheduling strategy. Under block
scheduling strategy different set of time blocks assigned to different surgical specialties foneso
weeks or months. In open strategy, time blocksrerteallocated to specific surgical groups and
surgical cases are scheduled based on conveniedagmions of surgeons (Ghazalbashet al., 2012).
Finally, modified-block strategy is same to blottategy but the difference is that for creating enor
flexibility some time blocks are left open. In thigper, open scheduling strategy is chosento plan
surgery of patients in operating rooms. Anothessifecation that has been considered in many
research papers is related to patient charactsistihere are two main classes in the literature
including elective and non-elective patients. Alfar, non-elective patients sometimes researchers
differentiate between emergency and urgent pat@dt sometimes semi-urgent patients (or semi-
elective) (Cardoen et al, 2010). The emergencyepegihave to be operated as soon as possible, but
the surgery of urgent patients can be postponed $étort period of time. Semi-urgent patients sthoul
be operated soon but not necessarily on the adasa(Zonderland et al. 2010).

Planning and scheduling of operating rooms itelassigning the surgical cases to ORs and days
and determining the sequence and detailed schedupatients. Implementing different surgeries
involves multiple resources including personnelyipoent, ORs, required beds (like PHU beds,
recovery beds) and etc. The availability, limitasoand coordination of different resources are so
important (Pham and Klinkert, 2008; Xiang et al12p

In this paper, we study multi-period operatingm planning and scheduling for elective and semi-
urgent patients considering pre-operative holdinij and recovery beds. A rolling horizon approach
is applied to cope with arrival semi-urgent patteahd make the schedule more flexible. The open
scheduling strategy is adopted. A MILP model witmsidering resources constraintsis developed
with objective of minimizing idle time, overtime amardiness.

The main contributions of our paper are as follows:

* Proposinga novel mixed-integer linear programmirggleh for scheduling elective and semi-
urgent patients,

» Developing a scheduling-rescheduling rolling haniZzcamework using the MILP model in
order to add a good flexibility forplanning and déng elective and semi-urgent patients,

» Covering all three stages for implementing a syrdecluding pre-operative, intra-operative
and post-operative stages and considering thegliimits of PHU and recovery beds,

* Implementing a case study for showing the appllitgbénd superiority of the proposed
model and framework.

The rest of the paper is organized as follovectiS8n 2 reviews the relevant literature. Section 3
illustrates the problem in details. Section 4 dbss the mathematical model and proposed rolling
horizon scheduling approach. Experimental resutsdascribed in section 5. Section 6 explains the
case study. Finally, Section 7 concludes the paepeesents some offers for future research.

2- Literature review

In the past 60 years, many research papersb®areconducted about operating room planning and
scheduling (Cardoen et al, 2010). Due to the eRtenkterature, only the relevant papers are
reviewed in this section. Detailed reviews candaenfl in Cardoen et al. (2010), Guerriero and Guido
(2011) and May et al. (2011).

Jebali et al. (2006) presented a two-step appré@ OR scheduling and proposed a mixed integer
programming model and took into account resouncelsiding surgeons and ICU beds in their model.
They noted under time, overtime and the costs meduby keeping the patients in thehospital as
performance criteria. Perdomo et al. (2006) stuthedassigning of patients to operating rooms and
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recovery beds. They solved the problem via Lagamgelaxation and dynamic programming with
the aim of minimizing total completion time.Cardoetnal. (2008) focused on daily OR scheduling
problem under consideration of post-anesthesia gate(PACU) beds, surgeons and nurses with
regarding various criteria such as the prioritypafients and leveling the recovery beds occupancy.
The authors presented a MILP model and a heutstiope with complexity. A similar study can be
found in Cardoen et al. (200POR scheduling under consideration of surgeonsistaints and
recovery beds have been studied in the works afsBarand Persson (2009), Fei et al. (2010) and
Van Huele and Vanhoucke (2014). Augusto et al. Q20donsidered three resources including
transporters, ORs and recovery beds for operatiegttescheduling. They assumed that patients’
recovery can be done in ORs when there is no dlail@covery bed. Lagrangian relaxation-based
method was utilized to solve the problem. They wered some performance criteria based on
patients’ completion times. Min and Yih (2010) pospd a stochastic optimization model for elective
patients scheduling with considering uncertaintysimgery durations and availability of ICU beds.
They applied sampling average approximation toestie problem. Li et al.(2015) studied the trade-
off among capacity of recovery unit,waiting patemnd operating room utilization applying goal
programming models. Aringhieri et al. (2015) foaig® elective patients scheduling with the aim of
leveling ward beds occupancies using variable teigiood search. Recovery beds were also
considered in Saadouli et al. (2015). The authaedustochastic optimization and simulation
approaches to schedule. Lee and Yih (2014) formdlthe problem of scheduling elective patients
as a flexible job shop (with fuzzy durations) witbnsidering thelimitation of PACU beds. They
proposed a scheduling strategy in order to deterntivestarting time of surgeries. A two-stage
decision process is applied for solving the problesimg a genetic algorithm and a decision-heuristic
Xiang et al. (2015) proposed an ant colony optitioza approach to solve surgery scheduling
problem in order to minimize makespan. They preskat model based on multi-resource constraint
flexible job shop scheduling problem to considetigra flow in pre-operative intra-operative and
post-operative stages. Recently, Latorre-Nufez. ¢2@16) studied operating rooms scheduling with
considering PACU and required recourses in ORsy Phnesented an MILP model based on flexible
flow shop scheduling problem and a constraint @ogning model. Genetic algorithm and a
constructive heuristic were applied to solve largstances. Heydari and Soudi (2016) studied
predictive/reactive scheduling of operating roomthwonsideration of PACU and used a two-stage
stochastic programming due to arrival of emergeaiiepts.

Some researchers have considered operating nesoheduling problem. Pham and Klinkert (2008)
considered the rescheduling of elective patientsiupe arrival of emergency patients and proposed a
mathematical model as an extension of the job stobyeduling problem. Stuart and Kozan (2012)
considered the rescheduling problem of the dayapfdnning of a surgery unit for elective and non-
elective patients. Theystudied the disruption manant and modeled the problem as asingle
machine scheduling problem. Erdem et al. (2012eldped a MILP model to reschedule elective
patients due to the arrival of emergency patiemtsrder to minimize overtime cost, rejection cost
(emergency patients), postponement of electiveesigg cost and costs of applying more beds and
personnel in PACU. They considered thelimited cdapaxf PACU during the planning horizon. In
addition to solving by GAMS software, they develdpe genetic algorithm to obtain near optimal
solutions. Van Essen et al. (2012) focused on glesiday operating room rescheduling problem due
to emergency arrivals and duration variability. ¥ipeoposed an ILP with theobjective of minimizing
the preferences of stakeholders.In the contexpplyang rolling horizon approach in operating room
schedulingand rescheduling problem, Addis et #1163 studied the problem of assigning patients to
OR blocks (OR, week, day) with uncertainty in suigg durations. They applied a rolling horizon
approach to take into account new arrivals in difé days and reschedule the patients. Recentty, Lu
et al. (2016) considered one-day surgery schedulitdplem. They presented two mixed integer
programming model including a non-rolling horizosheduling model and a rolling horizon
scheduling model in order to consider the variatiorday-to-day demand. In these two papers,
authors did not consider pre-operative and postabipe recovery beds.

In this paper, we discuss of scheduling electivd semi-elective patients. Zonderland et al. g201
used queuing theory in order to schedule electidesmi-urgent patients and investigated the trade-
off between operating semi-urgent surgeries andetition of elective surgeries. A detailed review
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about thetrade-off between scheduling electiveemdrgency patients (including emergency, urgent,
semi-urgent patients and etc.) can be found inRiahand Demeulemeester (2015).

In this paper, a rolling horizon scheduling-ressiling framework containing a MILP model is
proposed to consider all three units for implenmenta surgery including pre-operative and post-
operative (recovery) units for scheduling electared semi-elective patients. Resource constraints
including limitations in pre-operative and recovenyit beds and also the availability and speciafty
surgeons are taken into account.

3- Problem description

The process for implementing a surgery usuallyscsts of three main stages. At first, the patient
transported to the pre-operative holding unit (PHin ward and occupies a bed. A nurse checks the
patient’s condition and documents and preparesheinfor surgery. Then, the patient will be moved
to an operating room. Generally, hospitals havéeiiht operating rooms with different sizes and
applications. Depending on the surgery type, ablatoperating room should be selected. In the OR,
at first the patient is anesthetized by an anesthgiecialist and then will be operated by theyisat
team and when finished the patientwill be transgabtd recovery unit (or PACU) for recovery under
the care. After that, the patient may go to ICWard based on surgeon’s opinion. Figure 1 illusgat
these three stages for implementing a surgery paeshown with dashed lineshave been considered
in our problem.
The assumptions and conditions of our problem aseribed as follows:

1. Time is discretized into 20-minute intervals.

2. Surgeons are available in pre-determined times.

3. A surgical case can be performed one time in tharphg horizon by only one surgeon who
has the relatedspecialty for that kind of surgé&gsides, it can be done in the OR which
meets the conditions.

4. Pre-operative and post-operative beds are limited.

5. The duration of surgeries and also durations ofistpa patient in pre-operative and recovery

known in advance.

No uncertainties are considered in durations amadability constraints.

We have focused on elective patients (includingiigmts and outpatients) and semi-urgent
patients.

Open scheduling strategy is adopted.

The transfer time between two consecutive stages $oirgery is neglected.
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Fig. 1 Main stages for implementing a surgery
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4- Rolling horizon scheduling-rescheduling framewadk

Rolling horizon method is suitable for enviromtse that meet new demands all the time, like
hospitals.With applying the rolling horizon apprbathe schedule updates due to changes in waiting
list or demands. The benefit of using this approeckhat the schedule has more flexibility and
adaptability (Luo et al., 2016). In this sectiohfiest the proposed mathematical model is expl&ine
as the core of the rolling horizon scheduling-restthing framework and then the rolling horizon
approach is described.

4-1- Mathematical model
The indexes, parameters and decision varialflig anathematical model are defined as follows:

I ndexes

Y Index for patients requiring a surgery p=12,....P

S Index for surgeons s=12,...,S

o Index for operating rooms 0=12,...0

d Index for days in the periods d=1...D

t Index for time slots during day t=12,...T
Parameters

RO Last time slot in regular opening hours

MO Last time slot which an operating room can be activ

dUp Total surgery time for patienp

Sstd 1, if surgeons is available at timéon dayd ; O otherwise

Bpos 1, if surgery p can be done in ORby surgeon s; 0 otherwise

u D 1, if surgery p is a semi-urgent patient; O otherwise

php Duration of staying patienp before surgery in PHU (in time slots)

Bphu Total number of PHU beds

re, Duration of staying patienp after surgery in PACU (in time slots)

Bpacu Total number of PACU beds

Wr Weighted factor for The minimization of tardiness

Wo Weighted factor for The minimization of overtime

Wy Weighted factor for The minimization of idle time

Decision variables
1, surgery of patientp starts in ORO with surgeor§ at time slot on dayd ; 0,

Xpostd otherwise.

% 1, if surgery of patientp occupies time slotin OR O with surgeorg on dayd ;
postd 0, otherwise.

bsptd 1, if patient p occupies a bed at PHU at time stoon dayd ; 0, otherwise.
PSptd 1, if patient p occupies a bed at PACU at time slobn dayd ; 0, otherwise.

idtog The idle time of OROon dayd .

OVtog The idle time of OROon dayd .
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The mixed-integer linear programming model for moling horizon scheduling is as follows:

Min
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The objective function is presented in equafibn It seeks to minimize three criteria. The firestm
is related to minimization of tardiness for thestiled patient and unscheduled ones, respectively
(tardiness is the difference between the due dateegatient and his/her schedule date). The skecon
and third terms are related to minimization of totzertimes and idle times. Since the objectivegeha
different units, they are normalized. Constrain} §Pates that each elective patient (surgery) is
operated at most once. Constraint (3) states #et semi-urgent patient should be operated exactly
once. Constraint (4) ensures that semi-urgent qiati@re operated before their due dates. Constraint
(5) determines the time slots which a surgery oe=uthem. Constraint (6) ensures that at most one
surgery can be done on a given day and time irpanating room. Also, each surgeon can operate at
most one surgery on a given day and time whichai®d in constraint (7). Constraint (8) guarantees
that surgeries are not permitted to be done dfeetast time slot that ORs are permitted to bevacti
Constraint (9) states that a surgery can be doaeginen time slot and day if the relevant surgison
available.Based on constraint (10), a surgeon ghimate the required specialty and skills to perform
a surgery and also the related OR should be seaifablthat kind of surgery. Before a surgery starts
thepatient will be moved and stays in one of thailakle beds of PHU for a while, represented in
Equations (11) and (12). Constraints (13) and @ similar constraints which are related to
occupying PACU beds and the limitation of the numtiiethese beds, respectively. Constraint (15)
and (16) calculate the idle time and overtime @he@R on each day, respectively. Finally, constrain
(17) is a bounding constraint and defines the tée&to be integer or binary.

4-2- Rolling horizon approach
For implementing rolling horizon scheduling darative process is proposed. The steps of this
iterative process are as follows:
Step 0-Schedule the patients (demand) for a determinaanpig period (days B) using MILP
model;Sek=1and go to step 2.
Step 1-Implement the schedule for the d#it=means that do the surgeries based on the se&hedul
Step 2Update the waiting list considering operated pasi@md patients who have canceled their
surgeries.
Step 3Set a schedule for daksP using MILP model. If all of the days in the plangihorizon
are covered terminate the iterative process, oiserek=k+1 andp=p+1 and go to step 1.
Figure 2 depicts the scheme of rolling horizon apph. Also, the above iterative process that is the
rolling horizon scheduling-rescheduling framewaldepicted in Figure 3.
The elective patients who register within the cory@anning horizon along with current patients who
have not been operated in the planning horizon gieed in the waiting list) will constitute the
demand pool for the next planning horizon.
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.......... Current planning period Next planning period
.......... Dayl | Day2| Day3] Day4 Day$ Dayp Day[l Da] Day3| Day4| Day5] Day§ ...

Schedule for 6 days | | | | | |

First iteration | | | | | |

Second iteration [ | | | | | |

Third iteration | | | | | |

Implementation L

Fig. 2 Rolling horizon scheme

I 1
Run MILP for y Initial waiting
days 1P < list
\_/_
-1 New arrivals

v

Update waiting list

Canceled patients
Implement

schedule for dayk

AV 4

Operated patients

Repeat for covering all considered days

P=P+1

Run MILP for days
k=k+1 k:P

Fig. 3 Structureof the proposed rolling horizon scheduliegcheduling framework

5- Experimental results

This section presents the computational resritd analysis of the proposed model and rolling
horizon approach. Two scenarios are developedsrs#cttion in order to compare with our proposed
approach (many hospitals use these two methodaridién semi-urgent arrivals). These scenarios are
as follows:
* First scenario (Sc 1)

In this scenario, the schedule is built for aique(e.g. 6 days) and if a semi-urgent patients@in
a day, he/she will be operated by special surge@mioperating room that its surgeries have firishe
with twoconditions: first, the special surgeons, @il recovery bed should be available and second
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there should be sufficient allowable time slotslof@hble time slots include regular time and
overtime) in that day, otherwise his/her surgeryl i@ postponed to the next day. Note that, the
surgery department would choose an OR that itg@sdisurgeries have been finished sooner than
other ORs (i.e., the first available OR). This msx will be done for all days of the period. Far th
next period, the remaining patients and new aivéll be scheduled for all days and the described
scenario will be implemented.

* Second scenario (Sc 2)

In this scenario, a determined percent of eaghsdotal capacity (e.g. 15%) is assigned for semi
urgent arrivals, i.e. elective patient would notdoheduled in some time slots. In this scenarie, th
patients are scheduled for a period (e.g. 6 dayd)wehen implementing the schedule for each day,
semi-urgent patients (if any exists) will be opedain the pre-allocated free time slots. Also, semi
urgent patients can be operated in other free diots if it is possible.

The comparisons are done based on three datarsée 1 shows the conditions of these three data
sets. Each data set consists of three differetdrinss, so totally there are nine problem instances
Table 2 represents the details of each instanatydimg the number of initial elective patients,
thenumber of new elective arrivals, thenumber af sSemi-urgent arrivals and number of canceled
patients.

ORs are open from Saturday to Thursday. Theesiggjcan be done from 7 amto 4 pm. The range
from 2 pm to 4 pm is overtime and is used if needde: duration of the surgical cases is generated
using log-normal distribution and using the datestag in the paper of Marcon et al. (2003). Four
types of surgeries are considered including geneodbrhinolaryngology, orthopedics and
ophthalmology. The recovery duration is generatédizing a log-normal distribution where the mean
is equal to the duration of the surgical case mihtime slot and the standard deviation is 1 tifoée s
(similar to Jebali et al., 2003). The duration bé tpre-operative stage is identical for all patent
(similarto Xiang et al., 2015) and is equal torhdislot. All of the durations are round to the desl
integer number greater than or equal to the rangigetherated number. The proportion of the number
of surgeries related to each specialty is generatedomly.

Authors have used statistical distributions femerating the due dates. For example, uniform
distribution (Fei et al, 2009) and log-normal dtstition (Guinet and Chaabane, 2003). In this paper,
uniform distribution is used. The due dates of gua8 are generated randomly using a uniform
distribution that i§32 * D] . Based on the definition of semi-urgent patietitsir due dates are 1 or 2

(randomly selected).
The number of operating rooms for each datéssggnerated using sum of surgery duration divided
by multiplying the regular opening time slots angimber of days in the planning period that is:

O = mkin Zdupk /(OT * Dy) | |wherek is the number of instances in the data set. Thebeuwf

p
PHU and recovery beds for each data set is randoggyerated using the range
Ok =1< Npyy pacu <20y (similarto Latorre-Nufiez et al.,, 2016). The numbérsurgeons is
selected double of the number of ORs. All of theraing rooms are considered multi-functional in a
way that all of the surgeries can be done in any Bdth surgical case needs its specialist surgeon.

The surgeons are available at all time slots odayk, but there is only one surgeon for each aftgci
on the weekends.

Table 1Data sets used for computational analysis

Over t. PHU Recovery

Data sets Total slots slots ORs beds beds Surgeons Days
1 27 6 2 1 1 4 3
2 27 6 3 2 2 6 3
3 27 6 3 2 2 6 6

105



The number of new arrivals in a period is an integendomly selected in the range of
10%P < Ngari—urgent < 20%F .Also, the number of patients that cancel theirgeties is

generated randomly varying in the rafg@Nggneg < 5%P . The day of the arrival for semi-

urgent patients and patients who cancel their surigeselected randomly between the days of the
planning period.

Table 2 Conditions of instances used for computational yaigl

Number of Number of Number of
Data set Instances initial elective semi-urgent leaving
patients arrivals patients

10 1 0
15
20
25
30
35
40
45
50

DS1

DS 2

DS 3

© 00 Nl O MW N PP
0 N N B~ WlWw DN
N O Ok, B P |O O

The MILP model has been coded and solved witlo@imization’s software on a computer with
corei5 and 4GB RAM. Also, for implementing the nod-horizon-scheduling-rescheduling
framework we utilized the link between two softwar&éhe comparisons and analysis are done based
on patient’s point of view and hospital point oéwi.

Tables 3 and 4 represents thecomparison of riygoped scheduling-rescheduling framework and
two introduced scenarios based on hospital anémtatpoint of view respectively. The weights of all

objectives (tardiness, overtime, idle time) areatdge. all of them ar% in the computations.

On the hospital's point of view (Table 3), for eadlethod, the first column is related to operating
rooms utilization rate. The second and third colsrare related to idle time and overtime respegtivel
and the last column reports utilization rate oforery beds. Note that, the utilization of PHU bexds
not considered because theduration of staying itJ RHshort (in this paper 1 time slots or 20
minutes), so this unit is not reckoned a bottlenezfource. The allocated capacity in Sc 2 is
considered 15% in this paper.

On the patients’ point of view (Table 4), forhamethod, the first column shows the total number
of operated patients. The second column is rekat¢de number of patients operated before their due
dates (or precisely on their due dates). The thollimn represents patients who are still in the
waiting list. Finally, the last column reports thember of patients who have not been scheduled and
their dates have been exceeded.

As can be seen in Table 4, the number of operagdrps in scenario 1 is a little more than RH and
scenario 2 in most of the instances. While theayemumber of operated patients is almost equal in
scenario 1 and RH approach. In compensatory, tleetime used in Sc 1 is much more than RH
which can cause related costs and dissatisfactipersonnel. In addition, in Sc 1 and Sc 2, theee a
one or two patients which their due dates have legereded in 6 instances, while there is not any
patient whose due date is exceeded in the propfraetework. About theidle time of operating
rooms, the proposed rolling horizon framework hagfgrmed better than Sc 1 and Sc 2 obviously.
Subsequently,the utilization rate related to opegatooms in RH is more than two other methods.
Also, the overtime consumed in the proposed RH agmlr is so little and is zero in most of the
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instances while the overtime in Sc 1 and Sc 2 anenmAs can be observed, the average overtime in
RH is 1.67 while it is 16 and 8.44 in Sc 1 and Sespectively. These points show the advantages of
proposed scheduling-rescheduling framework in comepa whit two scenarios.

The comparisons of methods based on overtimeéOdhdtilization rate are also depicted in Figures
4 and 5 which better shows the superiority of pssabmethod. As expected, with increasing the
number of patient the utilization rate increasesanh data set.
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Table 3Results of comparison of proposed method and twoatos based on hospital points of view

= Proposed rolling horizon approach Scenario 1 Scenario 2
% U.R 1d.T Ov.T R.U.R U.R 1d.T Ov.T R.U.R U.R 1d.T Ov.T R.U.R
1 0.48 65 0 0.40 0.44 71 6 0.40 0.48 65 0 0.41
2 0.75 32 0 0.50 0.75 32 5 0.50 0.77 29 6 0.51
3 0.93 9 0 0.54 0.93 9 14 0.58 0.80 25 3 0.48
4 0.81 36 0 0.42 0.77 43 8 0.45 0.76 45 9 0.43
5 0.91 17 0 0.49 0.83 33 18 0.50 0.74 50 7 0.47
6 0.95 10 3 0.55 0.90 19 21 0.57 0.81 35 5 0.53
7 0.77 86 5 0.57 0.69 118 18 0.55 0.72 106 18 0.56
8 0.80 75 3 0.68 0.72 106 25 0.68 0.75 92 12 0.67
9 084 62 4 0v6 075 %94 29 0.76 0.78 1 82 16 074
Ave. 0.80 43.56 1.67 0.55 0.75 58.33 16 0.55 0.73 58.78 8.44 0.53
%RPD 0% 0% 0% 0% 6% 34% 858% 0% 9% 35% 405% 4%
Table 4 Results of comparison of RH method and two scerdrased on patients and hospital point of view
= Proposed rolling horizon approach Scenario 1 Scenario 2
% Op. <dt waiting St Op. <dt Waiting St op. <dt Waiting St
Elec. S-u. Elec. S.U Elec. S-u.
1 11 11 0 0 0 11 11 0 0 0 11 11 0 0 0
2 16 16 1 0 0 16 16 1 0 0 16 16 1 0 0
3 20 20 3 0 0 21 21 2 0 0 18 18 5 0 1
4 26 26 1 0 0 26 26 1 0 1 25 25 2 0 0
5 29 29 4 0 0 30 30 2 0 1 26 25 5 0 2
6 32 32 5 0 0 33 31 2 0 2 29 26 4 0 4
7 47 47 0 0 0 46 46 1 0 1 47 47 0 0 0
8 50 50 2 0 0 51 51 1 0 1 50 50 2 0 0
I 55 . 55 1. 0O .0 55 55 1 o .1 53 53 .3 .0 2
Ave. 31.78 31.78 1.88 0 0 32.11 31.89 1.22 0 0.67 30.56 30.11 2.44 0 1
[Avel] 32 32 2 0 0 32 32 1 0 1 31 30 2 0 1
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Table 5.Results of comparison of RH method and two scesdrésed on value of objective function

=1 Proposed RH Scenario 1 Scenario 2
&
é Obj. CPU (s) %RPD Obj. % RPD Obj. % RPD
1 0.15 1.35 0% 0.15 41% 0.17 0%
2 0.08 4.23 0% 0.12 50% 0.13 63%
3 0.02 39.18 0% 0.15 650% 0.10 400%
4 0.09 71.96 0% 0.19 111% 0.20 550%
5 0.04 1205.35 0% 0.26 550% 0.23 475%
6 0.05 1821.43 0% 0.21 320% 0.18 260%
7 0.27 235.92 0% 0.48 0.78% 0.44 63%
8 0.22 457.51 0% 0.52 136% 0.35 59%
9 0.20 831.56 0% 0.52 160% 0.38 90%
 Average 013 51872 0% 030  224% 024 218%

Table 5 reports the value of the objective fiorcfor all instances with applying the rolling feon
method and two scenarios. Also, the CPU time oppsed framework is given. According to the
obtained results represented in Table 4, the vafuthe objectivefunction obtained by proposed
rolling horizon approach is significantly betteathtwo introduced scenarios in all instancesand on
the average, the value of the objective functiorpmiposed scheduling-rescheduling framework is
224% and 218% better than Sc 1 and Sc 2, resplctivigure 6 represents this comparison and
excellence of proposed scheduling-rescheduling odeth
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Fig. 6 The value of objective function obtained by thneethods for test problems

e Statistical comparison of methods

In order to make the results statistically cowing, non-parametric paired Wilcoxon test is used
based on number of operated patieofs)( number of patients remained in the waiting (is&it.),
number of patients whose due dates have been edé@adluding who have been operated after their
due dates and patients who have not been openatetheir due dates is exceededlt)), utilization
of operating rooms%uUtil), number of idle time slotsand overtime slots wery beds utilization
(%Re. util.) and finally the values of objective functiaobj.). Note that, because the obtained results
were not normally distributed, Wilcoxon test is bgg. In Table 6, the values of asymptotic
significance and the Z statistic are reported. Tdsts are implemented using SPSS 22 statistical
software. The significance level is selected 0.05the study. The results indicate that totally,
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proposed method outperforms two other methods. Athienumber of operated patients, the number
of patients who are still in the waiting list andcovery beds utilization; there is no significant
difference between RHS and Sc 1. Besides, there sgnificance difference between RHS and Sc 2
under the number of patients who are still in ttadtivg list and recovery beds utilization. But ither
items, especially, about objective function RHSpeutorms Sc 1 and Sc 2. With comparing Sc 1 and
Sc 2, it can be concluded that totally Sc 2 perfobetter than Sc 1.

Table 6 Wilcoxon signed rank test for RH, Sc 1 and Sc Z2Ham performance measures

Performance metric RHS-Sc1 RHS-Sc2 Sc2-Scl

z -1.34 -2.04 -2.04
OP.

Assymp.sig. 0.180 0.04 0.04
z -1.73 -1.30 -2.05

Wait. _
Assymp.sig. 0.08 0.19 0.04
z -2.33 -1.83 -0.88

>dt .
Assymp.sig. 0.02 0.07 0.38
z -2.39 -2.39 -0.30

%Util. _
Assymp.sig. 0.02 0.02 0.77
z -2.37 -2.38 -0.29

Idletime. .
Assymp.sig. 0.02 0.02 0.77
z -2.67 -2.52 -2.11

Over time
Assymp.sig. 0.01 0.01 0.04
z -1.36 -1.63 -1.79
%Re. Util.
Assymp.sig. 0.18 0.10 0.07
z -2.67 -2.52 -2.31
Obj.

Assymp.sig. 0.01 0.01 0.02

6- Case study

In order to evaluate the performance of schadedescheduling framework better, a case study is
implemented. This case is done in Sevome-Shabantalp$amavand city, Tehran province, Iran. In
this hospital, the head nurse is responsible fanmihg and scheduling of operating rooms. Datafor
week in October 2016 was available to us (it hakéed to choose a relatively busier week).The
collected data related to patients include the,ddset time and finish time of patients’ surgerdesl
the start time and finish time of their staying PHU and recoveryunit. Table7 represents the
summary of data taken from surgery department @fribspital. There are four specialties including
general surgeries, orthopedics, obstetrics, gyonggoand ophthalmology.There are three operating
rooms which are not multifunctional, such thatots&te and gynecology surgeries are done OR 1,
general surgeries in OR 2 and orthopedics and aphdtogyin OR 3. In this hospital, the first
scenario is implemented which was explained inaste$ection.The operating rooms are open from 8
am to 2 pm from Saturday to Thursday. If any syrggdone after 2 pm it is included in overtime.
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Table 7Summary of data related to the case study

Number of operating rooms 3
Number of surgical specialties 4
Number of surgeons 9

2-6 days per week (ophthalmology surgeon only 1

Availability of surgeons day per week)

Number of PHU beds 1

Number of recovery beds 2

Number of surgical cases 62 (51 elective + 11 s#attives)
Expected duration of surgeries 40-240 minutes psec
Expected duration of recovery (staying in PACU) &Dminutes per case
Expected duration of staying in PHU 20 minutes

The comparison of proposed rolling horizon sciied-rescheduling framework and the actual
schedule is done based on two criteria also uséidelast section including overtime and utilization
rate or (Equivalently under time). The results réga in Table 8 indicate that the proposed
framework outperforms the hospital schedule sigaiftly. Also, figures7 and 8 depict overtime and
OR utilization in the actual hospital schedule #mlrolling horizon schedule. They clearly showt tha
our proposed method surpasses the hospital existimedule.

Table 8 Results of comparing between proposed RH appraaattaetual schedule of the hospital

Proposed rolling horizon scheduling Hospital scheduling
Op. «<dt I1dT CPU(s) Ov.T %Ut Obj Op. <dt 1d.T ov.T % Ut Obj.
62 62 126  95.63 4 61% 0.14 62 62 187 43 0.42 0.28
0.80
0.60
X
c
-% 0.40 Hospital schedule
% RH schedule
50.20
o
o
0.00
1 2 3 4 5 6
Days of the planning period

Fig. 7 Comparing of OR utilization between RH approach tiedhospital schedule
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Fig. 8 Comparing of OR overtime between RH approach aeddspital schedule

Overtime is high and OR utilization is relatiydbw in the actual schedule (hospital). It seeha t
the schedule of the hospital has some weaknesBese§ponsible of planning and scheduling of the
hospital (head nurse) can use the proposed schgdelscheduling framework to enhance the
efficiency of the planning and scheduling of thegeuy department which leads to decrease overtime,
increase OR utilization and finally enhance thésgattion of patients and medical personnel.

7- Conclusions and future research

Efficient planning and scheduling is an impottesue in surgery departments of hospitals and it
has its own special difficulties particularly whemo or more types of patients (base on urgency)
should be scheduled. In this paper, we proposedhadsling-rescheduling framework based on
rolling horizon approach to handle elective and isglettive patients. A novel MILP model as the
core of the proposed approach was proposed anglrdlcess of the scheduling and rescheduling was
explained. In summary, at first a schedule is se@afl of the days of a planning period and on each
day the scheduled patients are fixed and a restthgds done because of semi-urgent arrivals. the
period moves forward to cover one more day. Thee@ss continues until all days of the planning
horizon are covered. Various test problems weregged and the proposed approach was compared
with two scenarios which are usually used by mamgpitals. The numerical analysis and
comparisons based on patients and hospital poiwieef indicated that the proposed rolling horizon
approach outperforms two scenarios. In the firshado,the semi-urgent patients would be operated
in the first available OR (after operating electpatients) and in another scenario, a specifieduato
of capacity is determined for semi-elective paseBesides, in order to make the results stati$tical
convincing, statistical tests were conducted ardrésults were confirmed. In addition, a case study
was implemented to bring up the applicability andleate the performance of the proposed rolling
horizon scheduling-rescheduling framework in reaHa problems. The proposed approach was
compared with a hospital schedule and the outcamsésated the superiority of the proposed method.
Surgery departments can utilize the presented stihgerescheduling method in order to decrease
overtime and idle time, increase the utilizatioropkrating rooms and generally enhance the quality
and efficiency of scheduling which leads to inceeéisesatisfaction of patients and personnel and
quality of care.

As mentioned, in Operating room scheduling wasigesources should be considered such as
surgeons and nurses, recovery beds, ICU beds, lveatsl andetc., because they affect planning and
scheduling of surgeries.Future research papers deay with considering other resources not
considered in this paperand studying the traddseffveen them. Also, Uncertainty is an inherent
characteristic of operating room scheduling probleacause of variability in the surgery duration,
thelength of stay after surgery and also unexpeatddals. Considering uncertainty in the studied
problem of this paperincludinguncertainsurgery a@cbvery duration and handling other types of
patients based on the urgency of surgeries suemasgency patients would be interesting.
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