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Abstract
This paper provides a comprehensive survey of research on operating room planning
and scheduling problems.Aiming to give a comprehensive classification on the studied
problems, we review the literature from the perspectives of decision level, scheduling
strategy, patient characteristics, problem setting, uncertainty, mathematical models,
and solutions and methods. The papers are reviewed in diversified ways so as to
obtain a detailed overview in this area, and the fields that need to be focused on are
summarized. It shows that mathematical programming and heuristics are frequently
applied in the complex linear and combinatorial optimization problems. Furthermore,
future research trends and directions on operating room planning and scheduling are
also identified.

Keywords Operating room · Scheduling problem · Health care management ·
Combinatorial optimization · Mathematical programming · Literature review

1 Introduction

For most hospitals, the good performance and high efficiency of operating room (OR)
plays a crucial role in the improvement of the hospitals benefit and service quality
delivered to patients. As stated in many literature, operating theatre is both the cost
and revenue centre of a hospital (Macario 2010; Erdogan et al. 2011; May et al. 2011;
Cardoen et al. 2010; Macario et al. 1995). More than 60% of hospital admissions are
surgical operations (Fügener et al. 2017), which stimulates the hospital managers to
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Table 1 Number of manuscripts in the original set

1950–1999 2000–2009 2010-Present Total

Journal 35 83 149 267

Proceedings 3 12 13 28

Working paper 1 4 7 12

Other 5 1 2 8

Total 44 100 171 315

make much effort on the ORs management to improve the planning and scheduling of
surgical resources. The performance of operating theatres is largely influenced by the
planning and scheduling polices used in practice. Besides the practice of the medical
industry, extensive academic research has been conducted in this area (Cardoen et al.
2009a;Wang and Sun 2010; Holguín-Veras et al. 2012;Macario 2010). The process of
surgery scheduling involves many participants, such as OR managers, surgeons, and
patients. It is very hard to incorporate the requirement of all participants and propose
a simple method to improve overall performance of hospital surgical suites. From a
mathematical point of view, the problem can be abstracted as a combinatorial optimiza-
tion model for allocating a given amount of resources considering certain objectives,
such as minimizing the operation costs and overtime, maximizing utilization rates of
operating room, etc. This problem is very difficult and may become a serious obstacle
in hospital management if not solved appropriately.

Until now, there are many review papers that discuss on the ORs scheduling prob-
lems (Cardoen et al. 2010; Kim et al. 2014; Hulshof et al. 2012; May et al. 2011).
Kim et al. (2014) introduce a research framework for the case mix problem, the
master surgery scheduling problem and the surgery scheduling problem. May et al.
(2011)organize the literature into six categories: capacity planning, process redesign,
the surgical services portfolio, estimation, procedure duration estimation, monitoring,
schedule construction, and control. In a recent work, Cardoen et al. (2010) review the
literature from 6 perspectives: patient characteristics, performance measures, decision
delineation, research methodology, uncertainty and applicability of research. In this
paper, we have extended their work by considering more analysis dimensions as well
as referring more references.

As already stated, extensive studies have been concluded to solve the combinatorial
optimization problems. We searched the databases PubMed, Web of Science, IEEE,
Springer and Inspec with respect to related literature. Finally, we acquired a set of 315
papers. More than half of the contributions appeared in or after 2010, which obviously
shows the increasing interest of researchers in this field. Table 1 shows the number of
manuscripts in the original set.

We organize the literature between six fields:

– Decision levels (Sect. 2): distinguishing between strategic level (long term), tac-
tical level (medium term) and operational level (short term) to better illustrate the
problems.
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– Scheduling strategies (Sect. 3): concentrating the analysis under block strategy,
open strategy or modified block strategy paradigm.

– Patient characteristics (Sect. 4): reviewing the literature according to two classifi-
cations, elective or non-elective, and inpatient or outpatient.

– Problem features (Sect. 5): characterizing the problems from the aspects of uncer-
tainty (duration uncertainty, arrival uncertainty, resource uncertainty and care
requirement uncertainty), objective functions, certain requirements and multiple
stages.

– Mathematical models (Sect. 6): distinguishing between bin-packing model, flow-
shop model, stochastic model and bi-criteria model.

– Solutions and methods (Sect. 7): overviewing the solution procedures retrieved
from the manuscript set, such as exact algorithms (column generation, dynamic
programming, branch-and-bound, branch-and-cut and branch-and-price), heuris-
tics (heuristics based on exact methods, constructive heuristics, improvement
heuristics, metaheuristics, linear-programming based heuristics and dispatching-
rule based heuristics), simulations and Markov Decision Process.

2 Decision levels

In many literature, the decisions of OR planning and scheduling can be roughly
divided into three levels: strategic level for long-term, tactical level for medium-
term, and operational level for short-term (Cardoen et al. 2010; Kim et al. 2014; Ma
and Demeulemeester 2013; Gupta 2007). At the strategic level, the problems involve
medium and long-term demand forecasting and the OR time allocated to medical spe-
cialties/surgeons, i.e., capacity planning problem, capacity allocation problem, and
case mix problem (CMP). It is a decision process over a relatively long period and
higher level. At the tactical level, the problem is related to cyclic OR schedules, i.e.
the master surgical scheduling problem (MSSP). At the operational level, the problem
is usually the surgery scheduling problem (SSP), to determine the scheduled date,
time, and specific required resources allocated to certain surgical cases, including
advance scheduling, allocation scheduling, and integration of these two steps. Fig-
ure 1 shows the trend of the number of papers in different decision levels. We can find
that researchers pay more attention to operational level in recent years.

2.1 Strategic level

Scheduling problems at strategic level consist of capacity planning problem, capacity
allocation problem, and case-mix problem (CMP). Generally, the problems have a
long planning horizon and are based on highly aggregated information and forecasts.
The basic objective on this level is to improve the resource utilization and budget
distribution among the shared surgical specialties. The decisions made on the strategic
level including the number and specialties of surgeries to be planned, and the number
of the resources required, etc., are basically applied in a planning horizon of several
months to 1 year or longer (Blake et al. 2002; Wachtel and Dexter 2008).
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Fig. 1 A tendency chart of the number of papers in different decision levels

There are some papers making the classifications to the different levels of decisions
onORplanning and scheduling, for example,Vancroonenburg et al. (2015) incorporate
the capacity allocation at tactical level, and Ma and Demeulemeester (2013) combine
capacity allocationwith casemix at tactical level.However, followingmost researchers
classificationmethod, we classify the capacity planning, capacity allocation, and case-
mix problem into the strategic level in this paper. Table 2 lists the papers related to the
three problems at strategical level.

2.1.1 Capacity planning

Capacity planning can be described as the process of determining the quantity of
resources necessary to meet demands in a cost-effective way (Choi and Wilhelm
2014b). The capacity planning problem is reviewed in a detailed taxonomic classi-
fication by many researchers (Lehtonen et al. 2013; Hulshof et al. 2012). From the
perspective of resource, OR sessions capacity, namely the OR session length, should
match the actual requirement since both under-utilization and over-utilization of an
OR are expensive (Agnetis et al. 2014). Inadequate capacity planning can cause low
care quality provided by hospitals (Hsu et al. 2003). For example, hospital administra-
tors may have to asses patient admissions over time or route patients to other hospitals
if capacity is not sufficient to accommodate them. Hall (2012) considers setting up
appointments, distributing medical resources, and planning to ensure that capacity is
matchedwith nursing needs. FollowingVanRiet andDemeulemeester (2015), Koppka
et al. (2018) allow for flexible capacity planning instead of block scheduling, specif-
ically, emergencies are considered as like elective patients in the planning mode, but
with uncertain treatment duration and quantity.
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Table 2 Procedures at strategic level in the literature

Capacity planning Koppka et al. (2018), Roshanaei et al. (2017b), Fügener et al.
(2017), Penn et al. (2017), Riise et al. (2016), Silva et al. (2015),
Dios et al. (2015), Marques and Captivo (2015), Aringhieri et al.
(2015b), Choi and Wilhelm (2014b), Agnetis et al. (2014),
M’Hallah and Al-Roomi (2014), Lehtonen et al. (2013), Ma and
Demeulemeester (2013), Day et al. (2012), Hulshof et al. (2012),
Roland et al. (2010), Fei et al. (2009), Lamiri et al. (2008b), Hsu
et al. (2003) and Cardoen and Demeulemeester (2008)

Capacity allocation Koppka et al. (2018), Roshanaei et al. (2017a, b), Vancroonenburg
et al. (2015), Choi and Wilhelm (2014a), Creemers et al. (2012),
Day et al. (2012), Gul et al. (2011), Tan et al. (2011), Fei et al.
(2010), Denton et al. (2010), Lamiri et al. (2008c), Schedule
(2006), Guinet and Chaabane (2003), Dexter et al. (2003) and
Blake and Carter (2002)

Case-mix problems (CMP) Koppka et al. (2018), Liang et al. (2015), Castro and Marques
(2015), Marques and Captivo (2015), Kim et al. (2014),
Vijayakumar et al. (2013), Ma and Demeulemeester (2013),
Marques et al. (2012b), Hulshof et al. (2012), Joustra et al.
(2011), Guerriero and Guido (2011), Ma et al. (2011), Conforti
et al. (2010) and Cardoen et al. (2009a)

2.1.2 Capacity allocation

Capacity allocation refers to the allocation of specialties to operating-room days in
OR management. Usually, capacity allocation is prescribed with patient-mix results
as a byproduct (Choi and Wilhelm 2014b). Many researchers present their models
inspired on the practical problem: how to allocate operating room capacity to various
medical disciplines (Creemers et al. 2012; Astaraky and Patrick 2015). Creemers
et al. (2012) study the problem of allocating service time slots to different patient
classes at strategic, long-term decision level with the objective of minimizing the total
expected weighted waiting time of a patient. They analyze a bulk service queueing
model for each feasible capacity allocation scheme and present a model that helps
OR managers to assess the influence of operating room capacity allocation on waiting
time of different categories of patients. Dexter et al. (2003) propose two methods to
fill the allocated OR time at different rates. They focus on when and how to release
allocated OR time appropriately to maximize OR efficiency. A new case is allowed to
replace the previously allocated case that is expected to have the most underutilized
OR time on the day of surgery.

2.1.3 Case-mix problems (CMP)

Case-mix planning assigns the OR time blocks among the surgical specialties in a
long-term time horizon. This problem involves the number and type of surgical cases
that are performed in the ORs (Hulshof et al. 2012). Internal factors include the limited
resource capacity. Guido and Conforti (2017) develop aMILPM to determine the case
mix planning, including how much OR time is assigned to the different surgeons or
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surgical groups (Cardoen et al. 2009b). Lehtonen et al. (2013) find that the use of
more accurate case categories and their combinations can increase OR productivity.
Practically, case combinations that fulfil the reserved OR time should replace less
combination that lead to underutilized OR time.

2.2 Tactical level

The problems at tactical level is Master Surgery Scheduling Problem (MSSP). Based
on the decisions at strategical level, the tactical problem provide guidelines that facil-
itate the decisions at operational level.

MSS is a cyclic schedule. It gives the open time of available ORs to surgeons
or specialties. It allocates OR time to surgical specialties according to their specific
requirements and penalizes undersupply. The time scale is usually monthly or quar-
terly. MSS determines the workload distribution, which plays an important role in the
scheduling process. It is pointed out that capacities of auxiliary departments before or
after surgery need to be considered when timing issues arise in MSS (Choi and Wil-
helm 2014b). Researchers apply variety of approaches to buildMSS. Penn et al. (2017)
point out that for medium sized hospitals, it is possible to use a standard MIP solver
for the problem of building MSS in a proper amount of time. Beliën and Demeule-
meester (2008) use integer programming to match and integrate the construction of
MSS with nurse scheduling. The MSS determines the workload distribution, and the
revision of the MSS is restricted by the capacity and demand constraint. A feedback
could be received from the nurse scheduling process to the surgery scheduling process
to produce more equitable MSS. Lehtonen et al. (2013) demonstrate that constructing
a more detailed categorization scheme and applying the scheme in constructing MSS
can improve the categorized block-scheduling system of the base case. MSS decision
is truly a crucial step in the surgery scheduling process between long-term planning at
the previous step and case scheduling at the following step. Ma and Demeulemeester
(2013) develop a MSS that considers the medium-term decision about resource allo-
cation and take into account the variability and its influence on resource utilizations,
such as the expected bed occupancy of each ward. Cardoen et al. (2009a) build a MSS
that defines the amount and type of ORs available, the open hours, and the surgeons.
It means each surgeon is restricted to operate his or her surgeries in the specific ORs
and during the time assigned by the MSS. They use integer programming models and
branch-and-bound methodology to solve the surgical case scheduling problem that
formulates from practical cases. Guido and Conforti (2017) define a MSS that assigns
OR time to surgical specialties and surgeons by optimizing conflicting objectives and
at the same time taking into account surgery characteristics and the maximum OR
time fixed both for each surgical specialty and surgeon. Agnetis et al. (2014) focus on
assigning the different surgical disciplines to the available sessions first and then allo-
cate surgeries to each session to determine the MSS on a weekly basis. They propose
a decomposition approach that addresses the MSS problem and the advance surgery
scheduling problem. Adan et al. (2009) generate a MSS and optimize an objective
function for the utilization of resources to realize a given target of patient throughput
by considering the stochastic length of stay on target utilization levels of resources.
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More papers on MSS can be found in Koppka et al. (2018), Durán et al. (2017),
Vancroonenburg et al. (2015), Aringhieri et al. (2015a), Barbagallo et al. (2015), Kim
et al. (2014), Matta et al. (2014), M’Hallah and Al-Roomi (2014), Fügener et al.
(2014), Holte and Mannino (2013), Abdelrasol et al. (2013), Agnetis et al. (2012),
Editor and Hillier (2011), Tan et al. (2011), Conforti et al. (2010), Tànfani and Testi
(2010), Beliën et al. (2009), Testi and Tànfani (2009), Chaabane et al. (2008), Testi
et al. (2007) and Blake et al. (2002).

2.3 Operational level

Operational level involves the short-term decision making, namely surgery scheduling
problem (SSP) or patient scheduling problem. Following the decisions at tactical level,
execution plans at operational level are designed for the matching and scheduling of
resources or patients. Surgeries in thewaiting list are scheduled to specificOR, day and
starting time.Many studies decompose the process ofOR scheduling and planning into
two steps, namely advance scheduling and allocation scheduling. Advance scheduling
is the problem of assigning an OR and a day to each surgery, whereas allocation
scheduling determines the starting time of the procedure. Table 3 lists the literature on
the advance scheduling, allocation scheduling, and the integration of these two steps.

2.3.1 Advance scheduling

Advance scheduling is also called as intervention assignment or surgical case assign-
ment (Agnetis et al. 2012), mainly used to assign a definite date for each operation.
Aringhieri et al. (2015a) study an advance scheduling problem which is about the
allocation of OR time blocks to specialties and the subsets of patients to be scheduled
within each time block. Day et al. (2012) establish their integrated block-scheduling
system (IBS), essentially an advance scheduling system, combining the best aspects
of open and block scheduling that are beneficial for both surgeons and hospitals.
Besides, some authors also consider the uncertainty in such problems, for example,
Beliën and Demeulemeester (2007) present a robust surgery loading study for the
advance scheduling problem assuming uncertainty in surgery durations and varying
flexibility with respect to a base schedule.

In the advance scheduling problem, the tuple patient-surgeon in the waiting list can
shift over a planning horizon of several days (usually weeks). In some cases, some
tuples may not be scheduled in the planning horizon. In contrast, in the allocation
scheduling problem the assignment of the tuple patient-surgeon to a specific day is
under the assumption to have been previously solved, and the problem is to schedule the
tuples along the day, usually assuming that operating roomovertimemay be required at
an additional cost (Dios et al. 2015). For example, Dios et al. (2015) present a decision
support system that embeds both exact and approximate optimization procedures to
solve the surgery advance scheduling problem, while some patient-surgeon tuplesmay
not be scheduled in the planning horizon.
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Table 3 Literature on the advance scheduling, allocation scheduling, and the integration of these two steps

Advance scheduling Al Hasan et al. (2018), Roshanaei et al. (2017b), Turhan and Bilgen
(2017), Rachuba and Werners (2017), Ceschia and Schaerf
(2016), Jebali and Diabat (2015), Vancroonenburg et al. (2015),
Truong (2015), Saadouli et al. (2015), Aringhieri et al. (2015a),
Gartner and Kolisch (2014), Marques et al. (2012c), May et al.
(2011), Guerriero and Guido (2011), Lamiri et al. (2008b, c),
Guinet and Chaabane (2003) and Gerchak et al. (1996)

Allocation scheduling Kroer et al. (2018), Hamid et al. (2017), Roshanaei et al. (2017a),
Latorre-Núñez et al. (2016), van Veen-Berkx et al. (2016),
Vancroonenburg et al. (2015), Castro and Marques (2015), Liang
et al. (2015), Aringhieri et al. (2015b), Molina-Pariente et al.
(2015a), Schmid and Doerner (2014), Wang et al. (2014), Essen
et al. (2014), Abdeljaouad et al. (2014), Lee and Yih (2014),
Pulido et al. (2014), Niu et al. (2013), Meskens et al. (2013),
Lehtonen et al. (2013), Castro and Petrovic (2012), Agnetis et al.
(2012), Herring and Herrmann (2012), Dekhici and Khaled
(2010), Bilgin et al. (2012), van Essen et al. (2012), Riise and
Burke (2011), Souki (2011), Roland et al. (2010), Augusto et al.
(2010), Cardoen et al. (2009a, b), Arnaout and Kulbashian
(2008), Lamiri et al. (2008a), Wullink et al. (2007), Jebali et al.
(2006), Marcon and Dexter (2006), Marcon et al. (2003),
Ozkarahan (2000) and Weiss (1990)

Integration of advance
scheduling and allocation
scheduling

Díaz-lópez et al. (2018), Huang et al. (2018), Moosavi and
Ebrahimnejad (2018), Durán et al. (2017), Riise et al. (2016),
Landa et al. (2016), Addis et al. (2016), Doulabi et al. (2016a),
Marques and Captivo (2015), Marques et al. (2012b, 2014,
2015), Molina-Pariente et al. (2015a), Dios et al. (2015), Van
Huele and Vanhoucke (2014), Vijayakumar et al. (2013), Small
et al. (2013), Abdelrasol et al. (2013), Riise and Burke (2011),
Batun et al. (2011), Fei et al. (2010), Denton et al. (2010),
Conforti et al. (2010), Persson and Persson (2009), Perdomo et al.
(2008), Pham and Klinkert (2008), Roland et al. (2007), Jebali
et al. (2006) and Blake et al. (2002)

2.3.2 Allocation scheduling

Allocation scheduling is also called as intervention scheduling (Ozkarahan 2000) or
surgical case scheduling (Cardoen et al. 2009b), which determines the exact start
time of the operations and the allocation of the OR resources. The main goal of the
scheduling process is to construct a feasible work plan for each surgery day. This is
also a process of selecting surgical cases from awaiting list, and possibly pre-assigning
them to individual ORs.

Specifically, Vancroonenburg et al. (2015) put forward the allocation scheduling
problem following the advance scheduling step, and take it as input for the upcoming
planning period. Creemers et al. (2012) identify an optimal allocation scheme by
using the output of the bulk service queueing models as the input of an optimization
procedure. A step-wise heuristic with a variety of patients and quantities of feasible
allocation schemes is proposed. A single-day scheduling problem formulation is first
provided by Herring and Herrmann (2012), involving the allocation of a fixed number
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of resources in the face of demand uncertainty. Wang et al. (2014)consider uncertain
surgery duration and emergency demand in an OR allocation problem and formulate
a stochastic model to decide the number of open ORs and assignment of each patient
to ORs.

2.3.3 Integration of advance scheduling and allocation scheduling

Some studies handle both the advance scheduling problem and the allocation schedul-
ing problem. For example, Marques et al. (2012b) simultaneously consider advance
scheduling and allocation scheduling. They allocate elective surgical cases to a cer-
tain OR and a specific period of time in a given day along a weekly time horizon
with the goal of maximizing the surgical suites utilization. Riise and Burke (2011)
state advance scheduling with OR as the only constraint and they also integrate allo-
cation scheduling procedures. More recent studies have broadened the scope of the
problem even further, considering the impact of the surgical schedule on downstream
resources (Aringhieri et al. 2015b), or integrating with personnel scheduling prob-
lems (Van Huele and Vanhoucke 2014). Specifically, Ozkarahan (2000) deal with
the allocation of critical resources such as surgeons, nurses, rooms, equipment, and
operation time to known individual surgeries. The two processes also all happen on a
daily basis. Aringhieri et al. (2015a) tackle simultaneously themaster surgery schedul-
ing problem by a tabu search algorithm. The combination of advance and allocation
scheduling within a single problem is rarely found in the literature. We leave such
detailed problems for further discussion in later sections.

3 Scheduling strategies

Basically, the scheduling problems are studied under three different strategies, i.e., the
block strategy, the open strategy, and themodified block strategy (Chaabane et al. 2008;
Fei et al. 2009, 2010; Roland et al. 2010; Hulshof et al. 2012; Abdelrasol et al. 2013;
Kim et al. 2014; Van Huele and Vanhoucke 2014; Addis et al. 2014; Vancroonenburg
et al. 2015). Under a block strategy, the OR scheduling is organized in blocks assigned
to specialties. Surgeons are assigned time in a specificOR in a periodic schedule and the
corresponding resources are blocked in advance.On the other hand, in an open strategy,
all cases can be scheduled into any OR in that appointments may be scheduled with a
greater degree of freedom (Denton et al. 2007). A modified block scheduling strategy
combines the block and open scheduling strategy, which is flexible and convenient
for management. As shown in Table 4, the literature on block scheduling strategy and
open scheduling is rather vast compared to the modified scheduling strategy.

3.1 Block scheduling strategy

Asmentioned earlier, the block scheduling strategy is to pre-allocates the OR capacity
to different surgeons or groups. OR capacity is divided into blocks or slots with each
OR for a specified duration. It reduces the complexity of scheduling in that surgeries
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Table 4 Literature on different scheduling strategies

Block scheduling strategy Koppka et al. (2018), Guido and Conforti (2017), Li et al. (2016),
Aringhieri et al. (2015a, b), Vancroonenburg et al. (2015), Kim
and Mehrotra (2015), Saadouli et al. (2015), Molina-Pariente
et al. (2015a), Molina-Pariente et al. (2015b); Marques and
Captivo (2015), Agnetis et al. (2014), M’Hallah and Al-Roomi
(2014), Meskens et al. (2013), Vijayakumar et al. (2013), Chan
and Green (2013), Creemers et al. (2012), Agnetis et al. (2012),
Guerriero and Guido (2011), White et al. (2011), Editor and
Hillier (2011), May et al. (2011), Zhu (2011), Su et al. (2011),
Riise and Burke (2011), Roland et al. (2010), Min and Yih
(2010b), Augusto et al. (2010), Beliën et al. (2009), Cayirli and
Veral (2009), Lamiri et al. (2008b), Beliën and Demeulemeester
(2008), Ozkarahan (1995, 2000)

Open scheduling strategy Doulabi et al. (2016a), Vancroonenburg et al. (2015), Xiang et al.
(2015a), Matta et al. (2014), Marques et al. (2014), Kim et al.
(2014), Zhao and Li (2014), Van Huele and Vanhoucke (2014),
Peng et al. (2014), Meskens et al. (2013), Marques et al.
(2012a, b, c), Liu et al. (2011), Augusto et al. (2010), Fei et al.
(2009, 2010), Pham and Klinkert (2008) and Denton et al. (2007)

Modified block schedulig strategy Molina-Pariente et al. (2015b), Vancroonenburg et al. (2015), Van
Huele and Vanhoucke (2014), Roland et al. (2010), Fei et al.
(2010), Augusto et al. (2010) and Denton et al. (2007)

can only be allocated to blocks of the particular medical discipline. There are some
papers discussing about the time slots allocation in the block scheduling. Lehtonen
et al. (2013) notice that there is no difference between using the half-hour and hourly-
based divisions in terms of required length of scheduling queue, but using half-hour
categorization blocks increases productivity. Creemers et al. (2012) describe a model
for allocating server time blocks to patients of various kinds. The capacity of the server
is divided into discrete blocks of time. The goal is to minimize the total expected
weighted waiting time of patients. Van Veen-Berkx et al. (2016) adjust the block time
where the allocated block time can be intentionally extended.

In addition, the block scheduling strategy is often set up based on the resource pre-
allocation or the surgeons preferences. Roshanaei et al. (2017b) use a block scheduling
system. Under the system, each block of OR is sufficiently equipped with a prede-
termined number of resources including an anesthesiologist and nurses. During this
period, the block is estimated by the charge nurses, according to their previous expe-
rience. In some hospitals, block schedules are automatically derived from surgeons
preferences (Vijayakumar et al. 2013) or duties, such as clinic, administrative, and edu-
cational (Cardoen et al. 2009a, b; Ozkarahan 2000; Testi et al. 2007). In other hospitals,
block schedules may be arose by optimization method (Beliën and Demeulemeester
2007).

A large body of literature is based on the block scheduling strategy while relatively
fewer studies follow the open scheduling strategy. In practice, the block scheduling
strategy is applied more often than the open scheduling strategy in hospitals. Many
hospitals in Europe adopt block scheduling, and each surgeon is assigned blocks of
time in givenORs (Penn et al. 2017). The surgeons prefer centralizing to scattering their
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cases at any time of a day, and it is easier to make the schedule since the work time is
fixed for each surgeon.However, there are also somedrawbacks in the block scheduling
strategy. Once a block time of anOR is allocated to one surgeon, other surgeons cannot
occupy the block even if that surgeon doesn’t arrange any surgical cases in the block
time. This problem may be the biggest issue in the opening scheduling strategy. In
order to fix the problem, a modified block scheduling strategy is proposed and we will
review it in Sect. 3.3.

3.2 Open scheduling strategy

Open scheduling strategy is a more flexible solution in which no pre-specified session-
to-discipline assignment exists. Therefore, two cases in different disciplines can be
scheduled in the same OR session (Agnetis et al. 2014). Under the open scheduling
strategy, surgeons can choose to operate a case on any workday in any available OR,
and no surgeons have the priority to reserve any block time in advance. Fei et al. (2009)
note that the block scheduling strategy is a special case of the open scheduling strategy
since the latter is more flexible than the former. All solutions of the block scheduling
strategy are feasible for the open scheduling strategy. Doulabi et al. (2016a) study on
integrated OR planning and scheduling at operational level with an open scheduling
strategy. They consider the surgeons maximum daily work time, prevent the surgeries
operated by the same surgeon from overlapping, allow time for compulsory cleaning
when switching from infected cases to non-infected cases, and adhere to the given
deadlines. Augusto et al. (2010) focus on the open scheduling strategy, and patients
are scheduled without any specialty related restrictions. In addition, Meskens et al.
(2013) point out that in block scheduling strategy, ORs are dedicated to a specific
specialty. On the contrary, if the managers adopt open scheduling strategy, it will be
necessary to distinguish between dedicated rooms and multifunction rooms. Roland
et al. (2010) prove that the multifunction of ORs may bring about redundant solutions
in the process of solving the scheduling problem.

The open scheduling strategy often follows the scheduling principle of first-come-
first-served (FCFS). It is a relaxation of the block scheduling strategy and the utilization
rate of ORs under the open scheduling strategy is usually higher than that under
the block scheduling strategy. However, because of the flexible arrangements with
the stochastic operation time and dynamic patient arrival, it inevitably leads to a
long waiting period and other issues. Thus, a poor-designed open system will often
cause high loss rate. What’s more, patients have priority to choose time can lead to
the inconvenience when there is a need to deal with emergency cases. Therefore,
open system is proved to be of low utilization and has a lot of delay when com-
pared with block system. In addition, the system is not very popular among surgeons
because it brings inconvenience for possibly scattering their working time all over a
day.
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3.3 Modified block scheduling strategy

Based on the above discussion, we can conclude that the block and open scheduling
strategies have their own advantages and disadvantages respectively. Block scheduling
is commonly used in application but it is not flexible enough. In an open scheduling
strategy, surgeons can use all available time slots in an OR, but it is proved to be
inconvenience and the management of such schedules is more difficult. Scholars have
increasing interests in studying on the mixture of these two scheduling strategies,
which is called modified block scheduling strategy. It enables block scheduling check
for underutilization by implementing some policies to modify it. If underutilization of
an upcoming OR block is likely to happen, this block may be opened to other surgeons
to operate surgical cases. Fei et al. (2009) point out that block scheduling strategy can
bemodified in twoways. One is to reserve some open time ofORs in advancewhile the
others are left open. Another is to release unused blocks of time at the appointed time.
Follow this idea, Fei et al. (2010) adopt a modified block scheduling strategy in which
some time blocks are reserved for specific surgeons instead of specialties. They apply
some ideas of the open scheduling strategy to surgery planning and scheduling in order
to improve the performance in theOR.Denton et al. (2007) establish amodel applicable
to both block-scheduling and open-scheduling systems. Augusto et al. (2010) modify
the block scheduling strategy, which is an intermediate strategy combining the open
and block scheduling policies. Molina-Pariente et al. (2015b) use modified block
scheduling strategy to solve the OR planning problem of Plastic Surgery and Major
Burns Specialty where they assign a date and an OR to a set of surgeries in the waiting
list, considering the diverse clinical priority values of patients. These two types of
surgeries, which are deferred urgency surgeries, have two reserved OR-days every
week because of their unpredictable arrival and high priority, and they can only be
operated by a small number of surgeons. Vancroonenburg et al. (2015) assume an
open scheduling strategy to tackle the surgical case scheduling problem in which they
schedule a set of surgical cases in a set of ORs within a limited scope of planning
horizon. Since a schedule confirming to a block scheduling strategy is also suitable
for an open scheduling strategy, themethod can also be adapted to accommodate block
scheduling. In the constraints of the basic problem, they expand availability intervals
to accommodate block scheduling.

4 Patient classification

There are two types of classifications of patients in the OR planning and schedul-
ing problems: elective patients or non-elective patients, and inpatients or outpatients.
Elective patients are patients whose surgeries will be done over the foreseeable future
(typically 1 week) and can be planned in advance. While non-elective patients are
group patients whose arrival is unexpected and should be treated as soon as possible.
Inpatients refer to the patients who have to stay overnight in hospital, whereas outpa-
tients usually enter and leave the hospital on the same day. Table 5 shows a variety of
patients classifications in the literature.
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Table 5 Different types of patients in the literature

Inpatients and outpatients

Inpatients Aringhieri et al. (2015a), Essen et al. (2014), Marques et al.
(2012a, b, c), Tànfani and Testi (2010), Adan et al. (2009), Pham
and Klinkert (2008), Derrett et al. (2003) and Guinet and
Chaabane (2003)

Outpatients Kim et al. (2018), Essen et al. (2014), Pham and Klinkert (2008)
and Day et al. (2012)

Elective and non-elective patients

Elective patients Roshanaei et al. (2017a), Guido and Conforti (2017), Riise et al.
(2016), Addis et al. (2016), van Veen-Berkx et al. (2016), Guda
et al. (2016), Marques and Captivo (2015), Dios et al. (2015),
Molina-Pariente et al. (2015a), Silva et al. (2015), Aringhieri et al.
(2015a), Essen et al. (2014), Martinelly et al. (2014), M’Hallah
and Al-Roomi (2014), Agnetis et al. (2014), van Essen et al.
(2012), Marques et al. (2012a, b, c), Fei et al. (2009, 2010), Min
and Yih (2010b), Roland et al. (2010), Cardoen et al. (2009b),
Adan et al. (2009), Lamiri et al. (2008b), Derrett et al. (2003),
Guinet and Chaabane (2003) and Magerlein and Martin (1978)

Non-elective patients Duma and Aringhieri (2018), Kroer et al. (2018), Moosavi and
Ebrahimnejad (2018), Latorre-Núñez et al. (2016), van
Veen-Berkx et al. (2016), van Essen et al. (2012), Tànfani and
Testi (2010), Persson and Persson (2010), Zhang et al. (2009),
Cardoen and Demeulemeester (2008), Lamiri et al. (2008b),
Pham and Klinkert (2008), Vanberkel and Blake (2007), Wullink
et al. (2007), Bhattacharyya et al. (2006), Marcon and Dexter
(2006), Mulholland et al. (2005), Bowers and Mould (2004),
Derrett et al. (2003), Hsu et al. (2003)

4.1 Inpatients and outpatients

Inpatients are admitted to the hospital one or more days before surgery and stay in the
hospital after surgery for continuing care, while outpatients usually have same-day
surgery and therefore do not stay in hospital overnight (Pham and Klinkert 2008).
Many studies have been carried out to improve the efficiency of scheduling in order.
Analytical methods and simulation studies have been used to solve the problem of
appointment scheduling and planning in healthcare, including inpatients and surgical
facilities. Marques et al. (2012c) carry out their research in a general central hospital
where maternity or outpatient emergency department are not included.

Outpatients refer to patients who typically enter and leave the hospital on the same
day. A typical example of outpatient surgery is ambulatory surgical case. The hospital
studied in the work of Day et al. (2012) is one outpatient center owned by the Hospital
Corporation of America. Essen et al. (2014) consider both inpatients who must stay
in the hospital for a few extra days after surgery and outpatients who are discharged
on the day of surgery in the same way.

The difference between inpatients and outpatients scheduling can be summarized
as follows: 1. The inpatients can be considered as stand-by while the outpatients
dynamically arrive at the hospital with possible lateness, no show or cancel (Aringhieri
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et al. 2015a; Adan et al. 2009; Fei et al. 2009; Derrett et al. 2003; Guinet and Chaabane
2003; Tànfani and Testi 2010;Marques et al. 2012c; Essen et al. 2014; Day et al. 2012;
Kim et al. 2018); 2. The inpatients satisfaction is closely related to the scheduled
operation date, while outpatients have lower requirements on it. These features cause
the differences in inpatients and outpatients scheduling and thus should be taken into
account in the problem (Vissers and Beech 2005; Roland et al. 2010; Liang et al. 2015;
Razmi et al. 2015; Wang et al. 2015; Bai et al. 2017).

4.2 Elective and non-elective patients

For surgical patients, they can be classified as elective and non-elective patients. Elec-
tive patients do not have to be treated immediately, and therefore they are put in a
waiting list. They are called when it is their turn, with just a vague notion of the actual
admission moment. Also, they can be given an appointment hospitalization. Elective
cases can be planned ahead and have a patient-related cost depending on the surgery
date. Non-elective patients are those whose surgeries are unexpected and hence need
to be treated urgently. Furthermore, non-elective patients consist of two major patient
classes, namely urgent and emergency patients. Urgent patients mean their illness is
very serious and need to be admitted immediately but the treatment can be postponed
to a certain period. Emergency patients need to be treated at once without lateness.

Though many researchers do not point out explicitly what type of patients they
mainly target at, the distinctions between elective and non-elective patients still should
be emphasized. One may notice that most papers focus on elective patients and ignore
the problems arose in non-elective patients. Compared to non-elective patients, the
literature on elective patients planning and scheduling is rather vast.

Elective surgeries can be either conventional or ambulatory (Marques et al. 2014).
Conventional surgeries correspond with inpatient surgeries, and ambulatory surgeries
correspond with outpatient surgeries. Elective patients are treated within a limited
supply ofORblocks, namely sessions. Elective surgery scheduling problem consists of
assigning an intervention date, a starting time and an OR for elective surgeries selected
from the hospital waiting list (Marques et al. 2015). For most hospitals, the elective
cases predominate in the ORs capacity, and because of the limited scheduling space
for non-elective patients, most studies in this area are on elective patient scheduling,
as can be seen from Table 5.

Non-elective surgery introduces more uncertainty to the problems, in arrival and
duration, and the demand for resources during their stay in the hospital. It can be found
from Table 5 that there is hardly any research on planning and scheduling for non-
elective patients without inclusion of elective patients. Essen et al. (2014) consider
the arrival and admission of both elective and non-elective patients when determin-
ing a OR-schedule. However, they only consider the expected number of emergency
patients, and at the same time, the stochastic nature of the arrival process of emer-
gency patients is not taken into account. Lamiri et al. (2008b) model their problem
of OR planning with elective patients and emergent patient, including assigning elec-
tive surgeries to different blocks to minimize the expected overtime costs as well as
elective cases related costs such as waiting time costs and hospitalization costs. The
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capacity ability of the OR is shared by two competing patient types: elective patients
that need to be planned ahead of time; and emergency patients that must be treated on
the day of arrival. Similarly, emergency patients arriving in a certain period of time
will be carried out in the same period, regardless of the existing capacity.

Although plenty of studies show that the uncertainty factors such as emergency
requirements in OR planning are extremely important, researchers all use the deter-
ministic optimization model in the existing OR planning methods, and the hospital is
supposed to use dedicated ORs to serve emergency patients, or to use a fixed portion
of the capacity to perform emergency operations (Lamiri et al. 2008b). Wullink et al.
(2007) compare two approaches of reserving OR time for emergency surgery. The
first approach is reserving the dedicated emergency ORs and an emergency case is
operated immediately if the dedicated OR is empty, and in the second approach, an
emergency patient is performed once one of the ongoing elective surgeries has ended.
A discrete event simulation is used to model the real situation. The results show that
emergency patients are operated upon more efficiently on elective ORs instead of a
dedicated Emergency OR.

5 Problem features

Based on the features of specific problems, we take the uncertainty, different objective
functions, certain requirements and multiple stages as the classifications. In Tables 6
and 7, we list the relevant papers where the surgery durations are stochastic and
deterministic respectively with other important features taken into account.

5.1 Uncertainty

The literature on OR scheduling shows that the uncertainty of surgery duration is
inherent to surgical services. Clearly, uncertainty is an impacting issue due to the highly
variable nature of surgical cases (Vancroonenburg et al. 2015). The consideration
of uncertainty in surgery durations and emergency interventions can make the OR
scheduling problems quite different from the deterministic ones. Such uncertainty
or variability is commonly ignored in many OR planning and scheduling problems
which assuming deterministic surgery durations, while stochastic approaches try to
incorporate it. In addition to duration uncertainty, the inherent uncertainty in surgeries
such as the unforeseen arrival of an emergency patient also has impact on the surgery
schedule.

Besides duration uncertainty and arrival uncertainty, some other forms of uncer-
tainty for example on resources and care requirement are also considered by
researchers. These topics have obtained increasing attention in the relevant papers.
Recent paperswhich are classified in duration uncertainty, arrival uncertainty, resource
uncertainty, and care requirement uncertainty are listed in Table 8. Figure 2 shows the
trend of the number of papers in different uncertainty. We can find that duration uncer-
tainty attracts more attention from researchers than other uncertainties in recent years.
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Table 8 Various forms of uncertainty considered in the literature

Duration uncertainty Koppka et al. (2018), Kroer et al. (2018), Ng et al. (2017), Berg and
Denton (2017), Fügener et al. (2017), Rath et al. (2017), Rachuba
and Werners (2017), Guda et al. (2016), Addis et al. (2016),
Molina-Pariente et al. (2015a), Arcidiacono et al. (2015),
Vancroonenburg et al. (2015), Saadouli et al. (2015), Zhang and
Xie (2015), Bruni et al. (2015), Addis et al. (2014), Silva et al.
(2015), M’Hallah and Al-Roomi (2014), Wang et al. (2014),
Cardoen et al. (2009b), Zhang et al. (2014), Sperandio et al.
(2014), Choi and Wilhelm (2014b), Lee and Yih (2014), Agnetis
et al. (2014), Guo et al. (2014), Lehtonen et al. (2013), Shylo
et al. (2013), Erdogan and Denton (2013), Kong et al. (2013),
Herring and Herrmann (2012), Choi and Wilhelm (2012), Day
et al. (2012), Gul et al. (2011), Batun et al. (2011), Persson and
Persson (2010), Min and Yih (2010b), Denton et al. (2010), Valls
et al. (2009), Cardoen and Demeulemeester (2008), Chaabane
et al. (2008), Denton et al. (2007) and Beliën and
Demeulemeester (2007)

Arrival uncertainty Kroer et al. (2018), Rachuba and Werners (2017), Latorre-Núñez
et al. (2016), Guda et al. (2016), Barz and Rajaram (2015),
Astaraky and Patrick (2015), Xiang et al. (2015a), Ferrand et al.
(2014), Zhang et al. (2014), Holte and Mannino (2013), Day et al.
(2012), Min and Yih (2010a), Persson and Persson (2010),
Denton et al. (2010), Cardoen et al. (2009a, b), Cardoen and
Demeulemeester (2008) and Punnakitikashem et al. (2008)

Resource uncertainty Doulabi et al. (2016a), Marques et al. (2015), Vancroonenburg et al.
(2015), Kim and Mehrotra (2015), Marques and Captivo (2015),
Molina-Pariente et al. (2015a, b), Saadouli et al. (2015),
M’Hallah and Al-Roomi (2014), Zhao and Li (2014),
Vijayakumar et al. (2013), Holte and Mannino (2013), Chan and
Green (2013), Editor and Hillier (2011), Cardoen (2011), Su et al.
(2011), Gul et al. (2011), Riise and Burke (2011), Min and Yih
(2010b), Cardoen et al. (2009b), Valente et al. (2009), Cardoen
and Demeulemeester (2008), Lamiri et al. (2007), Jebali et al.
(2006), Lebowitz (2003), Hsu et al. (2003), Ozkarahan (1995,
2000) and Macario et al. (1995)

Care requirement uncertainty Guo et al. (2016), Barz and Rajaram (2015), Guo et al. (2014), Aij
et al. (2014), Martinelly et al. (2014), Yahia et al. (2014), Matta
et al. (2014), Holte and Mannino (2013), Lim et al. (2012),
Punnakitikashem et al. (2008), Belien and Demeulemeester
(2005); Beliën and Demeulemeester (2008), Bolduc (1996) and
Stull (1991)

5.1.1 Duration uncertainty

Surgery duration refers to the processing time of the surgery. Duration uncertainty
refers to the deviations between the actual and the planned durations of relevant activ-
ities during the surgical process. The uncertainty of surgery duration is mainly caused
by the patient condition, the skill of the surgeon and any other factors that can make
the surgery smooth or not (Molina-Pariente et al. 2015a). Furthermore, the duration
depends on the surgical specialty such as orthopedic, cardiac, or neurological. Uncer-
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Fig. 2 A tendency chart of the number of papers in different uncertainties

tain actual surgery duration is a significant factor in surgery planning and scheduling
problems,whichmakes the problemsmuchmore challenging. Some researchers incor-
porate induction andwaking up time in surgery duration since these procedures are also
performed in the OR (Saadouli et al. 2015; Fei et al. 2010). How to model the stochas-
ticity of surgery durations is a key factor in practice, and the assumptions on surgery
duration distributions have great effect on the resulted overtime and idle time of the
ORs (Guda et al. 2016). The researchers either assume that the duration of operation
is a random probability distribution, or use Monte Carlo simulation (Zhu 2011). Three
distributions are often used to model the surgery duration, i.e., the lognormal, gamma,
and normal. In some cases, researchers predict the surgery duration for each procedure
individually, and assign the starting time based on the desired sequencing rule. For
example, Rath et al. (2017) develop a two-stage, mixed-integer stochastic dynamic
programming model using a data-driven robust optimization method. The resources
are allocated to elective surgeries with uncertain durations and the sequence of surg-
eries is prescribed. Lehtonen et al. (2013) use duration categories in case scheduling
to improve OR productivity. They develop a practical scheduling system at the depart-
ment of orthopedic through detailed analysis of surgery durations, considering the
advantages of both surgery categorization and newsvendor model to surgery schedul-
ing. To hedge against the uncertainty in surgery durations, researchers adopt variety of
methods (Beliën and Demeulemeester 2007; Vancroonenburg et al. 2015; Zhu 2011;
Denton et al. 2007, 2010; M’Hallah and Al-Roomi 2014). Denton et al. (2007) estab-
lish a stochastic optimization model and some practical heuristics to compute OR
schedules, which hedges against the uncertainty in duration. Zhu (2011)extend their
research into the dynamic scheduling with uncertain operation execution time using a
two-stage scheduling approach of ORs by a MIP and a multi-agent system.
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5.1.2 Arrival uncertainty

Arrival uncertainty refers to the unpredictable arrival of outpatients at the start of the
surgery operation. Researchers explore variable approaches to address the stochastic
problem about arrival (Min and Yih 2010a; Cardoen et al. 2009b, a). As one hand of
the relevance, allowing ample time to get into the hospital decreases the probability to
arrive late as a result of traffic uncertainty (Cardoen et al. 2009b).Min andYih (2010b)
provide a stochastic approach to the advance scheduling problem which considers the
uncertainty on surgery durations, emergency arrivals and the length of stay in the
ICU. Cardoen et al. (2009a) suggest that patients have a substantial trip distance after
a certain reference period. When these patients have more time to manage the travel,
they are more satisfied while there is less chance to arrive late at the hospital. Persson
andPersson (2010) use a discrete-event simulation to study theORplanning problemat
orthopaedic department, considering both uncertainty of patient arrival and operation
execution time. They use a discrete-event model to study how different management
policies affect different performance indicators and propose a scenario that is well
enough to meet the demand of uncertainty.

5.1.3 Resource uncertainty

In hospitals, balancing the operational costs and the service level is hard. In the prob-
lems of OR planning and scheduling, the constraints are mainly about the availability,
applicability, and usability of resources, including human resources and material
resources. A set of resource combination is open to certain cases on certain time in
certain place, while others may be unavailable or inapplicable. Only few researchers
pay attention to resource uncertainty. Assuming that some facility breaks down in
the OR before the surgery or when the surgery is still under way, it would lead to
postpone of the surgery until the facility is accessible again (Cardoen and Demeule-
meester 2008). We should note that resource uncertainty often coincides with arrival
uncertainty. Researchers are urged to pay special attention to allocate resources in
the best way possible. Erdem et al. (2012) develop a genetic algorithm to resched-
ule elective patients since the arrival of emergency patients may lead to the delay of
elective surgeries and the disruptions of patient flow if without adequate resources.
They provide hospitals with a reliable tool for making correct and timely decisions in
admitting emergency patients by proposing a novel chromosome structure to solve the
MILP model. Ferrand et al. (2010) compare the effect between focused and flexible
resource uncertainty on patient waiting time and hospital-staff overtime to handle the
flow of planned elective operations and unforeseen emergency operations.

5.1.4 Care requirement uncertainty

Except for duration, arrival and resource uncertainty, other types of uncertainty are
also studied, such as care requirement uncertainty. Punnakitikashem et al. (2008)
study the problem of assigning patients to nurses with the objective of minimizing
excess workload for nurses, considering the fluctuations and uncertainty of patient.
To solve the problem, they develop an IP model and adopt L-shaped method based
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on Benders decomposition. Holte and Mannino (2013) solve the medical resource
allocation problem that takes into account uncertain patients requirements for medical
care, such as the numbers and types of surgeries that will need to be scheduled. A
generalmodel is presented to generateMSSby a rowand columngeneration algorithm.

5.2 Objective functions

Essentially, all the objectives are aimed at maximizing efficient usage of the operating
theatre andminimizing the cost of resources.Researchers commonly solve the problem
of determining the sequence for the relevant patients, with the objective of minimizing
the sum of the expected waiting costs and the expected idling cost of the resources,
including the operating rooms and the team of doctors (Guda et al. 2016). Table 9
provides an overview of the main objective functions of the reviewed papers.

5.3 Certain requirements

In some papers, the certain requirements in the surgery process are taken into account,
for example, cleaning and disinfecting should be performed between two surgical
procedures in the same room. There is an obligatory cleaning of the OR additionally
after the surgical case of an infected patient such as MRSA infection (Cardoen et al.
2009b). This process results in a setup time between them. Marques et al. (2012c)
set the cleaning and disinfecting time to 30 min between two surgeries operated in
the same room. Doulabi et al. (2016a) present an effective algorithm for OR planning
problem, allowing the cleaning time when switching from infectious to noninfectious
cases. In their model, the starting time of an operation is later than the ending time
of the previous surgery adds any cleaning time. Cardoen et al. (2009b) state that the
cleaning is not needed when the next patient has the same infection exactly as the
previous one. Besides, Cardoen et al. (2009b) also point out that when the last patient
to be treated in an OR is infected, no additional cleaning is required to be performed
in that the OR is thoroughly cleaned before close time. Moreover, Riise et al. (2016)
point out that when an infected patient is situated at a surgery block that is followed by
a block of a different surgeon without infection, there is again an obligatory cleaning
and it must be entirely performed within the block of the infected patients surgery.

Besides the certain requirements originated from the surgery rules, there are also
some special demands from the patients. Sometimes, they should be treated with
special requirements and attention. For example, some patients, such as diabetics,
elderly, and children, must be performed on at the beginning of the day. Similarly,
some certain surgical specialties should be given higher priority. Researchers classify
surgical specialties in different ways. Marques and Captivo (2015) divide surgery
specialties into digestive and general surgery, thorax surgery, angiology and vascular
surgery, otorhinolaryngology and urology. When it turns to specific specialty, cardiac
surgeries and neurological surgeries have to be performed on a specific room (Silva
et al. 2015). Furthermore, the urgency of patients is also an important factor. It depends
on the presence of fast disease progression and the grade of pain or dysfunction and
disability. An emergent surgery can be treated as a surgery with the highest priority
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Table 10 Multi-stage scheduling problems in the literature

Two-stage Rath et al. (2017), Berg and Denton (2017), Kim and Mehrotra
(2015), Wang et al. (2015), Zhong et al. (2014), Qu et al. (2013),
Dekhici and Khaled (2010), Rizk and Arnaout (2012), Zhu
(2011), Batun et al. (2011), Fei et al. (2010), Punnakitikashem
et al. (2008), Wachtel and Dexter (2008), Denton et al. (2007),
Schedule (2006) and Hsu et al. (2003)

Three-stage Xiang et al. (2015b), Ma and Demeulemeester (2013), Day et al.
(2012), Editor and Hillier (2011), Ogulata et al. (2008), Testi
et al. (2007) and Ogulata and Erol (2003)

because it is generally admitted directly to an OR (Min and Yih 2010a). Castro and
Marques (2015) take three surgery priority levels into account. Priority one contains
deferred urgency surgeries that must be operated in the first planning day. Priority two
must be completed during the planning horizon, while the remaining surgeries can be
performed in a later period.

In addition, some related resource requirements are also considered in some papers,
including the materials, surgeons, and nurses. Materials refer to the types of the ORs,
availability of rooms, equipment and medical material (Vissers and Beech 2005; Van-
croonenburg et al. 2015; Martinelly et al. 2014). Surgeon preference and material are
taken into account in (Meskens et al. 2013). Nurse’s preference is also taken into
account by researchers. Pardalos et al. (2013) use the binary IP model to formulate
and solve the nurse scheduling problem that satisfies the nurse’s preference (NSP)
maximally.

5.4 Multiple stages

Considering the scope of the studied problem, some researchers divide the processes of
OR planning and scheduling into several stages, as shown in Table 10. Usually, the first
stage allocates the resources through multiple surgeries, and prescribes the sequence
of surgeries according to the resources. Thus, a scheduled start time for surgeries
can be provided under the assumption that each surgery should be scheduled as early
as possible. The second stage determines the actual starting time of surgical cases
and assigns overtime resources according to the implementation time of the previous
surgeries, so as to make sure that all operations are completed using the sequence
determined in the first stage (Batun et al. 2011). Most papers follow the above two-
stage process. Zhang et al. (2014) suggest amulti-stage stochastic programmingmodel
using a two-stage stochastic programming approximation strategy. Kim andMehrotra
(2015) propose a two-stage stochastic integer program with mixed-integer recourse.
Denton et al. (2010) describe a model which is a two-stage stochastic linear program
with binary decisions in the first stage and simple recourse in the second stage. Still,
some researchers divide the processes into three stages. Testi et al. (2007) propose a
three-phase approach for operating theatre schedules. In the first phase, the available
OR time is allocated among the wards. In the second phase, a MSS is developed and
in the third phase, the elective cases are scheduled in each allocated block.
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Table 11 Mathematical models in the literature

Bin-packing model Li et al. (2016), Vancroonenburg et al. (2015), Dios et al. (2015),
Molina-Pariente et al. (2015b), Agnetis et al. (2014), Vijayakumar
et al. (2013), Erdogan et al. (2011), Vlah et al. (2011), Batun et al.
(2011), Denton et al. (2010), Fei et al. (2010), Tànfani and Testi
(2010), Hans et al. (2008) and Marcon and Dexter (2006)

Flow-shop model Wang et al. (2015), Souki (2011), Fei et al. (2010), Pham and
Klinkert (2008), Chern et al. (2008), Lamiri et al. (2008a),
Schedule (2006), Jebali et al. (2006) and Guinet and Chaabane
(2003)

Stochastic model Kim et al. (2018), Guda et al. (2016), Saadouli et al. (2015), Bruni
et al. (2015), Jebali and Diabat (2015), Kim and Mehrotra (2015),
Tsai and Teng (2014), Wang et al. (2014), Erdogan and Denton
(2013), Mancilla and Storer (2012), Riise and Burke (2011),
Batun et al. (2011), Min and Yih (2010b), Fei et al. (2009, 2010),
Hans et al. (2008), Lamiri et al. (2008a, b), Denton et al. (2007)
and Marcon and Dexter (2006)

Multi-criteria model Marques et al. (2014, 2015), Marques and Captivo (2015), Batun
et al. (2011), Gul et al. (2011), Testi et al. (2007), Dexter et al.
(2005), Guinet and Chaabane (2003) and Ogulata and Erol (2003)

6 Mathematical models

Surgery planning and scheduling problems have been formalized in many different
models including bin-packing model, flow-shop model, stochastic model and multi-
criteriamodel, etc. In Table 11, we list themathematical models proposed in the papers
reviewed in this section.

6.1 Bin-packingmodel

Bin-packing model has been widely used to find the mix of surgical cases allocated to
multi-ORs (Dexter et al. 1999).Many researchers apply the bin-packingmodels forOR
planning optimization, and their outcomes are of high importance to the practitioners.
Under this circumstance, the ORs represent the bins and the surgeries represent the
items to be packed in the bins. The ORs are available for a fixed time during the day.
Two types of bin-packingmodels have been studied: on-line and off-line. In the on-line
bin-packing model, urgent operations are scheduled sequentially one at a time, while
in the off-line version, operations are batched and simultaneously assigned to ORs
(Erdogan et al. 2011). Marcon and Dexter (2006) apply first fit on-line bin packing
rule for selecting the cases to be moved. Vijayakumar et al. (2013)conceptualize the
surgery scheduling problem as an unequal-sized,multi-bin andmulti-dimensional dual
bin-packing problem which is the dual of bins required to assign a given set of items.
Testi et al. (2007) solve a bin packing-like problem to select the sessions for each
surgery group, but the bin packing-like model and its solution are currently applicable
to small problems only. Fei et al. (2010) regard the planning phase problem as a
resource-constrained bin packing problem after setting their hypotheses. Hans et al.
(2008) study the problem of assigning surgeries and sufficient planned relaxation time
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to surgical days with the objective of minimizing the total planned slack. They point
out that the intervention assignment problem is a generalization of general bin packing
problem with unequal bins. Smart algorithms are used and portfolio effect is exploited
to free much OR-capacity.

6.2 Flow-shopmodel

Since operations may go through several processes, it can be modeled as flow-shop
problem under such circumstance. Flow-shop model problem is known to be NP-
hard and has been addressed by several papers (Pham and Klinkert 2008; Jebali et al.
2006; Fei et al. 2010; Guinet and Chaabane 2003; Souki 2011). Guinet and Chaabane
(2003) and Wang et al. (2015) model the daily scheduling problem as a two-stage
no-wait hybrid flow-shop problem. Wang et al. (2015) study a daily schedule problem
related to the patient flow including ORs and post-anesthesia care unit. Combined
with heuristic rules, a discrete particle swarm optimization algorithm is employed to
give the optimal number of daily open ORs and recovery beds. The daily scheduling
problem depending on the results obtained in the planning phase, is regarded as a
two-stage flow-shop problem in Souki (2011) and has been addressed in Fei et al.
(2010), Jebali et al. (2006), Guinet and Chaabane (2003) and Vancroonenburg et al.
(2015).

6.3 Stochastic model

OR planning and scheduling problem is commonly solved in deterministic way for
simplicity where the duration of the operations is assumed to be deterministic without
fluctuation. However, in real situations, even the same type of surgery operated by the
same surgeon may be of different durations, that is, it should be stochastic. Recently,
more and more researchers solve OR planning problems by stochastic mathematical
programming model (Kim and Mehrotra 2015; Guda et al. 2016; Min and Yih 2010a;
Lamiri et al. 2008b). Guda et al. (2016) study a surgical scheduling problem as a single-
machine earliness/tardiness problem(SET) in stochastic scheduling theory, with the
order of processing and the due-dates as decisions. Min and Yih (2010a) propose a
two-stage stochastic programmingmodel for elective surgery case scheduling problem
and solve the model using the sample average approximation. Erdogan and Denton
(2013) formulate themodel as a two-stage stochastic linear program. In the first model,
patients may not show up at the expected arrival time while in the second model,
patients are scheduled dynamically one by one after they apply appointments.

6.4 Multi-criteria model

The multi-criteria model commonly considers multiple objective functions. Only a
few papers consider explicitly a multi-criteria approach. Gul et al. (2011) develop a
discrete event simulation model to compare several heuristics for scheduling an Out-
patient Procedure Center. Also, they use a bi-criteria Genetic Algorithm to get better
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solutions for the daily scheduling problem and investigate the efficiency of the algo-
rithm under the circumstance in which surgeries are allowed to be moved to other
days. Marques et al. (2015) settle a bi-criteria problem composed of assigning an
intervention date, a starting time and an OR for elective surgeries by developing a
constructive and improving heuristic to search for efficient solutions. The bi-criteria
approach performswell to build surgical plans. In another article,Marques andCaptivo
(2015) provide a bi-criteria evolutionary algorithm for an elective surgery scheduling
problem of a public hospital. It is an evolutionary algorithm to approximate the set of
non-dominated solutions of this bi-criteria optimization problem. Testi et al. (2007)
propose optimization models for the weekly scheduling of ORs. They distribute OR
time among the wards according to different criteria, such as financial criteria, histor-
ical utilization and waiting list. Gul et al. (2011) compare twelve different heuristics
of sequencing and patient appointment time setting, regarding two competing criteria
of OR overtime and patient waiting time. They also prove that the bi-criteria genetic
algorithm is effective in allowing surgery to be changed to other days.

7 Solutions andmethods

A variety of effective solutions and methods has been developed for solving surgery
planning and scheduling problems. Solution approaches for the optimization problem
vary from exact approaches to meta-heuristics. These choices are determined by the
size and complexity of the problem. We divide the solutions and methods into exact
algorithms, heuristics, simulations and Markov decision process as Table 12 shows.

7.1 Exact algorithms

Exact algorithm refers to an algorithm that always finds the optimal solution to an
optimization problem, as opposed to heuristics that may sometimes produce worse
solutions and a subset of these are the approximation algorithms. Exact algorithms
are usually used for small-scale instances. Table 13 lists the various exact solutions
or evaluation techniques that are applied to our problem settings. We classify exact
algorithms as column generation, dynamic programming, branch and cut, branch and
bound and branch-and-price.

7.1.1 Column generation

Many researchers use the column generation algorithm to solve the problem, espe-
cially in combinatorial optimization problem. Fei et al. (2006) solve aweekly operating
room planning problem of allocating patients to blocks using a column-generation-
based heuristic and address the following daily operating room scheduling problem of
determining the sequence of the patients with a hybrid genetic algorithm. In another
paper, Fei et al. (2010) also discuss these two problems but consider the availability of
recovery beds at the same time. The planning problem is described as a set-partitioning
integer-programming model and also solved by a column-generation-based heuristic
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Table 12 Solutions and methods in the literature

Exact algorithms See Table 13

Heuristic algorithms See Table 14

Simulations

Monte Carlo simulation Huang et al. (2018), Landa et al. (2016), Truong (2015), Lee and
Yih (2014), Pulido et al. (2014), Lamiri et al. (2009), Hans et al.
(2008), Denton et al. (2007) and Lamiri et al. (2007)

Discrete-event simulation (DES) Koppka et al. (2018), Bam et al. (2017), Xiang et al. (2015a),
Saadouli et al. (2015), Van Der Kooij et al. (2015), Baesler et al.
(2015), Brown et al. (2014), Peng et al. (2014), Ma and
Demeulemeester (2013), Niu et al. (2013), Lehtonen et al. (2013),
Saremi et al. (2013), Gul et al. (2011) and Marcon and Dexter
(2006)

Others Díaz-lópez et al. (2018), Kim et al. (2018), Rachuba and Werners
(2017), Bai et al. (2017), Molina-Pariente et al. (2015a), Astaraky
and Patrick (2015), Zhang and Xie (2015), Marques and Captivo
(2015), Hosseini and Taaffe (2015), Wang et al. (2015), Liang
et al. (2015), Arcidiacono et al. (2015), M’Hallah and Al-Roomi
(2014), Matta et al. (2014), Agnetis et al. (2014), Cai et al.
(2014), Zhong et al. (2014), Abdeljaouad et al. (2014), Zhang
et al. (2014), Chan and Green (2013), Paul and MacDonald
(2013), Chandoul et al. (2012), Day et al. (2012), Marques et al.
(2012a, b), Shylo and Prokopyev (2012), Schütz and Kolisch
(2012), Hall (2012), Agnetis et al. (2012), Su et al. (2011), Price
et al. (2011), Joustra et al. (2011), Min and Yih (2010b),
Kapamara and Petrovic (2009), Zhang et al. (2009), Arnaout and
Kulbashian (2008), Testi et al. (2007), Vissers and Beech (2005),
Ogulata and Erol (2003), Hsu et al. (2003), Marcon et al. (2003),
Dexter et al. (1999) and Weiss (1990)

Markov decision processes (MDPs) Astaraky and Patrick (2015), Barz and Rajaram (2015), Schütz and
Kolisch (2012)

Table 13 Exact algorithms in the literature

Column generation Day et al. (2012), Fei et al. (2006, 2010), Cardoen et al. (2009b),
Beliën and Demeulemeester (2008), Oostrum et al. (2008) and
Lamiri et al. (2008a)

Dynamic programming Rath et al. (2017), Truong (2015), Astaraky and Patrick (2015),
Bastian et al. (2015), Wang et al. (2014), Zhang et al. (2014),
Herring and Herrmann (2012), Liu et al. (2011), Augusto et al.
(2010), Cardoen et al. (2009b), Beliën and Demeulemeester
(2008) and Fei et al. (2008)

Branch and bound Li et al. (2016), Bastian et al. (2015), Cardoen et al. (2009a),
Fügener et al. (2014), Oostrum et al. (2008) and Cardoen et al.
(2009a)

Branch and cut Kim and Mehrotra (2015), Cardoen et al. (2009a), Erdogan and
Denton (2013), Chan and Green (2013) and Batun et al. (2011)

Branch and price Doulabi et al. (2016a), Ma et al. (2011), Cardoen et al. (2009b), Fei
et al. (2008), Beliën and Demeulemeester (2008), Purnomo and
Bard (2007) and Barnhart et al. (1998)
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procedure. Beliën and Demeulemeester (2008) study both the nurse and the operat-
ing room scheduling process using column generation approach. They find the legal
column with the most negative reduced cost and finally establish surgery and nurse
schedules with considerable savings achieved.

7.1.2 Dynamic programming

The dynamic programming algorithm is an implicit enumeration technique implied as
a discrete optimization method for sequential decision-making. For a given prob-
lem, dynamic programming algorithms solve different parts of the problem (i.e.,
sub-problems), where each sub-problem involves a subset of the decisions. Augusto
et al. (2010) study the effect of allowing patients to recover in OR when recovery
bed is unavailable. They use dynamic programming to solve several sub-problems
separately in order to obtain the optimal start times for each patient. Generally,
dynamic programming optimization algorithm is used to address the pricing prob-
lem to produce a column with the most negative reduced cost and validate its high
computational efficiency especially when compared with a mixed integer linear pro-
gramming methodology. Wang et al. (2014) apply a dynamic programming algorithm
to address an operating room allocation problem. They develop a stochastic model to
minimize the overall surgical cost when surgery durations and emergency demands
are taken into account. Cardoen et al. (2009b) state a surgical case sequencing problem
in which the sequence of patients in the OR of an independent outpatient unit has to
be determined. They use a dynamic programming approach and a mixed integer linear
programming approach to solve the NP-hard problem.

7.1.3 Branch-and-bound

Another effective way to find the optimality solution is branch-and-bound. Li et al.
(2016) utilize a lower bound with a guaranteed performance. The branch-and-bound
algorithmdealswith the spread constraints that a surgeonmaywish to have all his cases
scheduled either in the morning or the afternoon. Cardoen et al. (2009a) formulate a
multiple objective optimization model for the daily scheduling of ORs. They point out
that implicit enumeration through branch-and-bound is beneficial to solve the surgical
case scheduling problem. Based on integer programming and branch-and-bound, they
introduce exact algorithms and heuristic algorithms. They select a depth-first approach
and make the combinations of the branching schemes. Li et al. (2016) study the
problem of rescheduling surgery start times to reduce OR costs of staffing. Based
on a lower bound construction algorithm, they use the lower bound in a branch-and-
bound algorithm to solve the rescheduling problem and study how rescheduling affects
surgeons delays and overtime.

7.1.4 Branch-and-cut

Branch-and-cut is a method of combinatorial optimization to solve integer linear pro-
grams, and it involves running a branch-and-bound algorithm and using cutting planes
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to tighten the linear programming relaxations.An integer L-shaped algorithm iswidely
used in an branch-and-cut framework (Kim andMehrotra 2015; Chan andGreen 2013;
Batun et al. 2011). Batun et al. (2011) state a two-stage stochastic mixed integer pro-
gramming model aimed at minimizing overall costs during operations and in this way,
measure the benefits of pooling the ORs as a shared resource. They employ a L-shaped
algorithm within a branch-and-cut framework to solve the main problem by adding
the optimality cuts during branch and bound. Kim and Mehrotra (2015) study the
problem of determining staffing schedules considering uncertain demand, and adjust
the schedules a few days before the actual date. They present two methods to enhance
the standard integer L-shaped, in the form of a multi-cut aggregation approach and in
the form of pre-identifying thin branching directions. Based on auxiliary branching
variables, they find new directions for branch-and-cut processes. The CPU time is
demonstrated to be greatly improved during the branch-and-cut stage.

7.1.5 Branch-and-price

The philosophy of branch-and-price is similar to that of branch-and-cut except that the
procedure puts emphasis on column generation instead of row generation (Fei et al.
2008; Doulabi et al. 2016b; Cardoen et al. 2009b). Fei et al. (2008) study a problem
of assigning surgical cases aimed at minimizing total operating cost. They design a
branch-and-price algorithm which combines branch-and-bound method with column
generation method to solve it. In the probem, each node is a linear relaxation prob-
lem of a set partitioning problem and is solved by a column generation method. In
the same way, Cardoen et al. (2009b) solve a problem of sequencing daily surgical
cases by a dynamic programming approach and embed the column generation loop
in an enumerative branch-and-price framework to obtain integer variables. They pro-
pose several branching schemes and branching strategies and compare the influence
on the quality of solutions. Beliën and Demeulemeester (2008) develop an integrated
model for nurses and ORs scheduling problem. Column generation approach is used
to cope with it. They propose a constraint branching scheme and introduce some tech-
niques to improve the performance of the branch-and-price algorithm. Perdomo et al.
(2008) propose a new integer programming model for cyclic and preference schedul-
ing of nurses and employ a branch-and-price algorithm to find optimal solutions. The
algorithm takes advantage of several branch rules and an efficient rounding heuristic
algorithm.

7.2 Heuristics

Table 14 lists the various heuristics that are used to find optimal solutions for differ-
ent problem settings in the literature. We divide these heuristics into six categories:
heuristics based on exact methods, constructive heuristics, improvement heuristics,
metaheuristics, linear programming (LP) based heuristics and dispatching-rule based
heuristics.

Heuristics based on exact methods include heuristic branching strategy (Li et al.
2016; Kim and Mehrotra 2015; Astaraky and Patrick 2015; Fügener et al. 2014; Car-
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doen et al. 2009a;Erdogan andDenton2013;Batun et al. 2011;Maet al. 2011;Oostrum
et al. 2008; Cardoen et al. 2009a; Barnhart et al. 1998), column generation(CG) based
heuristic (Kim and Mehrotra 2015; Wang et al. 2014; Cardoen et al. 2009a; Barn-
hart et al. 1998; Ma et al. 2011; Cardoen et al. 2009b; Lamiri et al. 2008a; Oostrum
et al. 2008; Beliën and Demeulemeester 2008), dynamic programming (DP) (Guido
and Conforti 2017; Ceschia and Schaerf 2016; Doulabi et al. 2016a; Molina-Pariente
et al. 2015b; Truong 2015; Astaraky and Patrick 2015; Dios et al. 2015; Xiang et al.
2015a; Wang et al. 2014; Zhang et al. 2014; Saremi et al. 2013; Erdogan and Denton
2013; Herring and Herrmann 2012; Carter et al. 2012; Liu et al. 2011; Fei et al. 2006,
2008, 2009, 2010; Augusto et al. 2010; Cardoen et al. 2009b; Lamiri et al. 2008a;
Perdomo et al. 2008; Beliën and Demeulemeester 2008; Marcon and Dexter 2006)
and others (Fügener et al. 2014; Fei et al. 2008, 2009, 2010; Lamiri et al. 2008c;
Beliën and Demeulemeester 2008; Lamiri et al. 2007; Denton et al. 2007; Fei et al.
2006; Guinet and Chaabane 2003). Cardoen et al. (2009b) report on the application
of mixed integer programming (MIP) to optimize operational daily schedules. They
employ iterated mixed integer linear programming (MILP) procedures plus a heuristic
branch-and-bound (B&B) procedure and compare with the results in Cardoen et al.
(2009a). Fei et al. (2010) describe a planning problem to decide the date of surgery for
each patient that minimizes the overtime cost in ORs and report on a daily schedul-
ing problem to decide sequence of surgeries that minimizes the idle time between
surgeries. They solve the planning problem by a column-generation-based heuristic
(CGBH) algorithm and cope with the scheduling problem by a hybrid genetic algo-
rithm, using a tabu search procedure as the local improved operator. They validate the
performance of the column-generation-based heuristic (CGBH) algorithm through a
comparison between the schedules generated by theirmethod and the actual schedules.
In another article, Fei et al. (2009) use an open scheduling strategy in themathematical
model to assign surgeries during 1 week. They apply a dynamic programming proce-
dure to assist an explicit column generation procedure to find the optimal solution of
the linear master problem.

In Table 14, we also present the constructive heuristics existing in the literature
for solving OR scheduling problem (Li et al. 2016; Doulabi et al. 2016a; Marques
et al. 2012a, 2015; Marques and Captivo 2015; Molina-Pariente et al. 2015b; Liu
et al. 2011; Fei et al. 2010; Lamiri et al. 2009; Hans et al. 2008; Guinet and Chaabane
2003; Dexter et al. 1999). Hans et al. (2008) provide numerous constructive heuristics
and local search methods that use the statistical data of the surgery durations to take
advantage of the portfolio effect and thus to minimize the slack. It proves that their
method releases a large amount of OR capacity and therefore additional operations
can be performed.

Furthermore, we summarize the improvement heuristics in the literature for solving
OR scheduling problem (Marques et al. 2012b, 2015; Fügener et al. 2014; Niu et al.
2013; Carter et al. 2012; Vlah et al. 2011; Lamiri et al. 2009; Cardoen et al. 2009b;
Hans et al. 2008; Lamiri et al. 2008c, 2007). For example, Lamiri et al. (2009) pro-
pose four improvement heuristics, which are sequential improvement heuristic, local
optimization heuristic, pair-wise switching heuristic and multi-start heuristic. They
compare the performance of these methods for elective surgery planning in numerical
experimentations.
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Meta-heuristics is widely chosen for the optimization problem. In combinatorial
optimization, by searching over a large set of feasible solutions, metaheuristics can
often find good solutions with less computational effort than optimization algorithms,
iterative methods, or simple heuristics.We incorporate genetic algorithm (GA) heuris-
tic (Guido and Conforti 2017; Marques et al. 2012c, 2014; Roland et al. 2010; Fei
et al. 2010; Cardoen et al. 2009b; Fei et al. 2006), simulated annealing (SA) heuristic
(Ceschia and Schaerf 2016; Baesler et al. 2015; Ceschia and Schaerf 2011; Beliën
et al. 2009), tabu search (TS) based heuristic (Niu et al. 2013; Saremi et al. 2013;
Mancilla and Storer 2012; Hsu et al. 2003), variable neighborhood search (VNS)
(Molina-Pariente et al. 2015b; Vancroonenburg et al. 2015; Vlah et al. 2011; Fei et al.
2009), ant colony optimization (ACO) heuristic (Xiang et al. 2015a) and others (Riise
et al. 2016; Aringhieri et al. 2015b; Schmid and Doerner 2014; Abdeljaouad et al.
2014; Vlah et al. 2011) into meta-heuristics. Guido and Conforti (2017) apply a novel
genetic algorithm to manage ORs and plan surgeons, and allow to update waiting
lists status and staffing availability for the following cycle. They construct an initial
population with suitable and semi-feasible sets of chromosomes, which is the seed for
the evolving computational process. Ceschia and Schaerf (2016) extend their study
to consider constraints on the utilization of ORs for patients in the patient admission
scheduling problem. A simulated annealing metaheuristic is proposed based on local
search to search for optimal solutions. Saremi et al. (2013) present three simulation-
based optimization methods to cope with surgery appointment with the objective of
minimizing the patients waiting time, which are simulation-based tabu search, integer
programming enhanced tabu search and binary programming enhanced tabu search.
They consider the limited availability of various kinds of resources and the compatibil-
ity of surgeon and patient categories. Vlah et al. (2011) develop a heuristic algorithm
based on variable neighborhood search to solve the management problem under the
restrictions of hospitals medical condition and medical machines. They prove that the
heuristic algorithm performs better than both commercial software and calculating by
hand. Xiang et al. (2015a) study a surgery scheduling problemwith arrival uncertainty,
in which they allocate the resources to the scheduled surgeries so that the balance of
resource utilization can be ensured. They propose an ant colony optimization algo-
rithm based on the similarities of flexible job shop scheduling problem. The features of
positive feedback and self-organizing in ant colony optimization algorithm are proved
to perform well in the uncertainty.

Dispatching-rule based heuristics include first fit decreasing (FFD)-based heuris-
tic (Roshanaei et al. 2017b; Vijayakumar et al. 2013), relax-and-fix heuristic (Silva
et al. 2015; Denton et al. 2007), lagrangian relaxation heuristic (Augusto et al. 2010;
Perdomo et al. 2008), heuristic of first-come-first-served (FCFS) (Xiang et al. 2015a),
longest processing time (LPT) heuristic (Baesler et al. 2015; Abdeljaouad et al. 2014;
Denton et al. 2010; Marcon and Dexter 2006; Ozkarahan 1995), shortest processing
time (SPT) heuristic (Baesler et al. 2015; Marcon and Dexter 2006), first-in-first-out
(FIFO) heuristic (Baesler et al. 2015) and others (Xiang et al. 2015a; Pulido et al.
2014; Zhang et al. 2014; Cardoen et al. 2009a; Herring and Herrmann 2012; Denton
et al. 2007). Vijayakumar et al. (2013) propose an efficient first fit decreasing-based
heuristic. In FFD heuristic, they first sort cases based on the priorities, and then use
several rules based on the expected surgery times to break the ties. Finally, they assign
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the sorted cases one-by-one according to an assignment rule to derive a complete
schedule. Roshanaei et al. (2017b) solve the packing sub-problems via the first fit
decreasing-based heuristic to find a feasible solution with the advantage that they
can detect optimal sub-problems without solving them. Silva et al. (2015) discuss the
problem of assigning surgeries in accordance with staffings skills to maximize the
ORs utilization. They employ linear programming-based heuristic to construct a can-
didate surgery assignments and use the relax-and-fix heuristic to solve the optimality
gap in the computational experiments. Augusto et al. (2010) study the OR scheduling
problem in which patients are allowed to recovery in the OR when recovery beds are
unavailable, taking into account transporters, ORs and recovery beds. They propose a
Lagrangian relaxation-basedmethod and validate the efficiency of the method through
numerical experiments. Baesler et al. (2015) present a discrete-event simulationmodel
to study the OR scheduling problem in which pre-operative and post-operative, setup
and recovery are taken into account. They implement three dispatching rules, shortest
processing time, longest processing time and first-in-first-out combined with a SA
algorithm to search for better patient schedules.

7.3 Simulations

Simulation tests are conducted to further evaluate the performance of proposedmodels
for awider range of cases. Simulationmodels aremore flexible in terms of assumptions
about the probability distributions of surgery durations, although they do not provide
closed form solutions like the queuing models. Many studies consider the simulation
in the problem of planning and scheduling of OR, especially in the stochastic prob-
lem. The input of the simulation depends on the assumptions of the problems, for
example, whether the duration of the surgical cases or the arrival time of the patients
are stochastic. Ogulata and Erol (2003) point out that distribution of operation time
types has an important influence on the optimum capacity utilization via the analysis
of variance conducted on the simulation. Astaraky and Patrick (2015)study the prob-
lem of scheduling patients in a multiple level system. They apply a simulation-based
approach to Policy Iteration method to identify when it is necessary to use overtime
of ORs as well as take advantage of downstream resources.

As is shown in Table 12, we divide simulations into Monte Carlo simulation,
Discrete-event simulation (DES) and others.Monte Carlo simulation is wildly used for
scenario reduction (Pulido et al. 2014; Lamiri et al. 2008b). Lamiri et al. (2008b) pro-
pose aMonteCarlo optimizationmethodwhich combines bothMonteCarlo simulation
andmixed integer programming (MIP). They useMonte Carlo simulation algorithm to
estimate the exact cost of each resulting optimal solution. Discrete-event simulation
(DES) is also commonly used in the experiments. M’Hallah and Al-Roomi (2014)
propose a discrete event simulation method for the problem of off-line and on-line
planning and scheduling of surgeries with the goal of ORs utilization enhancement.
They compare the output of the simulation model with the actual situation and validate
the efficiency. Hosseini and Taaffe (2015) calculate the number of ORs and describe a
model to assign models to surgeons. They use a trace-driven simulation, which allow
them to observe how well the blocks could accommodate the actual surgical demands.
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7.4 Markov decision process (MDP)

Markov Decision Process (MDP) is useful to study a wide range of optimization
problems which can be solved via dynamic programming and reinforcement learning.
They are used in a wide area of disciplines, including health care, robotics, automatic
control, economics, and manufacturing. MDPs is the most useful stochastic dynamic
programming method for dealing with the allocation of patients to server and appoint-
ment day and time (Ahmadi-Javid et al. 2017). Astaraky and Patrick (2015) present a
MDPmodel to schedule patients into a predestined master surgical scheduling. Schütz
and Kolisch (2012) describe the OR scheduling problem as a continuous-time MDP
and solve it through simulation-based approximate dynamic programming combined
with a discrete event simulation (DES) of the service period. Barz and Rajaram (2015)
study a problem of patient admission and scheduling that maximizes expected contri-
bution net of overbooking costs. They describe the control process as a MDP and use
dynamic programming to derive an upper bound bounds so as to get approximated
marginal values for decision makers.

8 Conclusions

Operating roomplanning and scheduling is a complex and challenging task.We review
the literature from the perspectives of decision level, scheduling strategy, patient clas-
sifications, problem features (e.g., uncertainty and objectives), mathematical models,
solutions and methods. The studies reviewed in this paper clearly indicate that dif-
ferent decisions in different levels have a significant effect on the performance of
the surgical center. It is a decision procedure over a relatively long period, including
short-time planning,medium-time planning and long-time planning to satisfy different
needs of hospital managers. We notice that most of the research is directed towards
the scheduling problem within everyday horizon, which is very close to the actual
situation. Although long-term schedule is convenient for surgeons and patients to plan
their personal time in advance, there are sometimes minor changes in the waiting list
of patients for dealing with emergencies. Nowadays, although a great deal of theoret-
ical work has been published, none of them seems to have a profound effect on the
real-word practice of OR management. With regard to the primary purpose of future
research, there is still a lot to do to narrow the gap between theory and practice. We
will conduct the survey along this line to make more efficient surgical research in OR
scheduling in the future.

Uncertainty is inherent to surgical services and cannot be ignored. Next to the
uncertainty in the case of emergencies, researchers should also put effort into the
study of stochastic surgical durations and the influence on the surgical center practice.
Meanwhile, based on the study of uncertainty, a better integration of the compatible
resources should be favored. Until now, only half contributions take such integration
into account. We recognize that this proposal expands the scope of the problem again,
while also increasing the difficulty of obtaining reasonable results quickly. Thus, rig-
orous research is required to reveal the dynamics of a wider range of environmental
factors on uncertainty of OR scheduling.

123



Journal of Combinatorial Optimization

The analysis of the literature reveals that researchers are paying more attention
to the problems of combined resources with an increased complexity. Accordingly,
it may be useful to find new and more comprehensive performance indicators that a
manager should consider. In addition, we can further explore the relationship between
policy and case-mix, duration features and availability of ORs.
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