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Abstract

The growing number of publications on Operating Room Scheduling (ORS) in
recent years reflects the rapid advancements in the field. This review aims to com-
prehensively analyze the historical developments and evolving trends in operating
room scheduling by systematically examining the literature from 2000 to 2023.
A multi-database search, including Scopus, Web of Science, PubMed, ProQuest
and IEEE Xplore was employed to ensure the inclusion of key studies. This paper
presents a review of the factors, descriptive fields, and key issues in operating room
scheduling. It also focuses on optimization techniques and solution approaches for
both deterministic and uncertain conditions. Special attention is given to real-world
constraints, such as resource limitations, staff availability and patient variability
which significantly impact scheduling. The review identifies that ORS research cov-
ers a broad spectrum of problems and solutions, with no singular research trend
dominating the field. This indicates that researchers are tackling diverse challenges
across various contexts. The final section outlines the significant pitfalls and pro-
poses future research directions, including the integration of emerging technologies
and sustainability considerations. This review is a valuable resource for researchers,
practitioners, and academicians in healthcare operations and hospital management,
offering insights into current practices and future opportunities for innovation in
ORS.
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1 Introduction

A significant amount of research on operating room scheduling problems has been
carried out, focusing on the different parameters. Previous research highlighted ORS
problems from different points of view like importance of ORS in healthcare man-
agement, how important to optimize the ORS methods, modeling and solution tech-
niques and application areas ORS related research. The development of algorithms,
techniques and decision support systems to enhance resource utilization, patient
priority, surgeon scheduling and emergency readiness have been the main topics of
earlier research on operating room scheduling and optimization. Effective scheduling
techniques can result in improved healthcare delivery, higher patient satisfaction, and
more efficient use of scarce resources [1-4].

Operating rooms have been identified as a crucial financial aspect of hospitals.
Based on approximations, the income generated by operating rooms constitutes over
40% of a hospital’s revenue and accounts for nearly 30% of all hospital expenditures.
As a result, the operating room is regarded as one of hospitals’ most expensive func-
tional departments as well as their primary profit center [5, 6]. The authors categorize
the literature into six groups based on the scheduling timeframe or planning horizon.
These categories include capacity planning, surgical services portfolio, process rede-
sign and reengineering, schedule construction, schedule execution, and monitoring
and control. While the precise costs associated with ORS for different-sized hospitals
are unknown, some estimates indicate that OR costs in the US range from $30 to
$90 billion yearly, or between 10 and 30% of all hospital costs [4, 7].

In 2019, Zhu used various techniques to get a thorough overview and a summary
of the areas requiring attention. The papers show the regular utilization of heuristics
and mathematical programming to address difficult problems related to linear and
combinatorial optimization. Various methods are employed to evaluate the papers
and obtain a comprehensive understanding of this field, while identifying specific
areas requiring particular attention. The papers illustrate the consistent application
of heuristics and mathematical programming to solve complex linear and combi-
natorial optimization problems [3]. According to [8], surgical procedures account
for more than 60% of hospital admissions, which motivates hospital administrators
to focus heavily on OR administration to enhance the scheduling and planning of
surgical resources. The planning and scheduling procedures employed in practice
significantly impact how well operating rooms perform.

Planning and scheduling operating rooms are known to be a difficult task because
it necessitates the integration and interaction of numerous agents (e.g., patients, sur-
geons, nurses, and technicians) in an uncertain environment with capacity restric-
tions (such as the availability of expensive technological equipment) [5, 9, 10]. The
literature review considers a range of factors, including decision levels, scheduling
approaches, patient classifications, problem aspects as well as mathematical models,
solutions, and methodologies. These aspects are carefully considered and evaluated
in our analysis. The research analyzed in this study shows unequivocally that the
performance of the surgical center is significantly impacted by decisions made at
various levels [3].
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ORS is one of the most frequently used applications in operation research. Since
surgical procedures account for around 40% of the overall hospital cost, this topic
has garnered the attention of prominent scholars [11]. A reliable estimation of case
duration is required to construct an efficient OR schedule. Nevertheless, unforeseen
occurrences such as canceled or urgent surgeries and unavoidable surgical complica-
tions can significantly impact the length of surgical cases. A wide range of circum-
stances other than these incidents influence the duration of the case. These elements
can be divided into three main categories for the sake of simplicity: clinical, orga-
nizational, and logistical. The patient’s health status is one of the most important
clinical variables [12]. Effective OR schedules are judged on their capacity to carry
out elective procedures as scheduled while also being adaptable enough to take into
account unforeseen demands [6]. The effectiveness of the ORS schedules is assessed
using a number of competing criteria. Common performance measures include
patient throughput, OR utilization, patient and OR team waiting times, surgeon idle
time, surgical cancellation rates, patient deferral rates, and staff, patient, and surgeon
satisfaction scores. This study focuses on the performance measures that let us deter-
mine how well OR schedules can withstand unforeseen demands while including
surgery duration as a stochastic element [1].

The motivation for this comprehensive review of operating room scheduling
arises from the increasing demand for improved surgical efficiency and patient care
within healthcare systems. As the complexity of scheduling grows due to factors such
as patient variability and limited resources, it is essential to explore and synthesize
existing research to identify best practices and innovative solutions [13]. Despite the
substantial body of literature on ORS, significant research gaps remain, particularly
in integrating the various factors influencing scheduling with advanced optimization
techniques. Many studies often focus on deterministic scenarios, neglecting the criti-
cal uncertainties inherent in real-world surgical environments. Furthermore, there is
a lack of comprehensive frameworks that evaluate the practical implementation of
optimization methods in diverse healthcare contexts.

This research aims to address several critical questions to accomplish the goals of
this study, ensuring alignment with the key findings from the review. The research
questions focus on identifying the challenges, methodologies, and potential future
directions for ORS:

RQ1 What are the most significant factors and issues that affect the operating room
scheduling?

RQ2 What methods and techniques are most effective for managing operating room
scheduling under conditions of certainty and uncertainty?

RQ3 What solution approaches and validation techniques are used for optimizing
operating room scheduling models?

RQ4 What are the emerging technologies and sustainability-focused strategies that

can be integrated into ORS to address current challenges and optimize future sched-
uling models?
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The novel contribution of this research lies in the integration of both operations man-
agement and operations research perspectives within the field of ORS and optimiza-
tion. By combining these two aspects, this study offers a comprehensive overview of
the key factors, challenges, pitfalls, and optimization techniques in a single article. It
addresses the practical constraints in OR scheduling while also presenting advanced
solutions to overcome these limitations. Although ORS has been a growing focus
in healthcare management science, particularly in recent years, there remains sig-
nificant room for improvement, especially in managing scheduling and optimization
under uncertainty. This study highlights these gaps and provides insights into emerg-
ing solutions, including adaptive models, Al integration, and real-time analytics, to
enhance the practical applicability of ORS in real-world settings.

The remainder of the study is structured as follows: Sect. 2 outlines the research
methodology. Section 3 presents the factors, issues, and descriptive fields related
to ORS. Section 4 focuses on the practical challenges and methods to avoid com-
mon pitfalls. The study’s limitations and future research directions are discussed in
Sect. 5, while Sect. 6 concludes with the key findings and implications.

2 Methodology
2.1 Study design

This research utilized a comprehensive search strategy to gather articles related to
operating room scheduling (ORS). The initial literature search was conducted using
the Scopus database, one of the largest multidisciplinary databases, providing exten-
sive coverage of operations research and management science. However, to ensure
a broader and more inclusive review, we expanded the database search to include
Web of Science, PubMed, ProQuest and IEEE Xplore, as these databases are also
highly relevant for capturing studies related to healthcare optimization, engineering,
and management. The search query was designed to capture various terms related
to OR scheduling and optimization: Optimi?* OR plan* OR manag* OR operat*
OR schedul* AND operat* room OR operat* theatre. The asterisk (*) was used to
include any variation of the search terms. For example, “operat” finds operate, oper-
ating, operation, etc. The search targeted the article’s title, abstract, and keywords.
The study emphasized articles in the categories of operations research, management
science, healthcare, and engineering, focusing specifically on OR scheduling optimi-
zation. The search process followed a step-by-step approach, filtering results based
on time span, language, document type, and subject area. Table 1 shows the detailed
search criteria, databases, and filtering process.

The search period was set from 2000 to 2023 to capture the developments, trends,
and future directions in OR scheduling and optimization over the last two decades.
While Scopus was initially chosen due to its comprehensive coverage of operations
management and optimization literature, the inclusion of other databases such as Web
of Science, PubMed, ProQuest and IEEE Xplore broadens the scope and ensures that
important papers are not overlooked. 260 documents were selected after applying
all filtering criteria and removing duplicates. These documents were analyzed based
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Table 1 Search criteria and queries

Initial documents This study got 18,150 documents using search terms.

Topics Databases The authors mainly used Scopus as a database to extract literature.
However, this research expanded the database search to include Web
of Science, PubMed, ProQuest and IEEE Xplore.

Search terms Title, abstract, author keywords and keywords plus
in the Research

article
Filtered by Time span Limiting the time span to 2000-2023 reduced the documents to 8,610.
Language Restricting the search to documents written in English further reduced

the number to 3,670.

Document type Limiting the search to articles, review papers, conference papers,
book chapters, short surveys, and books yielded 1,276 documents.

Subject area Filtering by subject area limited to (Engineering, Computer Science
and Engineering, Mathematics, Decision Sciences, Business, Man-
agement and Accounting, Health Profession, Nursing and Multidisci-
plinary), we got 265 documents

Eye filtering After manual screening for relevance and removing duplicates, the
final dataset comprised 260 documents.

Fig. 1 Analysis of ORS Annual Production and Avg. Ciations/Year
publications 30

1995 2000 2005 2010 2015 2020 2025
—@—Articles —@— Avg. Citations/year

on their contributions to ORS in terms of uncertainty, objective functions, specific
scheduling needs, and different stages of the OR process. Additionally, this study
conducted forward and backward reference searches to include relevant literature
that may have been missed in the initial search process, further ensuring the com-
prehensiveness of the review. This multi-database search strategy helps to overcome
the limitations of relying solely on Scopus and provides a more inclusive view of the
current state of ORS research. By using these criteria, we aimed to ensure the selected
articles’ relevance and quality while focusing on the key areas of interest.

2.2 Data collection and analysis

Figure 1 presents an analysis of Operating Room Scheduling publications based on
data from 2000 to 2023. It illustrates both the annual number of published articles
and the average number of citations per year for the 260 articles included in this
review. The data reveal a notable rise in the number of ORS publications since 2013,
marking a significant acceleration in research interest and output. Prior to this surge,
the annual publication rate remained relatively stable from 2008 to 2012, with a
marked decline observed in 2010. This period of steady output was followed by a
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sharp increase in publications, peaking in the years following 2013. However, while
the volume of published research has grown, the average number of citations per
article has decreased over time. This observation points to a shift in research focus
within the field of ORS. During data analysis, it became evident that the last 15 years
(2008-2023) have seen a major shift toward optimization-focused studies. As ORS
research evolved, publications increasingly emphasized themes such as operating
room scheduling and optimization [14-29], multi-objective optimization [30—43],
and optimization under uncertainty [44—47]. In addition, research on machine learn-
ing [48-51], heuristics, simulation [20, 52-56], and multi-criteria decision-making
methods [57-59] has gained prominence.

Despite the growing importance of outpatient surgery, research in this area has
not experienced a corresponding increase. Most research continues to focus on block
scheduling strategies and elective patients, with a limited number of studies con-
sidering holistic approaches or stochastic elements in OR operations. The growing
importance of ORS in healthcare management has created significant demand for
operational research and management solutions. Researchers have broadly catego-
rized this field and outlined various methods and models, such as machine learning,
predictive analytics, and prescriptive analytics, and their applications [60—66]. These
advancements are shaping the future of ORS by offering innovative solutions for
complex scheduling and optimization challenges.

3 Result and discussion

This research result and discussion are divided into two major categories (i) Review
related to Factors, descriptive fields and Issues of ORS in research and (ii) Review
related to optimization. A detailed description is given below.

3.1 Different factors and issues in ORS research
3.1.1 Patient characteristics

3.1.1.1 Elective vs. non-elective In the literature, patients are typically categorized
into two groups: elective and non-elective. Elective patients have surgeries that can
be planned in advance, while non-elective patients require urgent or immediate sur-
geries. Non-clective procedures are classified as emergencies when they need to
be performed immediately and urgent when they can be delayed for a short time,
though terminology may vary across studies [1, 3]. Most research focuses on elective
patients. Interestingly, the expected increase in publications related to outpatient sur-
geries in non-hospital settings has not materialized. Some studies cover both elective
and non-elective patients, resulting in a combined total that may exceed 100% [1].

3.1.1.2 Inpatients vs. outpatients Inpatient surgeries are those carried out on people
who have been admitted to a hospital and are expected to stay the night for their care
and recovery. Outpatient surgery, performed outside of a hospital setting, has distinct
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characteristics compared to inpatient surgery. Outpatient procedures often involve
standardized treatments, such as routine surgeries and minimally invasive proce-
dures. The timing of outpatient arrivals for surgeries is uncertain, as these patients
are not already in a hospital ward. These and other factors significantly influence the
choice of scheduling techniques for outpatient surgeries [67—70]. There is a notice-
able trend of services transitioning from inpatient to outpatient care, as indicated by
the faster growth rate of the latter [71, 72].

3.1.2 Planning horizon in OR scheduling

The challenges associated with the surgical scheduling process can be categorized
based on the planning horizon they address. This process entails various decisions
that hospital administrators, surgeons, and their representatives must make. These
decisions range from long-term planning, which involves creating or enhancing facil-
ities, to medium-term allocations of surgical time blocks to surgeons. In the short
term, decisions include assigning patients to specific days and times within those
blocks, making last-minute adjustments, and executing the schedule accordingly [4].
A short-term surgical schedule, developed a few days to a few weeks prior to the
procedure, includes a list of surgeries with uncertain durations and the corresponding
operating rooms to which they are assigned. This schedule must adhere to certain
requirements, including the surgeon’s availability, any room preferences, and the
type of OR in which the procedure can be carried out. Short-term OR planning aims
to create a predictable workload with enough time for emergencies [4, 48].

3.1.3 Decision levels
The literature typically categorizes planning and scheduling decisions for operating
rooms into three distinct levels: strategic decisions for the long term, tactical deci-

sions for the medium term, and operational decisions for the short term. A detailed
explanation and examples of these decision levels are presented in Table 2.

Table 2 Decision levels in ORS

Decision levels  Definition/description Examples Refer-
ence
Strategic The challenges primarily involve forecasting The challenges include [9]
medium and long-term demand and allocating op- capacity planning, [73]

erating room time to specific medical specialties  capacity allocation and [74]
or surgeons. This decision-making process takes  case mix-related issues.
place over an extended timeframe and operates at

a higher hierarchical level.

Tactical The issue pertains to the scheduling of operating  The master surgical
rooms in a cyclic manner. scheduling problem
Operational The issue at hand is commonly referred to as the ~ The tasks include

surgery scheduling problem, which entails select- advanced scheduling,

ing the specific date, time, and resources allocated allocation scheduling

for a particular surgical procedure. and the integration of
these two processes.
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3.1.4 Scheduling strategies

The three primary approaches used to study scheduling problems are block schedul-
ing, open scheduling, and modified block scheduling strategies. Compared to the
modified block scheduling strategy, the literature on block scheduling and open
scheduling is significantly more extensive, as illustrated in Table 3.

3.1.5 Machine learning in ORS

The scheduling issue for operating rooms has received much attention in the litera-
ture. The issue lies at the nexus of operations research, machine learning, and health-
care management. Machine learning and discrete optimization have considerably
increased study and application. These two analytical fields have typically served two
distinct functions within a single business decision-making dilemma. While opera-
tions research is utilized to build models and approaches to addressing scheduling
problems, machine learning is mostly used to generate reliable predictions of surgical
duration. Typically, machine learning techniques are employed to forecast what is
likely to occur in the future, and optimization techniques are used to carefully con-
sider all feasible solutions [84, 85].

Caserta et al., (2022) introduced a novel method for estimating the duration of
surgical interventions at a medium-sized general hospital in Spain. They compared
two methodological approaches machine learning and conditional density estima-
tion methods to obtain reliable estimates of surgery durations [48]. Accurate time
estimation is essential for applying management science scheduling methods to case
scheduling. However, in many instances, the specific procedures to be performed
on a patient are not known in advance, and even when they are, the exact durations
remain uncertain. This complexity presents challenges for surgical scheduling. Nev-
ertheless, having precise time estimates would facilitate case scheduling with fixed
start times rather than the ambiguous “to follow” approach, enabling the implemen-

Table 3 Different scheduling strategies

Strategies Definition Advantages Reference
Block A block strategy divides the OR 1) Scheduling is less complicated [4,5,
Scheduling  schedule into blocks that are since surgeries can only be scheduled 46, 70,
given to different specializations. in blocks for the specific medical 75-79]
Regularly, surgeons are given time  profession.
in a certain OR, and the associated  ii) The goal is to minimize patients’
resources are reserved in advance.  total predicted weighted waiting time.
Open Appointments can be scheduled in i) Surgeons are not prioritized in [70, 77,
Scheduling  any operating room (OR), providing pre-booking specific block times in 80-83]
greater flexibility in the scheduling  advance and can choose to perform
process for all cases. surgeries on any workday in any
available OR.
i) More flexible than the former
Modi- Block and open scheduling tech- Implementing certain policy changes [70, 77,
fied Block niques are combined in a modified  allows for the utilization of block 80-83]
Scheduling  block scheduling strategy that is scheduling to be assessed and any

flexible and workable for manage-
ment needs.

instances of underutilization to be
addressed.
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tation of optimization and optimum-seeking scheduling techniques. These methods
aim to maximize operating room utilization, enhance productivity, and reduce labor
costs [4]. Surgery duration typically follows a probability distribution, and historical
data suggests that the normal distribution is the best fit for the data [86].

Additionally, a density-based technique shows its benefits and shortcomings com-
pared to the machine learning-based approach to develop a full distribution func-
tion rather than a point estimator to represent the length of a particular surgery. The
authors in this research discuss some implications for using these prediction tech-
niques to build a data-driven uncertainty set for the robust operating room scheduling
problem [48]. Without using patient-related data, other authors calculate the surgi-
cal length for a situation that includes emergency and planned surgeries (i.c., elec-
tronic medical records). They incorporate a few organizational characteristics that
are often known before scheduling to get around these restrictions. They emphasize
their familiarity with the team, exposure to the surgeon, and conflict vs. cooperative
patterns in the operating room [87].

For this purpose, the researchers separated the regular and predicted variables in
the model into two sets. Operational constraints and objective function terms are
modeled using regular variables, which are common in MIP. Predictive models are
used to specify the predicted variables, some of which depend on conventional vari-
ables. The user uploads one of the three allowed predictive model formats, along
with a mapping between the standard variables and the features, and then pre-trains
the predictive models. This research employs linearization methods to incorporate
these predictive models into an optimization model. This is simple for linear regres-
sion. They also used a piece-wise linear approximation for logistic regression [84].
Subsequently, nowadays, predictive modeling and optimization are combined in sev-
eral study areas. First of all, optimization strategies empower machine learning algo-
rithms. For instance, the ordinary least squares method can be used to estimate the
unknown parameters in a simple linear regression model by minimizing the sum of
the squares of the differences between the observed values of the dependent variable
and the fitted values. Different optimization approaches are used in machine learning
to make the learning process effective and attain the desired accuracy [50].

3.1.6 Uncertainty in ORS

The uncertainty around surgical services is one of the main issues with developing
precise OR planning and scheduling techniques. While stochastic approaches openly
include uncertainty, deterministic planning and scheduling approaches ignore it. The
literature discusses various types of uncertainty including duration, arrival, resource
and care requirement uncertainty. Surgery processing time is referred to as surgery
duration [14, 30, 6870, 88-90]. The main cause of the overall complexity of OR
planning is uncertainty. If previous procedures end early, patients in the OR may
not always be available to start surgery earlier than scheduled. The period between
pre-surgery, surgery, and patient recovery varies greatly. Operating room planning
remains challenging, even when managers clearly understandhe probability distribu-
tion of surgery durations [91].
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Duration uncertainty is a significant aspect of operating room scheduling (ORS)
uncertainty. Denton et al. (2010) focused on making decisions related to the number
of operating rooms to be opened and the allocation of surgery blocks in ORS. On the
other hand, Batun et al. (2011) took into account not only the allocation of surgery
blocks but also the sequencing of patients and the start times of surgeons. Both mod-
els seek to reduce the costs associated with OR opening and overtime and also take
into account surgeon idle hours [90, 92]. The uncertainty of surgery duration is one
of the most significant factors in the complexity of patients’ planning and scheduling
issues because it is influenced by numerous factors, even in similar surgeries, due
to specific patient conditions, since the duration of surgery and the requirement for
using special tools are different. Additionally, the presence of a surgeon’s assistant
during any surgery might improve the results of the procedure by shortening the pro-
cedure’s duration and lowering the likelihood of mistakes.

Duration uncertainty is a crucial aspect of ORS uncertainty. For instance, one study
focused on decision-making regarding the number of operating rooms to be opened
and the allocation of surgery blocks in ORS. In contrast, another study considered not
only the allocation of surgery blocks but also the sequencing of patients and the start
times for surgeons. Both models aim to minimize costs associated with OR opening
and overtime while also addressing surgeon idle time [90, 92]. The uncertainty of
surgery duration is a significant factor contributing to the complexity of planning and
scheduling patients, as it is influenced by various factors, even among similar proce-
dures, due to individual patient conditions. This variability arises from differences in
surgical duration and the need for specialized tools. Furthermore, having a surgeon’s
assistant present during surgery may enhance outcomes by reducing the procedure’s
duration and minimizing the risk of errors.

Predicting the length of surgery is challenging since, in some cases, the scope
of the procedure is only obvious once the treatment is underway. Additionally, the
lengths of time frequently depend on various intricate aspects, such as the patient’s
traits, the physician’s, and the surgical team’s. The total workload per OR needs to be
clarified due to the uncertainty of individual surgery durations. In 44% of all publica-
tions, duration uncertainty is taken into account, whereas in 28%, arrival uncertainty
is considered [1]. The researchers can adopt two methodological approaches, (i)
Machine Learning and (ii) Conditional Density Estimation methods, to estimate the
surgery duration more accurately [48]. Robust optimization serves as a technique for
optimization under uncertainty. Generally, robust optimization enhances the frame-
work by optimizing across an uncertainty set rather than relying on a single-point
estimate of the uncertain parameter. However, it is widely acknowledged that tradi-
tional robust optimization strategies, which focus on protecting against worst-case
scenarios, often yield excessively conservative results. With this in mind, the authors
aim to explore various approaches both predictive and prescriptive to mitigate these
effects 3, 16, 93].
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3.2 Optimization oriented review
3.2.1 Problem definition, assumptions and objective functions in ORS research

Numerous articles have identified a problem that is unique to a particular hospital,
shedding light on whether a solution can be applied to different contexts and to what
extent. Van Essen et al. [94] surveyed a number of institutions to support the general-
ity of their modeling assumptions. When generalizable approaches are introduced,
spreading and applying effective operations research techniques across multiple hos-
pitals is simpler.

In ORS research, problem definition typically revolves around optimizing the allo-
cation of resources, such as operating rooms, medical staff, and patient scheduling,
while minimizing inefficiencies like idle time, overtime, and patient waiting times.
To fully grasp the problem statement, it is essential to establish specific assumptions,
which generally relate to information about the patient, the facility, and the underly-
ing issue. Assumptions in ORS models often include fixed surgery durations, known
patient arrivals, and resource availability, though some models account for uncertain-
ties like emergency cases and variable surgery lengths [92, 95]. When employing
mathematical programming (MP) or an improvement heuristics to tackle the prob-
lem of patient-to-date assignment, it is typically assumed that the patient popula-
tion requiring scheduling is predetermined in advance. This assumption is frequently
stated and is clear from the problem definition. This review found that it was occa-
sionally challenging to categorize some articles since the necessary information was
either absent or hard to locate. As a result, assumptions must be made more explicit.
Also, the assumptions must be more straightforward and more accurate for academ-
ics and professionals to decide whether an item is relevant to them. The assumptions
include the distribution of surgical durations and the length of stay in downstream
units for patients. With regard to the hospital, the assumptions primarily focus on
policy and capacity planning. We found that papers using analytical methods, MP,
and improvement heuristics are generally harder to identify than those using method-
based assumptions. Some changes must be made to the current literature to clearly
define ORS problems and use reasonable assumptions [1].

The objective functions in ORS research aim to balance multiple criteria, such as
maximizing resource utilization, minimizing costs, reducing patient waiting times,
and improving overall surgical efficiency. These objectives are often framed within
mathematical programming models, such as mixed-integer programming, or through
heuristic and simulation-based approaches [75—-77, 95]. Under/overtime or under/
overutilization are frequently included in the optimization model’s objective func-
tion. While two-thirds of MP models contain multiple objectives, those performance
measures are rarely used on their own but are typically a component of a multi-objec-
tive formulation [1]. Basically, all of the goals are geared toward maximizing the
operating room’s effectiveness and lowering resource costs. Researchers frequently
look for solutions to the problem of determining the sequence of relevant patients
by minimizing the total costs associated with projected waiting times and estimated
idling costs for resources, such as operating rooms and medical teams [95]. Table 4
summarizes the primary objective functions of the reviewed studies.
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Table 4 Goals and objectives of ORS in the literature
Goals Functions References
Maximize The number of surgical cases to be scheduled [70,75-77, 92, 95-97]
The use of ORS time

The satisfaction
Minimize The cost of operating rooms
Patient-related costs
The costs of patients’ waiting time
The number of operating rooms and required beds
The maximum makespan
The overtime
The number of used blocks
The transitions of surgeons between different ORs

[70, 75-77, 92, 95-98]

Waiting Time ‘ Financial l | Makespan

Patient, Surgeon T

Overutilization

Leveling
OR, Ward, PACU, Patient
Volume

OR, Ward, ICU, PACU

A

Performance Measure

A

Underutilization
OR, Ward, ICU, PACU, OR
idle time, OR utilization

Throughput }‘7 l l
| Preferences | Other | .‘ Deferral/Postponement

Fig. 2 Various performance measure

3.2.2 Performance measures

To accommodate the diverse interests of stakeholders in operating room schedul-
ing (ORS), researchers often integrate multiple performance metrics. A common
approach is the use of a weighted sum of these measures, allowing for a balanced
assessment of various factors. The key performance indicators (KPIs) used in ORS
research include waiting time, resource utilization, workload balancing, idle time,
throughput, patient preferences, financial outcomes, makespan and patient deferral
rates. These metrics provide a comprehensive view of both operational efficiency
and patient-centered outcomes. Figure 2 and the following insights are derived from
an extensive review of the literature [1, 5, 7, 9, 30, 39, 40, 67-70, 74, 80, 88-90, 92,

99-101].

e Patient waiting time is a frequently used performance metric, encompassing both
direct waiting time (delays on the day of surgery) and indirect waiting time, or
access time, which is linked to the size of the waiting list. The type of waiting
time evaluated may differ depending on the focus of the study and the decision

being analyzed.

e The most often used performance metric is still overtime. Preference-related met-
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rics gained popularity starting in 2008; however, after 2010, there was a fall in
interest.

e Patient throughput is used somewhat infrequently. It is a numerical measurement
that is frequently linked to the number of patients served.

e Utilization relates to a resource constraint, whereas undertime or overtime also
involves timing. As a result, it is conceivable to have an OR that is underutilized
but still runs overtime. Which point of view is being used varies among articles.
As a result, some of the research combines underutilization with undertime and
overutilization with overtime.

Minimizing overtime is a key objective in operating room scheduling research, as
working additional hours can lead to staff dissatisfaction, increased hospital costs
(due to higher wages for overtime), surgery cancellations, and disruptions in down-
stream departments. Dexter and Macario [102] found that consistently underestimat-
ing case durations did not significantly impact OR overutilization, as the likelihood
of procedures exceeding expected durations remained low. Another researcher pro-
posed an analytical approach that considers both stochastic surgical schedules and
the unpredictable arrival of emergency patients, demonstrating how the probability
of schedule overruns varies with the number of surgeries scheduled each day [103].
To minimize deviations from specified utilization levels for the operating room (OR),
intensive care unit (ICU), medium care unit, and nursing staff, the researchers formu-
lated an optimization problem that quantified the total of overutilization and under-
utilization to assess the deviation [67].

Preference-related metrics often include a qualitative component and have gar-
nered considerable attention in both healthcare and operations research literature.
Approaches focused on value and quality are becoming increasingly significant. For
instance, a study on cataract surgery patients found that their preferences included
receiving care on their chosen day, at a single location, in one visit, and preferably
in the morning [102]. Patient priorities also reflect preferences, as demonstrated in
models presented by [104, 105], where patients’ positions on waiting lists were deter-
mined by priority scoring algorithms considering the urgency of their condition, pain,
dysfunction, disability, and waiting time. Priority scoring effectively reduces the
weighted waiting time for all patients, while equal patient priorities in an algorithm
result in decreased average patient waiting time.

3.2.3 Decision delineation and facilities

In the literature, researchers often use a matrix to detail the decisions being evaluated,
such as selecting specific days, times, spaces, or capacities for scheduling. Articles
are typically categorized based on the decision levels they address or the target audi-
ence for those decisions. For instance, distinctions are made between decisions at the
specialty, surgeon, or patient level [14]. Operating room planning and scheduling are
influenced by numerous factors, including bed capacity issues [106], operating room
to ward assignments [107], patient-to-week allocations, and scheduling aspects like
recovery time in the OR [70]. Since OR scheduling impacts multiple departments, an
integrated approach that considers both upstream (e.g., outpatient clinics) and down-
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stream (e.g., ICU, PACU) facilities is essential for optimizing resource utilization and
improving overall hospital efficiency. This integrated approach aims to enhance the
overall performance of these interconnected facilities. Ignoring this integration could
undermine the effectiveness of the associated facilities [1, 67, 69, 70].

Throughout the years, the percentage of articles that address the OR in an inte-
grated manner has remained a more significant portion of the research. This is unex-
pected, given that models are becoming more complicated and that there should be
a growing interest in integrated methodologies. Approximately half of the previous
research articles incorporated an integrated approach to planning and scheduling in
the operating room. The most commonly included downstream facilities in these
integrated methods were the PACU, ward and ICU. It’s important to note that only
these three primary downstream facilities were explicitly mentioned, so their count
may not always align with the total number of integrated approaches discussed in the
articles [1].

3.2.4 Operations research methodology in ORS

The literature on OR planning and scheduling highlights a variety of operations
research methodologies. These approaches are used to evaluate and analyze the impact
of specific changes in the problem environment. Techniques such as mathematical
programming, simulation, heuristics, and stochastic models are commonly employed
to optimize resource allocation, improve efficiency, and reduce costs in ORS. These
methods enable researchers to explore different scenarios, manage uncertainties, and
propose solutions for complex scheduling challenges in healthcare settings [67—70].
The research on OR scheduling demonstrates that surgical services are characterized
by intrinsic durational uncertainty. Due to the very diverse character of surgical cases,
it is evident that ambiguity is a significant problem [77]. The challenges of operating
room scheduling become considerably more complex when accounting for factors
like uncertainty, including variations in surgery durations and emergency interven-
tions. While stochastic approaches seek to address this uncertainty and unpredictabil-
ity, many OR planning and scheduling problems continue to assume deterministic
surgery durations, thereby overlooking these critical factors. However, the inherent
uncertainty in surgeries, including unexpected arrivals of emergency patients, affects
the duration of individual surgeries and impacts the overall surgery schedule. The
ability of operations research approaches to handle stochasticity should be obvious,
and in particular, simulation techniques and analytical processes seem to be well
suited. These issues can also be resolved using stochastic programming, such as two-
stage linear programming. Only a small percentage of papers, though, employ this
method to address actual issues [30, 67-70, 76, 88, 89, 108].

An optimization approach was introduced for rescheduling patients on the day
of surgery, where elective and non-elective patients are reordered in each operat-
ing room after each procedure [109]. This method employed a branch-and-bound
technique to maximize weighted throughput while simultaneously reducing patient
cancellation rates. Similarly, another study focused on rescheduling elective patients
in the presence of emergency arrivals, employing Mixed Integer Programming (MIP)
and a genetic algorithm to minimize interruption costs while considering both the
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OR and the PACU [110]. Additionally, a decision support system was developed
to provide suggestions to the OR manager for addressing scheduling issues, using
Mathematical Programming to derive decision rules, such as whether to reschedule
a procedure or introduce gaps between surgeries [94]. Another study introduced a
chance-constrained overtime model that employs the normal approximation of the
sum of procedure durations within a day in the OR. This model offers nearly optimal
solutions for assigning surgeries to time blocks, and through the use of actual data, it
was shown to be particularly effective for specialties with high patient volumes per
OR day [105]. The major findings from the previous literature are:

e Only mathematical programming experienced a significant increase in popularity
among the main solution methods utilized in literature [1, 111].

e Since various situations, settings, or options are contrasted concerning the per-
formance measures, authors refer to this method as scenario analysis. Scenario
analysis is common and is frequently done in the literature on discrete-event sim-
ulation (DES) modeling [1, 111, 112].

e Constructive algorithms, improvement heuristics, and mathematical program-
ming are widely employed. Unlike DES and analytical models, combinatorial
optimization issues are the focus of MPs like mixed integer programming [1,
111, 112].

e A recent study introduced an MIP framework designed to minimize inactivity
and patient wait times while optimizing the allocation of high-priority resources.
The model incorporates both upstream and downstream units, including the Pre-
operative Holding Unit (PHU), PACU and ICU [113].

e The papers are assessed using various methods to get a thorough overview of this
area, and the fields that need special attention are outlined. It demonstrates how
heuristics and mathematical programming are routinely used to solve challenging
linear and combinatorial optimization issues [3].

e Some authors used linearization methods to include these predictive models in an
optimization model. This is simple for linear regression. For instance, authors use
a piece-wise linear approximation for logistic regression [84].

e Researchers proposed a binary programming model to optimize operating room
scheduling for elective patients, to minimize idle times and maximize surgeries
within optimal time windows. The study utilizes a Lagrangian relaxation method
and sub-gradient techniques to simplify and improve the effectiveness of the NP-
hard model in coordinating both operating and recovery rooms [114].

3.2.5 Solution methods/approaches in ORS research

Surgical planning and scheduling problems have led to the development of numerous
practical solutions and methods. The size and complexity of the optimization prob-
lem in operating room planning and scheduling influences the choice between exact
methods and meta-heuristics. These solutions can be classified into exact algorithms,
mathematical programming, heuristics, simulations, and Markov decision processes.
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An overview of the commonly employed methods for addressing these OR planning
and scheduling challenges is provided in Table 5.
The solutions that are appropriate in the circumstances are shown in Table 6.

3.2.6 Testing phase, exploratory data analysis and application

Many researchers provide a comprehensive testing phase to demonstrate the appli-
cability of their findings. A sizable amount of data is desired, whether applicability
focuses on computational effectiveness or on illustrating the extent to which objec-
tives may be accomplished. There are different types of data previously used in litera-
ture: Real, theoretical, simulated, and data applied in practice. From the literature, it
is evident that most of these data are based on actual medical procedures. This devel-
opment is notable and has been facilitated by improved hospital information systems,
which enable the seamless retrieval of data [5, 30, 39, 67-70, 74, 76, 88-90].
Exploratory data analysis involves a number of surgeons, operating rooms, and
surgical specialties or services. Each surgical record consists of different variables
pertaining to the patient, anesthetic, surgical case details, and segmented operation
hours. For exploratory data analysis, permission from an authorized body is required.
The permission required to work with fully de-identified surgical data from a hos-
pital granted by the Institutional Review Board (IRB) [121]. The hospital’s records
have been categorized and filtered using data mining approaches. Thus, each surgical
record in the data set has been assessed during the data quality evaluation phase to
plan the data cleansing and enrichment techniques. This procedure revealed prob-
lems with the data set’s data quality. Specifically, missing values, inconsistent entries,
duplicate data, and time components with unusual durations were filtered out from
the surgical records (a deviation of 3¢ from the mean was considered a data entry

Table 5 Solution approaches

Solution Approaches Types References

Exact Algorithms * Column generation [30, 34,
 Branch and bound 39, 40, 99,
* Branch and cut 100, 115,
* Branch-and-price 116]
* Dynamic programming

Mathematical Programming * Linear programming [30,
* Integer Programming 67-70, 76,
* Mixed Integer Programming 88, 89]
* Goal Programming

Heuristics * Heuristics based on exact methods [24, 30,
* Heuristics based on linear programming 31, 34, 39,
* Heuristics based on dispatching-rule 40, 70, 75,
* Metaheuristics 77, 82,92,
* Constructive heuristics 117-119]
* Improvement heuristics

Simulation * Monte Carlo simulation [38, 73,
* Discrete-event simulation 80, 120]
* Others

Markov decision process * Continuous Markov decision process [3,23]

* Discrete Markov decision process
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Table 6 Solution approaches: questions and answers

Questions Answers
Why exact In contrast to heuristics, which occasionally result in inferior solutions, an exact
algorithm? algorithm is the one that consistently finds the best solution to an optimization

issue; approximation algorithms are a subset of these. Small-scale situations
frequently employ exact algorithms [1], [3].

Why Mathematical ~ MP is used in planning and scheduling decision-making processes. The

Programming? decision-making rules are derived using an MP, for instance, by scheduling a
break between two surgeries or shifting a surgery. MIP is used to optimize the
daily operational schedules. While two-thirds of MP models contain multiple
objectives, those performance measures are rarely used on their own but are
typically a component of a multi-objective formulation [1], [3].

Why Heuristics? Heuristics are recommended when MP approaches become computationally
challenging to solve within a reasonable time frame. To tackle the patient sched-
uling problem, one study employs a column generation-based algorithm [116].

Why simulation? Simulation experiments are frequently conducted to assess the performance of
proposed models in the context of OR planning and scheduling across various
scenarios. Unlike queuing models, simulation models do not yield closed-form
solutions but provide greater flexibility regarding the assumptions related to the
probability distributions of surgical durations. Many studies employ simulation
approaches, particularly when dealing with stochastic elements, to tackle the
challenges associated with OR planning and scheduling [1], [3].

Why Markov deci-  Markov Decision Processes (MDPs) provide a flexible framework for analyzing

sion Process (MDP)? and solving a wide range of optimization problems, including those approached
through dynamic programming (DP) and reinforcement learning. MDPs are
applicable in various fields, such as robotics, automatic control, economics, and
manufacturing. When it comes to managing the distribution of patients among
servers and appointment times, MDPs are considered a practical and effective
stochastic dynamic programming approach [3], [23].

error). To ensure accurate data for model development, surgical records in the dataset
that did not meet the inclusion criteria were removed [122, 123].

Certain issues arise less frequently and can be illustrated using a case-mix model
as an example. Each year, the implementation level may vary, making direct com-
parisons of articles on this subject challenging. Despite the potential for research
implementation, authors frequently provide limited details about the implementation
process. Consequently, we advocate for sharing more comprehensive data regard-
ing the behavioral factors related to actual implementation. The research community
would greatly benefit from identifying the factors that contribute to the success or
failure of implementation efforts [30, 100, 124].

4 Practical challenges and common pitfalls

4.1 Practical challenges/constraints

In most cases, scheduling models assume complete flexibility in sequencing deci-
sions, where surgeries can be easily rescheduled based on available time slots and
resources. However, in real-world scenarios, various additional constraints and limi-

tations significantly impact these decisions. For instance, scheduling complex surger-
ies early in the day is often beneficial because it ensures that key resources, such as
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skilled personnel and specialized equipment, are readily available to address potential
complications. Hospitals may also schedule day-of-surgery cases that require inpa-
tient admission earlier in the day to increase the likelihood of securing an available
hospital bed post-surgery. Additionally, certain cases may be scheduled at specific
times of the day due to infection control protocols. For example, patients with infec-
tious diseases may be scheduled later in the day to minimize the risk of contaminating
operating rooms and other hospital areas. Staffing limitations also present significant
challenges. Surgeons, nurses, and other healthcare professionals often have conflict-
ing responsibilities, such as pre-and post-surgery consultations or outpatient clinics,
which directly influence operating room sequencing decisions. The availability of
these critical staff members throughout the day can limit the flexibility of the sched-
ule. Furthermore, resource availability (e.g., diagnostic tools, specialized equipment)
can restrict the number of concurrent operations that can be performed. For instance,
surgeries requiring the same type of equipment or resources may need to be spaced
apart due to limited availability, impacting scheduling efficiency. As a result, resource
constraints like staff availability, equipment limitations, and post-surgical bed space
need to be factored into scheduling decisions. Simply resequencing surgeries without
considering these practical constraints could lead to infeasible schedules, increased
waiting times, and potential disruptions in hospital operations [1, 80].

4.2 Common pitfalls and ways to avoid

Several common pitfalls can impede the progress of ORS research. To overcome
these challenges, the authors emphasize the importance of following the guidelines
outlined in Table 7, adapted from Samudra et al. [1]. By implementing these strate-
gies, researchers can enhance the quality and applicability of their work, ultimately
advancing the field of operating room scheduling.

5 Limitations and future directions
5.1 Limitations of this review

Some readers may have different search criteria than those mentioned in this review
and may need to find articles accordingly. For example, they may be interested in
articles based on the planning horizon’s duration, the hospital setting’s size, or the
arrival pattern of patients (batch or individual). The review primarily relies on the
Scopus database, although most relevant articles can also be found in databases such
as Web of Science, PubMed, ProQuest and IEEE Xplore. However, the review does
not specifically classify articles based on target groups (e.g., hospital size, location,
or patient types), though such distinctions may sometimes be inferred from the results
and discussion sections. Classifying articles by target groups is subjective and may
vary based on the reader’s specific needs, which is another limitation of this review.
One critical limitation of this review is that it does not sufficiently address practical
constraints in ORS implementation, such as staffing shortages, equipment limitations
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Table 7 Common pitfalls and ways to avoid

Pitfall Based  Definition/ Description Ways to Avoid
on
Clarifying the It is necessary to distinguish between theoreti- Follow guidelines specific to the
target group cal publications offering cutting-edge ideas intended audience to effectively target
and applied studies demonstrating how practitioners or researchers. Dif-
these methods can be used in practice. This ferentiate your problem definitions,
distinction enables articles to concentrate research tasks, conclusions, and find-
more effectively on their core competencies. ings properly. Determine the target
Furthermore, it facilitates easier access for market consistently and take into ac-
scholars and practitioners seeking relevant count adjusted publication incentives
publications. to encourage this differentiation.
Clarifying the Many PMs, like overtime, are used in articles ~ Two steps are recommended to select
objective regardless of the issue being addressed. Asa  suitable performance measures. (i)
result, the most effective PMs for a particular  Prioritise PMs that are valuable to
context are not always the most frequently hospital stakeholders. (ii) ensure the
cited ones in the literature. inclusion of model elements that are
key drivers of the selected PMs. For
example, accurately predicting surgi-
cal duration requires incorporating a
realistic surgical duration model.
Clarifying the Lack of information in papers makes it more It is critical in research to clearly
problem difficult for readers, especially practitioners, describe and defend the context and

to judge the applicability of research findings.
Due to the assumption that all durations will
be the same, caution should be required when
applying analytical approaches like Markov
models to inpatient scheduling.

method-specific assumptions. This

is critical since readers may be unfa-
miliar with the procedures used, and
having all assumptions stated allows
them to assess the method’s relevance
and outcomes.

and variability in patient needs. These factors play a crucial role in the real-world
application of ORS models and should be considered in future studies. For instance:

o Staffing Issues: OR schedules often face disruptions due to limited availability of
surgeons, nurses, and other healthcare professionals, making theoretical models
difficult to apply.

e Equipment Limitations: Operating rooms rely heavily on advanced equipment,
and delays or breakdowns can significantly impact scheduling, which most mod-
els do not account for.

e Patient Variability: The variability in patient conditions, surgery duration, and
emergency cases adds complexity to scheduling that is not adequately addressed
in many studies.

5.2 Future directions

Future research in ORS should focus on addressing current limitations and explor-
ing emerging opportunities. A future research recommendation involves comprehen-
sively analyzing multi-objective ORS. Additionally, more attention should be given
to the development of novel and hybrid solutions to address real-world OR sched-
uling challenges. These challenges include uncertainty in surgery duration, patient
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needs variability and resource constraints. Priority should be given to research that
focuses on integrating real-time decision support systems, Al-based solutions and
sustainability considerations into ORS optimization. Bibliometric analysis could pro-
vide insights into emerging trends and help identify research gaps. The overall future
directions are prioritized as follows:

5.2.1 High priority: integration of emerging technologies

Artificial Intelligence (AI): Al-driven models can enhance ORS by predicting
surgery durations, optimizing schedules, and adapting to real-time patient and
staff availability changes. Researchers should explore how Al can be integrated
with existing optimization techniques to improve decision-making in unpredict-
able environments.

Real-Time Data Analytics: Incorporating real-time data on patient conditions,
staff availability, and equipment status will allow for dynamic scheduling, reduc-
ing downtime and improving resource utilization. This is an area where signifi-
cant progress can be made, particularly with advances in wearable technology
and hospital information systems.

Robotic and Computer-Assisted Surgery: Robotic and computer-assisted sur-
gery uses advanced robotics and technology to enhance surgical precision and
control. Surgeons use computer consoles to operate robotic equipment, which
allows for more precise motions, smaller incisions, and more precision than tra-
ditional surgery. This strategy can result in speedier recovery times and fewer
complications. It is especially effective in complex operations like urology, cardi-
ology, and oncology, where precision is required.

Digital Twins: Digital twin technology, which creates a virtual model of the
hospital environment, can be used to simulate various OR scheduling scenarios,
helping to test and refine scheduling strategies before implementing them in real-
world settings.

5.2.2 Medium priority: sustainability in ORS

Green Operations: Future research should focus on optimizing OR schedules
for efficiency and sustainability. This includes minimizing energy use, reducing
waste, and optimizing the use of disposable surgical supplies.

Sustainable Facility Design: Future research should explore how operating room
layouts, ventilation systems, and lighting can be optimized for energy efficiency
and environmental sustainability. This includes investigating how architectural
design and smart technologies can reduce energy consumption and resource use
in ORs, contributing to greener healthcare practices.

Sustainable Resource Allocation: Properly allocating human and material re-
sources to minimize the carbon footprint while maintaining operational efficiency
should be a key focus of future studies.
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5.2.3 Medium priority: addressing practical constraints in ORS

Research should focus on creating adaptive ORS models that can respond to practical
constraints such as staff shortages, equipment downtime, and emergency cases. This
could involve developing hybrid models that combine simulation with optimization
techniques, enabling real-time adjustments to schedules based on changing circum-
stances. Additional research topics include:

e Patient Bulking Behavior: Researchers should investigate patients’ bulking be-
havior when multiple patients are scheduled together and how this affects OR
utilization and patient wait times. Case studies can also be used to examine the
impact of different modeling assumptions in OR scheduling.

e Inpatient and Outpatient Schedule Integration: Future research should focus
on integrating inpatient and outpatient schedules to ensure a smooth flow of pa-
tients, prevent bottlenecks, and optimize resource utilization across departments.

e Patient-Related Data Utilization: Using patient-related data to estimate surgery
lengths for emergency and planned surgeries is crucial for developing accurate
ORS models. Incorporating such data can help improve scheduling accuracy and
reduce surgery delays.

5.2.4 Low priority: optimization of multi-operating room schedules

Research should also explore methods to optimize schedules across multiple operat-
ing rooms. This includes planning an optimal surgical mix across different rooms,
ensuring efficient weekly and monthly scheduling, and reserving operating room
capacity for last-minute emergencies.

Future research should focus on developing solutions to these practical challenges,
such as adaptive scheduling models that dynamically adjust to real-time resource
availability and predictive tools for better management of patient variability. The
integration of Al, real-time data analytics, and sustainability into ORS will be key
drivers of innovation in the coming years, particularly in optimizing resource use and
reducing environmental impacts while maintaining efficiency.

6 Conclusion

Operating room scheduling is a critical aspect of hospital management, with direct
implications for resource utilization, patient care, and overall operational efficiency.
This paper presents a comprehensive review of ORS research from 2000 to 2023. This
study highlights various factors, challenges, and optimization techniques in ORS by
examining key trends, gaps, and emerging strategies. The research categorizes deci-
sion levels into strategic, tactical, and operational and reviews scheduling strategies
such as block, open, and modified block scheduling. This review offers actionable
insights for healthcare management, helping decision-makers improve scheduling
practices to optimize resource allocation, reduce waiting times, and enhance oper-
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ating room utilization. The integration of both deterministic and stochastic models
provides hospitals with tools to manage uncertainties in surgical durations and patient
flow, leading to more efficient OR operations. In addressing the research questions,
RQI (key factors and issues in OR scheduling) is supported by the exploration of
decision levels and various scheduling strategies. RQ2 (methods for managing uncer-
tainty) is backed by the review of stochastic models and uncertainty management
techniques. RQ3 (solution approaches and validation methods) is reflected in the
analysis of mathematical models and their real-world applications. RQ4 (Emerging
technologies and sustainability considerations) proposes future directions by identi-
fying technologies such as Al, machine learning, and real-time data analytics as key
drivers for optimizing OR scheduling models. Additionally, sustainability-focused
strategies are crucial for integrating environmental considerations into OR schedul-
ing, promoting eco-friendly and cost-effective practices in healthcare.

6.1 Key findings and recommendations

This study highlighted several noteworthy findings and recommendations, as sum-
marized below:

(1) Findings from the factors, issues and descriptive fields oriented-review perspec-
tives, we found that:

e Throughout the past 15 years, the number of technical publications produced has
dramatically increased.

e Surprisingly, despite their growing importance, research on outpatient surgery is
not growing.

e The block scheduling strategy has been extensively studied compared to the other
two scheduling techniques.

e FElective patients have received more focus in recent publications compared to
non-elective patients.

o The number of studies that examine the OR holistically is not rising.

e Only 28% of papers take into account stochastic arrivals.

(i1) Based on the perspective of the optimization-oriented review, several findings
were identified:

e Overtime and patient wait times are the most commonly used performance mea-
sures.

e Day and room assignment problems have been studied more extensively com-
pared to capacity and timing-related issues.

e Surgeon availability and prioritizing higher-priority patients are the most com-
mon personnel and preference restrictions.

e Utilization and waiting time are the primary performance metrics explored,
whereas patient postponement, preferences, and completion time have received
comparatively less attention.

o Mathematical programming is the most popular approach, and it is mentioned in
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approximately half of publications. Its usage has increased over the past 15 years.

e Uncertainty, mathematical modeling, and multi-objective functions are areas of
strong interest among researchers, with uncertainty in surgery duration being a
particularly prominent focus.

e Simulation-optimization and meta-heuristic strategies have been the primary fo-
cus of researchers in addressing OR problems in recent decades, each with its
advantages and limitations.

e (Capacity issues addressed at the discipline level often involve analytical and Dis-
crete Event Simulation (DES) models, with DES models being validated using
real data.

e Analytical approaches have fewer performance measures and constraints com-
pared to DES models.

e Many researchers validate their developed approaches using real-world data, but
there is still a noticeable lack of focus on implementation outcomes. Future re-
search should investigate how these models can be practically implemented in
diverse healthcare settings to ensure adoption and sustainability.

(iii) Based on the findings, this research recommends the following:

e Researchers should focus on developing and validating real-time OR scheduling
models that incorporate uncertainty in surgery durations, as this remains a major
challenge.

e There is a need for more research on outpatient surgeries, particularly as the tran-
sition from inpatient to outpatient care continues.

e Future studies should focus on the holistic integration of upstream and down-
stream departments (e.g., ICUs, wards) in OR scheduling models to improve re-
source coordination across hospitals.

e Given the complexity of OR environments, hybrid models that combine machine
learning with simulation and optimization techniques could offer powerful new
insights and solutions.

e Researchers should focus on emerging technologies and sustainable strategies to
enhance operational efficiency, improve patient outcomes, and promote environ-
mentally responsible practices in healthcare settings.

e Researchers should prioritize creating more user-friendly and adaptable OR
scheduling software to bridge the gap between theoretical models and practical
implementations in healthcare settings.

In conclusion, this review is relevant to surgical planning committees, OR managers,
and directors. Future work should emphasize the integration of stochastic models
that consider surgical time uncertainty to improve daily OR schedules. Additionally,
researchers should explore the integration of new technologies such as artificial intel-
ligence and digital twins to facilitate adaptive and real-time scheduling.
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6.2 Academic and practical implications

This comprehensive review of OR planning and scheduling literature from 2000 to
2023 highlights several academic and practical implications.

(i) Academic Implications.

From an academic perspective, this study contributes to a deeper understanding
of the existing models, methodologies, and decision levels in OR scheduling. The
analysis identifies gaps in the current literature, particularly in integrating uncer-
tainty management and applying emerging technologies like Al, machine learning,
and real-time data analytics. These gaps present opportunities for future research to
develop more adaptive, data-driven models that can address real-world healthcare
environments’ complex, dynamic nature. Additionally, the review underscores the
need for further exploration of sustainability in OR scheduling, offering a rich avenue
for academic inquiry into eco-friendly and resource-efficient healthcare practices.
This research can significantly contribute to refining theoretical models and enhanc-
ing their applicability across diverse healthcare contexts.

(ii) Practical Implications.

On the practical side, the findings of this review offer valuable insights for health-
care managers and practitioners. The integration of optimization techniques and
advanced technologies can improve OR scheduling efficiency, reduce waiting times,
and optimize resource utilization. Hospitals can enhance operational performance
and patient outcomes by addressing the uncertainty in surgical durations and patient
arrivals. Moreover, sustainability-focused strategies identified in this study, such as
minimizing energy consumption and reducing medical waste, provide practical steps
toward more environmentally friendly and cost-effective operations. Implementing
these solutions in real-world settings can lead to more resilient, efficient, and sustain-
able healthcare systems.

Funding Open Access funding provided by the Qatar National Library.
The authors declare that no funds, grants, or other support were received for this research work.

Data availability The authors confirm that the data supporting the findings of this study are available
within the article and/or its supplementary materials.

Declarations

Conflict of interest The authors have no competing interests to declare that are relevant to the content of
this article.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use
is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission
directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licen
ses/by/4.0/.

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

A comprehensive review on operating room scheduling and... Page 25 of 30 3

References

11.

12.

13.

14.

16.

17.

18.

19.

20.

21.

22.

Samudra M, Van Riet C, Demeulemeester E, Cardoen B, Vansteenkiste N, Rademakers FE (2016)
Scheduling operating rooms: achievements, challenges and pitfalls. J Sched 19:493-525. https://doi.
org/10.1007/s10951-016-0489-6

Belhor M, Amraoui E, Nait-Abdesselam A, Jemai F, A., Delmotte F (2020), October NEW OPTIMI-
SATION MODEL FOR OPERATING ROOM SCHEDULING: A CASE STUDY. In 34th European
Simulation & Modelling Conf., ESM2020

Zhu S, Fan W, Yang S, Pei J, Pardalos PM (2019) Operating room planning and surgical case schedul-
ing: a review of literature. ] Comb Optim 37:757-805. https://doi.org/10.1007/s10878-018-0322-6
May JH, Spangler WE, Strum DP, Vargas LG (2011) The surgical scheduling problem: current
research and future opportunities. Prod Oper Manage 20(3):392—405. https://doi.org/10.1111/.193
7-5956.2011.01221.x

Guerriero F, Guido R (2011) Operational research in the management of the operating theatre: a
survey. Health Care Manag Sci 14:89-114. https://doi.org/10.1007/s10729-010-9143-6

Stonemetz J, Ruskin K, Vargas LG, May JH, Spangler W, Stanciu A, Strum DP (2009) Operating
room scheduling and capacity planning. Anesth Inf, 361-392

Erdogan SA, Denton BT, Cochran JJ, Cox L, Keskinocak P, Kharoufeh J, Smith J (2011) Surgery
planning and scheduling. Wiley encyclopedia of operations research and management science. Wiley,
Hoboken, NJ, USA

Fiigener A, Schiffels S, Kolisch R (2017) Overutilization and underutilization of operating rooms-
insights from behavioral health care operations management. Health Care Manag Sci 20:115-128.
https://doi.org/10.1007/s10729-015-9343-1

Cardoen B, Demeulemeester E, Belién J (2010) Operating room planning and scheduling: a literature
review. Eur J Oper Res 201(3):921-932

Cardoen B (2010) Operating room planning and scheduling: solving a surgical case sequencing prob-
lem. 40R 8(1):101-104. https://doi.org/10.1007/s10288-009-0106-z

Bovim TR, Christiansen M, Gullhav AN, Range TM, Hellemo L (2020) Stochastic master surgery
scheduling. Eur J Oper Res 285(2):695-711

Protopapa KL, Simpson JC, Smith NCE, Moonesinghe SR (2014) Development and validation of the
surgical outcome risk tool (SORT). J Br Surg 101(13):1774-1783

Cardillo C, Garry C, Katzman JL, Meftah M, Rozell JC, Schwarzkopf R, Lajam C (2024) Factors
affecting operating room scheduling accuracy for primary and revision total knee arthroplasty: a
retrospective study. Orthopedics 1-7. https://doi.org/10.3928/01477447-20240702-01

Banditori C, Cappanera P, Visintin F (2013) A combined optimization—simulation approach to the
master surgical scheduling problem. IMA J Manag Math 24(2):155-187. https://doi.org/10.1093/im
aman/dps033

Khalfalli M, Verny J (2020) Fuzzy logic for the Stochastic Operating Theater optimization: a review.
Disease Prev Health Promotion Developing Ctries 259-270. https://doi.org/10.1007/978-3-030-347
02-4_16

Zhu T, Xie J, Sim M (2022) Joint estimation and robustness optimization. Manage Sci 68(3):1659—
1677. https://doi.org/10.1287/mnsc.2020.3898

Levine WC, Dunn PF (2015) Optimizing operating room scheduling. Anesthesiol Clin 33(4):697-711
Demirtas M (2018) OPTIMIZATION OFWAITING TIME FOR EMERGENCY PATIENTS. In I/E
Annual Conference. Proceedings (pp. 1795-1800). Institute of Industrial and Systems Engineers
(IISE)

Abdalkareem ZA, Amir A, Al-Betar MA, Ekhan P, Hammouri Al (2021) Healthcare scheduling in
optimization context: a review. Health Technol 11:445-469. https://doi.org/10.1007/s12553-021-005
47-5

LiZ,YiY, Wu X (2019) Data-Driven Hospital Surgery Scheduling Optimization. In Smart Health:
International Conference, ICSH 2019, Shenzhen, China, July 1-2, 2019, Proceedings 7 (pp. 369—
380). Springer International Publishing. https://doi.org/10.1007/978-3-030-34482-5 33

Ala A, Alsaadi FE, Ahmadi M, Mirjalili S (2021) Optimization of an appointment scheduling prob-
lem for healthcare systems based on the quality of fairness service using whale optimization algo-
rithm and NSGA-II. Sci Rep 11(1):19816

Wang Y, Zhang Y, Tang J (2019) A distributionally robust optimization approach for surgery block
allocation. Eur J Oper Res 273(2):740-753. https://doi.org/10.1016/j.ejor.2018.08.037

@ Springer


https://doi.org/10.1007/s10951-016-0489-6
https://doi.org/10.1007/s10951-016-0489-6
https://doi.org/10.1007/s10878-018-0322-6
https://doi.org/10.1111/j.1937-5956.2011.01221.x
https://doi.org/10.1111/j.1937-5956.2011.01221.x
https://doi.org/10.1007/s10729-010-9143-6
https://doi.org/10.1007/s10729-015-9343-1
https://doi.org/10.1007/s10288-009-0106-z
https://doi.org/10.3928/01477447-20240702-01
https://doi.org/10.1093/imaman/dps033
https://doi.org/10.1093/imaman/dps033
https://doi.org/10.1007/978-3-030-34702-4_16
https://doi.org/10.1007/978-3-030-34702-4_16
https://doi.org/10.1287/mnsc.2020.3898
https://doi.org/10.1007/s12553-021-00547-5
https://doi.org/10.1007/s12553-021-00547-5
https://doi.org/10.1007/978-3-030-34482-5_33
https://doi.org/10.1016/j.ejor.2018.08.037

3

Page 26 of 30 M. Al Amin et al.

23.

24.

25.

26.
27.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Ahmadi-Javid A, Jalali Z, Klassen KJ (2017) Outpatient appointment systems in healthcare: a review
of optimization studies. Eur J Oper Res 258(1):3—34. https://doi.org/10.1016/j.€jor.2016.06.064
Schmid V, Doerner KF (2014) Examination and operating room scheduling including optimization of
intrahospital routing. Transport Sci 48(1):59—77. https://doi.org/10.1287/trsc.1120.0452

Holmgren J, Persson M (2016) An optimization model for sequence dependent parallel operating
room scheduling. In Health Care Systems Engineering for Scientists and Practitioners: HCSE, Lyon,
France, May 2015 (pp. 41-51). Springer International Publishing. https://doi.org/10.1007/978-3-31
9-35132-2_5

Martins Ton V (2024) Intra-hospital patient transportation

Abedini A, Li W, Ye H (2017) An optimization model for operating room scheduling to reduce block-
ing across the perioperative process. Procedia Manuf 10:60-70. https://doi.org/10.1016/j.promfg.201
7.07.022

Journal of Medical Systems, 44, 1-7. doi: 10.1007/s10916-020-01644-0

Li Q, Liu Y, Sipahi Déngiil E, Yang Y, Ruan X, Enbeyle W (2022) [Retracted] operating Room plan-
ning for emergency surgery: optimization in Multiobjective Modeling and management from the latest
developments in Computational Intelligence techniques. Comput Intell Neurosci 2022(1):2290644
Belién J, Demeulemeester E, Cardoen B (2009) A decision support system for cyclic master surgery
scheduling with multiple objectives. J Sched 12(2):147-161. https://doi.org/10.1007/s10951-008-00
86-4

Xiang W (2017) A multi-objective ACO for operating room scheduling optimization. Nat Comput
16:607-617. https://doi.org/10.1007/s11047-016-9607-9

Wang D, Xu J (2008), December A fuzzy multi-objective optimizing scheduling for operation room
in hospital. In 2008 IEEE International Conference on Industrial Engineering and Engineering Man-
agement (pp. 614-618). IEEE. https://doi.org/10.1109/IEEM.2008.4737942

Meskens N, Duvivier D, Hanset A (2013) Multi-objective operating room scheduling considering
desiderata of the surgical team. Decis Support Syst 55(2):650-659. https://doi.org/10.1016/j.dss.201
2.10.019

Yu W, Jiafu T, Gang Q, Jun G (2014) Multi-objective particle swarm optimization method on operat-
ing Room Scheduling Problem. J Syst Simul 26(78):1658—1665

Chiang AJ, Jeang A, Chiang PC, Chiang PS, Chung CP (2019) Multi-objective optimization for simul-
taneous operating room and nursing unit scheduling. Int J Eng Bus Manage 11:1847979019891022.
https://doi.org/10.1177/1847979019891022

Guido R, Conforti D (2017) A hybrid genetic approach for solving an integrated multi-objective
operating room planning and scheduling problem. Comput Oper Res 87:270-282

Hamid M, Hamid M, Nasiri MM, Ebrahimnia M (2018) Improvement of operating room perfor-
mance using a multi-objective mathematical model and data envelopment analysis: a case study. Int
J Industrial Eng Prod Res 29(2):117-132

Gu C, Liu Q, Xiang W (2015) A Modified Ant Colony Optimization for the Multi-Objective Operat-
ing Room Scheduling. In Advances in Swarm and Computational Intelligence: 6th International
Conference, ICSI 2015, held in conjunction with the Second BRICS Congress, CCI 2015, Beijing,
China, June 25-28, 2015, Proceedings, Part I 6 (pp. 197-204). Springer International Publishing.
https://doi.org/10.1007/978-3-319-20466-6_21

Cardoen B, Demeulemeester E, Belién J (2009) Optimizing a multiple objective surgical case
sequencing problem. Int J Prod Econ 119(2):354-366. https://doi.org/10.1016/j.ijpe.2009.03.009
Cardoen B, Demeulemeester E, Belién J (2006) Optimizing a multiple objective surgical case sched-
uling problem. DTEW-KBI 0625, 1-38

Duenas A, Di Martinelly C, Yazgi Tiitiincii G, Aguado J (2017) A multi-objective hospital operating
room planning and scheduling problem using compromise programming. In Advances in Computa-
tional Intelligence: 15th Mexican International Conference on Artificial Intelligence, MICAI 2016,
Cancuin, Mexico, October 23-28, 2016, Proceedings, Part I 15 (pp. 379-390). Springer International
Publishing. https://doi.org/10.1007/978-3-319-62434-1 31

Khalfalli M, Abdelaziz B, F., Kamoun H (2019) Multi-objective surgery scheduling integrating sur-
geon constraints. Manag Decis 57(2):445-460

Lotfi M, Behnamian J (2022) Collaborative scheduling of operating room in hospital network: multi-
objective learning variable neighborhood search. Appl Soft Comput 116:108233. https://doi.org/10.1
016/j.as0c.2021.108233

@ Springer


https://doi.org/10.1016/j.ejor.2016.06.064
https://doi.org/10.1287/trsc.1120.0452
https://doi.org/10.1007/978-3-319-35132-2_5
https://doi.org/10.1007/978-3-319-35132-2_5
https://doi.org/10.1016/j.promfg.2017.07.022
https://doi.org/10.1016/j.promfg.2017.07.022
https://doi.org/10.1007/s10951-008-0086-4
https://doi.org/10.1007/s10951-008-0086-4
https://doi.org/10.1007/s11047-016-9607-9
https://doi.org/10.1109/IEEM.2008.4737942
https://doi.org/10.1016/j.dss.2012.10.019
https://doi.org/10.1016/j.dss.2012.10.019
https://doi.org/10.1177/1847979019891022
https://doi.org/10.1007/978-3-319-20466-6_21
https://doi.org/10.1016/j.ijpe.2009.03.009
https://doi.org/10.1007/978-3-319-62434-1_31
https://doi.org/10.1016/j.asoc.2021.108233
https://doi.org/10.1016/j.asoc.2021.108233

A comprehensive review on operating room scheduling and... Page 27 of 30 3

44.

45.

46.

47.

48.

49.

50.

S1.

52.

53.

54.

55.
56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Sun B, Song J, Shi L (2013), August Integrated operating room scheduling optimization under par-
ticularly workload constraint of surgeon. In 2013 IEEE International Conference on Automation Sci-
ence and Engineering (CASE) (pp. 972-977). IEEE. https://doi.org/10.1109/CoASE.2013.6653965
Xiang W, Li C (2015) Surgery scheduling optimization considering real life constraints and compre-
hensive operation cost of operating room. Technol Health Care 23(5):605-617

Saadouli H, Jerbi B, Dammak A, Masmoudi L, Bouaziz A (2015) A stochastic optimization and
simulation approach for scheduling operating rooms and recovery beds in an orthopedic surgery
department. Comput Ind Eng 80:72—79. https://doi.org/10.1016/j.cie.2014.11.021

Arab Momeni M, Mostofi A, Jain V, Soni G (2022) COVID19 epidemic outbreak: operating rooms
scheduling, specialty teams timetabling and emergency patients’ assignment using the robust optimi-
zation approach. Ann Oper Res 1-31. https://doi.org/10.1007/s10479-022-04667-7

Ordu M, Demir E, Tofallis C, Gunal MM (2021) A novel healthcare resource allocation decision sup-
port tool: a forecasting-simulation-optimization approach. J Oper Res Soc 72(3):485-500

Fairley M, Scheinker D, Brandeau ML (2019) Improving the efficiency of the operating room envi-
ronment with an optimization and machine learning model. Health Care Manag Sci 22:756-767.
https://doi.org/10.1007/s10729-018-9457-3

Boyd S, Parikh N, Chu E, Peleato B, Eckstein J (2011) Distributed optimization and statistical learn-
ing via the alternating direction method of multipliers. Found Trends® Mach Learn 3(1):1-122.
https://doi.org/10.1561/2200000016

Ahmed A, He L, Chou CA, Hamasha MM (2022) A prediction-optimization approach to surgery
prioritization in operating room scheduling. J Industrial Prod Eng 39(5):399—413. https://doi.org/10.
1080/21681015.2021.2017362

Mitchell L, Flin R (2008) Non-technical skills of the operating theatre scrub nurse: literature review.
J Adv Nurs 63(1):15-24. https://doi.org/10.1111/j.1365-2648.2008.04695.x

Maghzi P, Mohammadi M, Pasandideh SHR, Naderi B (2022) Operating room scheduling optimiza-
tion based on a fuzzy uncertainty approach and metaheuristic algorithms. Int J Eng 35(2):258-275.
https://doi.org/10.5829/1JE.2022.35.02B.01

Liu C, Wang J, Liu M (2017), June A scenario-based robust optimization approach for surgeries sched-
uling with a single specialised human resource server. In 2017 International Conference on Service
Systems and Service Management (pp. 1-4). IEEE. https://doi.org/10.1109/ICSSSM.2017.7996260
Bertsimas D, Gupta V, Kallus N (2018) Data-driven robust optimization. Math Program 167:235-292
Saadouli H, Masmoudi M, Jerbi B, Dammak A (2014), November An optimization and Simulation
approach for Operating Room scheduling under stochastic durations. In 2014 international confer-
ence on control, decision and information technologies (codit) (pp. 257-262). IEEE. https://doi.org/
10.1109/CoDIT.2014.6996903

Cervenanska Z, Vazan P, Juhas M, Juhasova B (2021) Multi-criteria optimization in operations sched-
uling applying selected priority rules. Appl Sci 11(6):2783. https://doi.org/10.3390/app11062783
Rachuba S, Werners B (2017) A fuzzy multi-criteria approach for robust operating room schedules.
Ann Oper Res 251:325-350. https://doi.org/10.1007/s10479-015-1926-1

Shafaei R, Mozdgir A (2019) Master surgical scheduling problem with multiple criteria and robust
estimation. Scientia Iranica 26(1):486-502. https://doi.org/10.24200/s¢i.2018.20416

Poornima S, Pushpalatha M (2020) A survey on various applications of prescriptive analytics. Int J
Intell Networks 1:76-84. https://doi.org/10.1016/].1jin.2020.07.001

Lepenioti K, Bousdekis A, Apostolou D, Mentzas G (2020) Prescriptive analytics: literature review
and research challenges. Int J Inf Manag 50:57-70. https://doi.org/10.1016/j.ijinfomgt.2019.04.003
Weber J, Cho MH, Lee M, Song SK, Geierhos M, Jung H (2014) System Thinking: Crafting Sce-
narios for Prescriptive Analytics. In /PaMin@ KONVENS

Van Poucke S, Thomeer M, Heath J, Vukicevic M (2016) Are randomized controlled trials the (g) old
standard? From clinical intelligence to prescriptive analytics. ] Med Internet Res 18(7):e185. https://
doi.org/10.2196/jmir.5549

1IBM Journal of Research and Development, 60(1), 4—1. doi: 10.1147/JRD.2015.2475935

von Kunze J, Fromm H (2014) Sales Force Analytics for the solution selling firm. A Predictive Model
for Assessing the Impact of Sales Team Assignments

Mirzaei T, Iyer L (2014) Application of predictive analytics in customer relationship management. A
literature review and classification

Adan 1, Bekkers J, Dellaert N, Vissers J, Yu X (2009) Patient mix optimisation and stochastic resource
requirements: a case study in cardiothoracic surgery planning. Health Care Manag Sci 12:129-141.
https://doi.org/10.1007/S10729-008-9080-9

@ Springer


https://doi.org/10.1109/CoASE.2013.6653965
https://doi.org/10.1016/j.cie.2014.11.021
https://doi.org/10.1007/s10479-022-04667-7
https://doi.org/10.1007/s10729-018-9457-3
https://doi.org/10.1561/2200000016
https://doi.org/10.1080/21681015.2021.2017362
https://doi.org/10.1080/21681015.2021.2017362
https://doi.org/10.1111/j.1365-2648.2008.04695.x
https://doi.org/10.5829/IJE.2022.35.02B.01
https://doi.org/10.1109/ICSSSM.2017.7996260
https://doi.org/10.1109/CoDIT.2014.6996903
https://doi.org/10.1109/CoDIT.2014.6996903
https://doi.org/10.3390/app11062783
https://doi.org/10.1007/s10479-015-1926-1
https://doi.org/10.24200/sci.2018.20416
https://doi.org/10.1016/j.ijin.2020.07.001
https://doi.org/10.1016/j.ijinfomgt.2019.04.003
https://doi.org/10.2196/jmir.5549
https://doi.org/10.2196/jmir.5549
https://doi.org/10.1007/S10729-008-9080-9

3

Page 28 of 30 M. Al Amin et al.

68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

Adan 1, Bekkers J, Dellaert N, Jeunet J, Vissers J (2011) Improving operational effectiveness of
tactical master plans for emergency and elective patients under stochastic demand and capacitated
resources. Eur J Oper Res 213(1):290-308. https://doi.org/10.1016/j.ejor.2011.02.025

Arnaout JPM, Kulbashian S (2008), December Maximizing the utilization of operating rooms with
stochastic times using simulation. In 2008 Winter Simulation Conference (pp. 1617-1623). IEEE.
https://doi.org/10.1109/WSC.2008.4736245

Augusto V, Xie X, Perdomo V (2010) Operating theatre scheduling with patient recovery in both
operating rooms and recovery beds. Comput Ind Eng 58(2):231-238. https://doi.org/10.1016/j.cie.20
09.04.0191

Al-Amin M, Housman M (2012) Ambulatory surgery center and general hospital competition: entry
decisions and strategic choices. Health Care Manage Rev 37(3):223-234. https://doi.org/10.1097/H
MR.0b013e318235¢ed31

Koenig L, Gu Q (2013) Growth of ambulatory surgical centers, surgery volume, and savings to medi-
care. Official J Am Coll Gastroenterology| ACG 108(1):10-15. https://doi.org/10.1038/ajg.2012.183
Ma G, Demeulemeester E (2013) A multilevel integrative approach to hospital case mix and capacity
planning. Comput Oper Res 40(9):2198-2207. https://doi.org/10.1016/j.cor.2012.01.013

Gupta D (2007) Surgical suites’ operations management. Prod Oper Manage 16(6):689-700. https://
doi.org/10.3401/poms

Aringhieri R, Landa P, Soriano P, Tanfani E, Testi A (2015) A two level metaheuristic for the operat-
ing room scheduling and assignment problem. Comput Oper Res 54:21-34. https://doi.org/10.1016/
j.cor.2014.08.014

Agnetis A, Coppi A, Corsini M, Dellino G, Meloni C, Pranzo M (2014) A decomposition approach
for the combined master surgical schedule and surgical case assignment problems. Health Care
Manag Sci 17:49-59. https://doi.org/10.1007/s10729-013-9244-0

Vancroonenburg W, Smet P, Berghe GV (2015) A two-phase heuristic approach to multi-day surgical
case scheduling considering generalized resource constraints. Oper Res Health Care 7:27-39. https:/
/doi.org/10.1016/j.0rhc.2015.09.010

Castro PM, Marques I (2015) Operating room scheduling with generalized disjunctive programming.
Comput Oper Res 64:262-273. https://doi.org/10.1016/j.cor.2015.06.002

Zhu Z (2011), March A two-stage scheduling approach of operation rooms considering uncertain
operation time. In International conference on information science and technology (pp. 1225-1228).
IEEE. https://doi.org/10.1109/ICIST.2011.5765192

Denton B, Viapiano J, Vogl A (2007) Optimization of surgery sequencing and scheduling decisions
under uncertainty. Health Care Manag Sci 10:13-24. https://doi.org/10.1007/s10729-006-9005-4
Van Huele C, Vanhoucke M (2014) Analysis of the integration of the physician rostering problem and
the surgery scheduling problem. J Med Syst 38:1-16. https://doi.org/10.1007/s10916-014-0043-z
Fei H, Meskens N, Chu C (2010) A planning and scheduling problem for an operating theatre using an
open scheduling strategy. Comput Ind Eng 58(2):221-230. https://doi.org/10.1016/j.cie.2009.02.012
Molina-Pariente JM, Hans EW, Framinan JM (2018) A stochastic approach for solving the operating
room scheduling problem. Flex Serv Manuf J 30:224-251. https://doi.org/10.1007/s10696-016-925
0-x

Bergman D, Huang T, Brooks P, Lodi A, Raghunathan AU (2022) JANOS: an integrated predictive
and prescriptive modeling framework. INFORMS J Comput 34(2):807-816. https://doi.org/10.1287
/ijoc.2020.1023

Eshghali M, Kannan D, Salmanzadeh-Meydani N, Esmaieeli Sikaroudi AM (2024) Machine learning
based integrated scheduling and rescheduling for elective and emergency patients in the operating
theatre. Ann Oper Res 332(1):989-1012. https://doi.org/10.1007/s10479-023-05168-x

May JH, Strum DP, Vargas LG (2000) Fitting the lognormal distribution to surgical procedure times.
Decis Sci 31(1):129-148. https://doi.org/10.1111/j.1540-5915.2000.tb00927.x

Jones LK, Jennings BM, Higgins MK, De Waal FB (2018) Ethological observations of social behav-
ior in the operating room. Proceedings of the National Academy of Sciences, 115(29), 7575-7580.
https://doi.org/10.1073/PNAS.1716883115

Agnetis A, Coppi A, Corsini M, Dellino G, Meloni C, Pranzo M (2012) Long term evaluation of
operating theater planning policies. Oper Res Health Care 1(4):95-104. https://doi.org/10.1016/j.orh
¢.2012.10.001

Antonelli D, Taurino T (2010, February) Application of a patient flow model to a surgery department.
In 2010 IEEE workshop on health care management (WHCM). IEEE 1-6. https://doi.org/10.1109/W
HCM.2010.5441247

@ Springer


https://doi.org/10.1016/j.ejor.2011.02.025
https://doi.org/10.1109/WSC.2008.4736245
https://doi.org/10.1016/j.cie.2009.04.019ï
https://doi.org/10.1016/j.cie.2009.04.019ï
https://doi.org/10.1097/HMR.0b013e318235ed31
https://doi.org/10.1097/HMR.0b013e318235ed31
https://doi.org/10.1038/ajg.2012.183
https://doi.org/10.1016/j.cor.2012.01.013
https://doi.org/10.3401/poms
https://doi.org/10.3401/poms
https://doi.org/10.1016/j.cor.2014.08.014
https://doi.org/10.1016/j.cor.2014.08.014
https://doi.org/10.1007/s10729-013-9244-0
https://doi.org/10.1016/j.orhc.2015.09.010
https://doi.org/10.1016/j.orhc.2015.09.010
https://doi.org/10.1016/j.cor.2015.06.002
https://doi.org/10.1109/ICIST.2011.5765192
https://doi.org/10.1007/s10729-006-9005-4
https://doi.org/10.1007/s10916-014-0043-z
https://doi.org/10.1016/j.cie.2009.02.012
https://doi.org/10.1007/s10696-016-9250-x
https://doi.org/10.1007/s10696-016-9250-x
https://doi.org/10.1287/ijoc.2020.1023
https://doi.org/10.1287/ijoc.2020.1023
https://doi.org/10.1007/s10479-023-05168-x
https://doi.org/10.1111/j.1540-5915.2000.tb00927.x
https://doi.org/10.1073/PNAS.1716883115
https://doi.org/10.1016/j.orhc.2012.10.001
https://doi.org/10.1016/j.orhc.2012.10.001
https://doi.org/10.1109/WHCM.2010.5441247
https://doi.org/10.1109/WHCM.2010.5441247

A comprehensive review on operating room scheduling and... Page 29 of 30 3

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

Batun S, Denton BT, Huschka TR, Schaefer AJ (2011) Operating room pooling and parallel surgery
processing under uncertainty. INFORMS J Comput 23(2):220-237. https://doi.org/10.1287/ijoc.110
0.0396

Harris S, Claudio D (2022) March). Current trends in operating room scheduling 2015 to 2020: a
literature review. Operations Research Forum, vol 3. Springer International Publishing, Cham, p 21.
https://doi.org/10.1007/s43069-022-00134-y.

Denton BT, Miller AJ, Balasubramanian HJ, Huschka TR (2010) Optimal allocation of surgery
blocks to operating rooms under uncertainty. Oper Res 58(4—part—1):802—816. https://doi.org/10.128
7/0opre.1090.0791

Maleki A, Hosseininesaz H, Jasemi M (2023) A comparative analysis of the efficient operating room
scheduling models using robust optimization and upper partial moment. Healthc Analytics 3:100144.
https://doi.org/10.1016/j.health.2023.100144

Van Essen JT, Hurink JL, Hartholt W, van den Akker BJ (2012) Decision support system for the
operating room rescheduling problem. Health Care Manag Sci 15:355-372. https://doi.org/10.1007/
S10729-012-9202-2

Guda H, Dawande M, Janakiraman G, Jung KS (2016) Optimal policy for a stochastic scheduling
problem with applications to surgical scheduling. Prod Oper Manage 25(7):1194-1202. https://doi.o
rg/10.1111/poms.12538

Addis B, Carello G, Grosso A, Tanfani E (2016) Operating room scheduling and rescheduling: a roll-
ing horizon approach. Flex Serv Manuf J 28(1):206-232. https://doi.org/10.1007/s10696-015-9213-7
Souki M, Rebai A (2009), July Memetic differential evolution algorithm for operating room schedul-
ing. In 2009 International Conference on Computers & Industrial Engineering (pp. 845-850). IEEE.
https://doi.org/10.1109/iccie.2009.5223835

Dexter F, Epstein RH (2024) Fundamentals of operating room allocation and case scheduling to
minimize the inefficiency of use of the time. Perioperative Care Operating Room Manage 100379.
https://doi.org/10.1016/j.pcorm.2024.100379

Cardoen B, Demeulemeester E, Belién J (2009) Sequencing surgical cases in a day-care environ-
ment: an exact branch-and-price approach. Comput Oper Res 36(9):2660-2669. https://doi.org/10.1
016/j.cor.2008.11.012

Hashemi Doulabi SH, Rousseau LM, Pesant G (2016) A constraint-programming-based branch-
and-price-and-cut approach for operating room planning and scheduling. INFORMS J Comput
28(3):432-448

Schouten AM, Flipse SM, van Nieuwenhuizen KE, Jansen FW, van der Eijk AC, van den Dobbels-
teen JJ (2023) Operating room performance optimization metrics: a systematic review. J Med Syst
47(1):19. https://doi.org/10.1007/s10916-023-01912-9

Dexter F, Macario A, Ledolter J (2007) Identification of systematic underestimation (bias) of case
durations during case scheduling would not markedly reduce overutilized operating room time. J Clin
Anesth 19(3):198-203. https://doi.org/10.1016/j.jclinane.2006.10.009

Vandenberghe M, Vuyst SD, Aghezzaf EH, Bruneel H (2021) Stochastic surgery selection and
sequencing under dynamic emergency break-ins. J Oper Res Soc 72(6):1309-1329

Testi A, Tanfani E (2009) Tactical and operational decisions for operating room planning: efficiency
and welfare implications. Health Care Manag Sci 12:363-373. https://doi.org/10.1007/S10729-008-9
093-4

Testi A, Tanfani E, Valente R, Ansaldo GL, Torre GC (2008) Prioritizing surgical waiting lists. J Eval
Clin Pract 14(1):59-64. https://doi.org/10.1111/j.1365-2753.2007.00794.x

The Journal of the American Society of Anesthesiologists, 110(6), 1293—1304. doi: 10.1097/
ALN.0b013e3181a16983

Tanfani E, Testi A (2010) A pre-assignment heuristic algorithm for the Master Surgical schedule
problem (MSSP). Ann Oper Res 178:105-119. https://doi.org/10.1007/s10479-009-0568-6

Tsang MY, Shehadeh KS, Curtis FE, Hochman BR, Brentjens TE (2024) Stochastic optimization
approaches for an operating room and anesthesiologist scheduling problem. Oper Res. https://doi.or
2/10.1287/0opre.2022.0258

Stuart K, Kozan E (2012) Reactive scheduling model for the operating theatre. Flex Serv Manuf J
24:400-421. https://doi.org/10.1007/S10696-011-9111-6

Erdem E, Qu X, Shi J (2012) Rescheduling of elective patients upon the arrival of emergency
patients. Decis Support Syst 54(1):551-563. https://doi.org/10.1016/j.dss.2012.08.002

Rahimi I, Gandomi AH, Deb K, Chen F, Nikoo MR (2022) Scheduling by NSGA-II: review and
bibliometric analysis. Processes 10(1):98. https://doi.org/10.3390/pr10010098

@ Springer


https://doi.org/10.1287/ijoc.1100.0396
https://doi.org/10.1287/ijoc.1100.0396
https://doi.org/10.1007/s43069-022-00134-y
https://doi.org/10.1287/opre.1090.0791
https://doi.org/10.1287/opre.1090.0791
https://doi.org/10.1016/j.health.2023.100144
https://doi.org/10.1007/S10729-012-9202-2
https://doi.org/10.1007/S10729-012-9202-2
https://doi.org/10.1111/poms.12538
https://doi.org/10.1111/poms.12538
https://doi.org/10.1007/s10696-015-9213-7
https://doi.org/10.1109/iccie.2009.5223835
https://doi.org/10.1016/j.pcorm.2024.100379
https://doi.org/10.1016/j.cor.2008.11.012
https://doi.org/10.1016/j.cor.2008.11.012
https://doi.org/10.1007/s10916-023-01912-9
https://doi.org/10.1016/j.jclinane.2006.10.009
https://doi.org/10.1007/S10729-008-9093-4
https://doi.org/10.1007/S10729-008-9093-4
https://doi.org/10.1111/j.1365-2753.2007.00794.x
https://doi.org/10.1007/s10479-009-0568-6
https://doi.org/10.1287/opre.2022.0258
https://doi.org/10.1287/opre.2022.0258
https://doi.org/10.1007/S10696-011-9111-6
https://doi.org/10.1016/j.dss.2012.08.002
https://doi.org/10.3390/pr10010098

3

Page 30 of 30 M. Al Amin et al.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

Rahimi I, Gandomi AH (2021) A comprehensive review and analysis of operating room and surgery
scheduling. Arch Comput Methods Eng 28(3):1667—1688. https://doi.org/10.1007/s11831-020-0943
2-2

Fallahpour Y, Rafiee M, Elomri A, Kayvanfar V, Omri E, A (2024) A multi-objective planning and
scheduling model for elective and emergency cases in the operating room under uncertainty. Decis
Analytics J 11:100475. https://doi.org/10.1016/j.dajour.2024.100475

Kayvanfar V, Akbari Jokar MR, Rafiee M, Sheikh S, Iranzad R (2021) A new model for operating
room scheduling with elective patient strategy. INFOR: Inform Syst Oper Res 59(2):309-332. https:
//doi.org/10.1080/03155986.2021.1881359

Rath S, Rajaram K, Mahajan A (2017) Integrated anesthesiologist and room scheduling for surgeries:
methodology and application. Oper Res 65(6):1460—1478. https://doi.org/10.1287/opre.2017.1634
Fei H, Chu C, Meskens N (2009) Solving a tactical operating room planning problem by a column-
generation-based heuristic procedure with four criteria. Ann Oper Res 166:91-108. https://doi.org/1
0.1007/s10479-008-0413-3

Marques I, Captivo ME (2017) Different stakeholders’ perspectives for a surgical case assignment
problem: deterministic and robust approaches. Eur J Oper Res 261(1):260—278. https://doi.org/10.10
16/j.€jor.2017.01.036

Baesler F, Fuentes G, J., Correa R (2015) Simulation optimisation for operating room scheduling.
https://doi.org/10.2507/1ISIMM14(2)3.287

Dios M, Molina-Pariente JM, Fernandez-Viagas V, Andrade-Pineda JL, Framinan JM (2015) A deci-
sion support system for operating room scheduling. Comput Ind Eng 88:430—443. https://doi.org/10
.1016/j.cie.2015.08.001

Huang T, Bergman D, Gopal R (2019) Predictive and prescriptive analytics for location selection of
add-on retail products. Prod Oper Manage 28(7):1858-1877. https://doi.org/10.1111/poms.13018
Davila MP (2013) A methodology for scheduling operating rooms under uncertainty. University of
South Florida

Durugkar SR, Raja R, Nagwanshi KK, Kumar S (2022) Introduction to data mining. Data Min Mach
Learn Appl 1-19. https://doi.org/10.1002/9781119792529.ch1

Apostolakis J (2010) An introduction to data mining. Data Min Crystallogr 1-35. https://doi.org/10.
1007/430_2009 1

Marques I, Captivo ME, Vaz Pato M (2012) An integer programming approach to elective surgery
scheduling: analysis and comparison based on a real case. OR Spectrum 34(2):407—427

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps

and

institutional affiliations.

Authors and Affiliations

Md Al Amin'2® . Roberto Baldacci'® - Vahid Kayvanfar'

<

Md Al Amin
mdal44149@hbku.edu.qa

Roberto Baldacci
rbaldacci@hbku.edu.qa

Vahid Kayvanfar

valikayvanfar@hbku.edu.qa

Division of Engineering Management and Decision Sciences, College of Science and
Engineering, Hamad Bin Khalifa University, Qatar Foundation, Doha 34110, Qatar

Department of Industrial Engineering and Management, Khulna University of Engineering
& Technology, Khulna 9203, Bangladesh

@ Springer


https://doi.org/10.1007/s11831-020-09432-2
https://doi.org/10.1007/s11831-020-09432-2
https://doi.org/10.1016/j.dajour.2024.100475
https://doi.org/10.1080/03155986.2021.1881359
https://doi.org/10.1080/03155986.2021.1881359
https://doi.org/10.1287/opre.2017.1634
https://doi.org/10.1007/s10479-008-0413-3
https://doi.org/10.1007/s10479-008-0413-3
https://doi.org/10.1016/j.ejor.2017.01.036
https://doi.org/10.1016/j.ejor.2017.01.036
https://doi.org/10.2507/IJSIMM14(2)3.287
https://doi.org/10.1016/j.cie.2015.08.001
https://doi.org/10.1016/j.cie.2015.08.001
https://doi.org/10.1111/poms.13018
https://doi.org/10.1002/9781119792529.ch1
https://doi.org/10.1007/430_2009_1
https://doi.org/10.1007/430_2009_1
http://orcid.org/0000-0002-1712-3037
http://orcid.org/0000-0003-0938-5798
http://orcid.org/0000-0001-8268-9873

	﻿A comprehensive review on operating room scheduling and optimization
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿﻿2﻿ ﻿Methodology
	﻿2.1﻿ ﻿Study design
	﻿2.2﻿ ﻿Data collection and analysis

	﻿﻿3﻿ ﻿Result and discussion
	﻿3.1﻿ ﻿Different factors and issues in ORS research
	﻿3.1.1﻿ ﻿Patient characteristics
	﻿3.1.1.1﻿ ﻿Elective vs. non-elective
	﻿3.1.1.2﻿ ﻿Inpatients vs. outpatients



	﻿3.1.2﻿ ﻿Planning horizon in OR scheduling
	﻿3.1.3﻿ ﻿Decision levels
	﻿3.1.4﻿ ﻿Scheduling strategies
	﻿3.1.5﻿ ﻿Machine learning in ORS
	﻿3.1.6﻿ ﻿Uncertainty in ORS
	﻿3.2﻿ ﻿Optimization oriented review
	﻿3.2.1﻿ ﻿Problem definition, assumptions and objective functions in ORS research
	﻿3.2.2﻿ ﻿Performance measures
	﻿3.2.3﻿ ﻿Decision delineation and facilities
	﻿3.2.4﻿ ﻿Operations research methodology in ORS
	﻿3.2.5﻿ ﻿Solution methods/approaches in ORS research
	﻿3.2.6﻿ ﻿Testing phase, exploratory data analysis and application

	﻿﻿4﻿ ﻿Practical challenges and common pitfalls
	﻿4.1﻿ ﻿Practical challenges/constraints
	﻿4.2﻿ ﻿Common pitfalls and ways to avoid

	﻿﻿5﻿ ﻿Limitations and future directions
	﻿5.1﻿ ﻿Limitations of this review
	﻿5.2﻿ ﻿Future directions
	﻿5.2.1﻿ ﻿High priority: integration of emerging technologies
	﻿5.2.2﻿ ﻿Medium priority: sustainability in ORS
	﻿5.2.3﻿ ﻿Medium priority: addressing practical constraints in ORS
	﻿5.2.4﻿ ﻿Low priority: optimization of multi-operating room schedules


	﻿﻿6﻿ ﻿Conclusion
	﻿6.1﻿ ﻿Key findings and recommendations
	﻿6.2﻿ ﻿Academic and practical implications

	﻿References


