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Abstract
In the realm of operating room management (ORM), several key challenges loom large,
including the reduction of overtime and idle time for surgeons, avoiding overutilization and
underutilization of ORs, and the equitable allocation of patients to surgeons to mitigate work-
load pressures. Moreover, the potential disruption risks associated with surgeons can lead
to surgery cancellations. This research presents a comprehensive framework for addressing
these challenges through a unified approach encompassing capacity planning and equitable
scheduling within surgery departments. An essential component of this approach involves
the identification of backup surgeons to minimize the surgery cancellations risk attributable
to surgeon unavailability. The capacity planning phase is executed in the initial stage, lever-
aging Markovian queueing systems to optimize resource allocation. In the second stage, a
resilient scheduling model is introduced, considering the equitable assignment of patients
to surgeons. This scheduling model is developed using a goal programming approach and
is solved efficiently using a novel decomposition-based heuristic method designed to expe-
dite the optimal solution attainment. To validate the efficacy of this innovative approach, a
real-world case study is undertaken, showcasing its practical application and demonstrating
its proficiency in addressing the complex challenges inherent in ORM, followed by some
valuable managerial insights. By implementing the proposed approach, the optimal number
of operating rooms is obtained from the preceding queueing model in the capacity planning
phase, and the effect of changing surgeon numbers is analyzed. Results show that optimiz-
ing unit capacity improves surgery scheduling and demonstrates the proposed framework’s
efficiency.
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1 Introduction

In contemporary healthcare administration, administrators confront significant challenges
stemming from resource constraints, budget limitations, and deficiencies in both equipment
and a qualified workforce, as noted byMohammadi et al., (2022). Among the various depart-
ments within medical facilities, surgery departments and operating rooms (ORs) consistently
incur the highest costs (Lamiri et al., 2008), while concurrently representing the primary
revenue generators for hospitals (Al-Refaie, 2018). The optimization of operating room
scheduling (ORS) assumes paramount importance in the overarching management of health-
care institutions, given its profound implications for patient care and staff productivity. It is
worth noting that underutilization of ORs results in avoidable costs (Rahimi & Gandomi,
2021), whereas a judiciously planned ORS protocol promotes the efficient utilization of ORs,
thus reducing patient waiting times and optimizing resource utilization. As such, strategic
decisions concerning operational and capacity policies become imperative to ensure timely
patient access and operational efficiency (Van Riet & Demeulemeester, 2015). Furthermore,
equitable patient assignment to surgeons underscores the importance of fairness to surgical
staff, a goal that can be achieved byminimizing deviations from established standardworking
hours.

Following surgical procedures, patients typically require transportation to various down-
stream units within the healthcare facility. These post-surgical units, such as the post-
anesthesia care unit (PACU), the intensive care unit (ICU), and the general ward, effectively
form a network of interconnected queues, each featuring distinct server characteristics (Fer-
dinandes et al., 2017). In this context, the application of queueing systems (QSs) emerges as
a valuable tool for the purpose of capacity planning across the diverse units within medical
centers (Gökalp&Sanci, 2023). Thesemodels serve a dual role, not only averting patient con-
gestion but also mitigating patient wait times. Furthermore, it’s imperative to acknowledge
that ORs must accommodate two distinct categories of patients, as highlighted by Rahimi
and Gandomi (2021). One of the central challenges inherent in ORS pertains to the delicate
balance that must be struck between emergency cases and elective procedures. Achieving this
equilibriumhinges on the effective implementation of capacity planning strategies.Moreover,
in accordance with the findings of Van Riet and Demeulemeester (2015), the segregation of
elective and emergency patient flows can yield substantial advantages by curbing flow vari-
ability, a factor known to precipitate extended waiting times for patients.

The issue of surgery cancellations remains a pervasive challenge that many hospitals have
yet to effectively resolve (Cho et al., 2019). The consequences of cancelled surgeries reverber-
ate through the healthcare system, resulting in the underutilization of ORs, surgeon resources,
and other critical hospital assets (Erekat et al., 2020). Staff-related reasons, including those
stemming from surgeons, contribute significantly to the occurrence of surgery cancellations.
The identification and designation of backup surgeons offer a promising strategy for mit-
igating the disruptive impact of surgeon-initiated cancellations, ultimately bolstering the
resilience of OR schedules. In light of these considerations, this study endeavors to address
the following questions:

• How can the application of queueing systems in OR management facilitate the deter-
mination of the optimal number of servers within ORs and downstream units, thereby
maximizing server utilization rates?

• In what manner can quantitative methodologies, specifically mathematical modeling, be
harnessed to effectively manage both idle time and overtime experienced by surgeons and
ORs while concurrently ensuring equitable patient assignment to surgeons?
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• What strategies can be employed to enhance the resilience of OR scheduling by iden-
tifying backup surgeons capable of mitigating the risks associated with surgeon-related
disruptions?

This study proposes a two-phase framework to improve the management of operating
rooms (ORs) in hospital environments. In the first phase, we concentrate on capacity planning
by addressing the arrival rates of both elective and emergency patients while also considering
resource limitations. These constraints are thoroughly analyzed to optimize the allocation of
servers, aiming tominimize patient waiting times and reduce the likelihood of server idleness.
In the subsequent second phase, we present an innovativeOperating RoomScheduling (ORS)
model. This model is dedicated to ensuring fair scheduling practices for surgeons, thereby
preventing overtime and idle periods for them, as well as avoiding the overuse or underuse
of ORs. Importantly, the optimal number of servers determined in the first phase is utilized
in this second phase of OR planning.

In summary, this study makes several notable contributions, including:

• Introducing an all-encompassing dual-phase framework that encompasses both capacity
planning through the utilization of queuing systems and the scheduling of surgical proce-
dures.

• The enhancement of ORS resilience through the identification of backup surgeons.
• The consideration of varying expertise levels among surgeons, accounting for variable
surgery durations.

• The establishment of a time slot-based sequence for surgeries.
• The achievement of equitable patient assignment to surgeons, coupled with the effective
management of surgeon and OR idle time and overtime through a Goal Programming (GP)
approach.

The rest of the sections of this research are organized in this way: In Sect. 2, a compre-
hensive literature review of ORS articles is presented. In Sect. 3, the problem description is
provided. Section 4 presents the proposed methodology employed in this study. Section 5
explains the solution approach. In Sect. 6, a case study and results are presented. Sensitiv-
ity analyses are accessible in Sect. 7. Discussion and managerial insights are accessible in
Sect. 8. Conclusion, limitations, and future directions are provided in Sect. 9.

2 Literature review

Within this section, we delve into a comprehensive examination of the key scholarly works
pertaining to the field of Operating Room Scheduling (ORS). Numerous research endeavors
have delved into the intricacies of the ORS problem (ORSP), underscoring its significance
within the broader healthcare domain, particularly in hospital settings. Notably, due to the
inherent complexity of ORS models, a multitude of scholarly papers have devised diverse
solution methodologies. These approaches encompass the utilization of techniques such
as Lagrangian relaxation, branch-and-price methods, various heuristics, as well as meta-
heuristics, all of which have been meticulously explored within this section. Furthermore,
we take an in-depth look at select papers that have harnessed Queueing Systems (QSs) within
the healthcare domain, followed by an analysis aimed at elucidating the existing research
gaps in this domain.

In the realm of ORS, a multitude of research endeavors have contributed significantly
to addressing various challenges and optimizing scheduling processes. Jung et al. (2019)
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introduced a model aimed at allocating OR capacity to elective patients, ensuring the imme-
diate accommodation of randomly arriving emergency cases within weekly schedules. Their
focus was on cost reduction, and they presented optimization techniques for generating
effective schedules, along with strategies for rescheduling. Hsu et al. (2003) presented a
deterministic approach for organizing patients in ambulatory surgical centers. Their objec-
tive was to minimize the workforce requirements, particularly the number of nurses in the
Post-Anesthesia Care Unit (PACU). They employed a Tabu Search (TS) algorithm to address
their optimization problem. Jebali et al. (2006) introduced a two-step approach for ORS. The
first phase involved the assignment of surgical operations to specific ORs, while the second
phase focused on sequencing these allocated operations to enhance OR utilization. Resource-
related constraints and procedural conditions were factored into their model. Augusto et al.
(2010) proposed a scheduling and planning model with deterministic parameters, leveraging
the Lagrangian method for optimization. Yin and Xiang (2012) harnessed the Ant Colony
Optimization (ACO) algorithm, considering interrelated units and the allocation of multi-
ple surgeons to a single operation. Van Huele and Vanhoucke (2015) employed the Goal
Programming (GP) approach to formulate a unified framework for surgery scheduling and
physician rostering planning. Li et al. (2017) investigated a Mixed Integer Programming
(MIP) model for elective surgery scheduling, incorporating accessibility to surgeons and
ORs. Their GP-based approach aimed to optimize various objectives, including the expected
number of patients waiting for service, OR underutilization, and patient flow in the recovery
unit. Al-Refaie et al. (2018) introduced two ORSmodels, addressing ICU and OR scheduling
over multiple time periods. These models encompassed cost-effective scheduling and patient
sequencing. Gür et al. (2019) sought to balance equipment and resource utilization in hos-
pital ORs, employing both GP and constraint programming methods. Barrera et al. (2020)
utilized a dynamic programming (DP)model under stochastic conditions tominimize referral
costs in surgery scheduling. They also proposed a heuristic approach for efficient solutions.
Kayvanfar et al. (2021) developed an open strategy ORS model to minimize OR idle time
and maximize the number of planned operations, employing binary programming and mixed
integer binary models for OR and recovery room management. Rahimi and Gandomi (2021)
conducted a comprehensive review and analysis of ORSPs, comparing various solution tech-
niques and suggesting future research directions. Keyvanshokooh et al. (2022) tackled the
problem of scheduling clinic and surgery appointments for surgical patients. They aimed to
ensure timely access to care by coordinating these appointments so that patients could see
a surgeon and schedule surgery within a maximum wait time. They addressed uncertainties
like the number of appointment requests, whether surgery is needed, and surgery durations.
They developed an integrated multi-stage stochastic and distributionally robust optimiza-
tion approach. They proposed a data-driven rolling horizon procedure for implementation.
HashemiDoulabi andKhalilpourazari (2023) tackled a stochasticORplanning problem, aim-
ing to reduce fixed OR opening costs and expected overtime costs while enhancing model
efficiency with fewer variables and constraints, incorporating valid inequalities. Shehadeh
and Padman (2022) examined elective ORS through a stochastic optimization lens, consid-
ering downstream capacity constraints. Arab Momeni et al. (2022) addressed the activation
of ORs, patient assignments (including COVID-19 considerations), operation scheduling
with pandemic guidelines, and specialty crew allocation. Azar et al. (2022) proposed a time-
indexed scheduling approach for ORS, introducing chance constraints based on surgery
duration probability distributions. Bargetto et al. (2023) tackled an integrated OR planning
and scheduling problem, accounting for due dates, capacity limitations, sequencing, and addi-
tional human resources. They also incorporated a sequence-dependentmodel forOR cleaning
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times, devising a branch-and-price-and-cut technique for solution. Wang et al. (2023) inves-
tigated ORS under the non-operating room anesthesia (NORA) mechanism, focusing on the
management of uncertainty in emergency arrivals and exploring the advantages of the NORA
approach. Fallahpour et al. (2024) developed an integrated MIP framework for planning and
scheduling ORs in hospitals, addressing both elective and emergency patients in an uncertain
environment. By incorporating robust optimization and a deterministic model enhanced with
an epsilon constraint method, the study generates Pareto-optimal solutions, demonstrating
significant improvements in minimizing inactivity and patient wait times while optimizing
resource allocation across pre- and post-operative units. Ala and Goli (2024) developed a
MILP model combined with a machine learning-tab search (ML-TS) algorithm to optimize
ORS by minimizing overtime costs, improving patient satisfaction, and prioritizing fairness
based on urgency and waiting times. Their results demonstrated significant efficiency gains,
with 50–65% cost savings per surgery and a 35% improvement in algorithmic performance,
offering valuablemanagerial insights for balancing uncertainty, surgeon preferences, and cost
regulation. Akbarzadeh and Maenhout (2024) investigated the impact of integrating flexibil-
ity into the OR planning and scheduling process across strategic, tactical, and operational
decision levels, using a proactive–reactive decision framework guided by optimization and
simulation techniques. Their study demonstrated that combining master surgery schedules
with reactive rescheduling enhances OR utilization and consistency, while embedding flexi-
bility through policy decisions effectively manages demand variability, albeit with increased
performance variability. Almoghrabi and Sagnol (2025) addressed the elective surgery plan-
ning problem in hospitals by developing a two-phase framework: an offline phase for patient
scheduling and block assignment using a two-stage stochastic program and an online phase to
manage emergency insertions and cancellations. The proposed approach, which incorporates
a convex piecewise linear surrogate model and a greedy online policy, significantly reduces
expected costs (up to 30%) compared to heuristic methods while efficiently solving instances
with up to 1000 patients in about one minute.

The Queuing Systems (QSs) in the planning of operating rooms have been underutilized
as an efficient tool. As an illustration, Aghsami et al., (2023) harnessed Markov chains in
the context of a blood transfusion network. Ferdinandes et al. (2017) optimized accident and
emergency units, employing an M/M/3 model. In another context, Hall et al., (2023) delved
into the progression of COVID-19 in the United States, leveraging QSs. Their study involved
a comparison of methodologies for approximating actual infection and mortality rates, offer-
ing insights into the timing and dynamics of COVID-19 across different locations. Rathore
(2023) adopted an M/M/C model to effectively manage bed occupancy, determine ideal
bed counts, and facilitate the movement of patients within hospital facilities. Additionally,
Rathore explored the probability of selecting a particular patient for bed allocation. Rahi-
minia et al. (2023a) also drew uponQSs to address patient congestion and waste management
under epidemic conditions.

In light of the extensive literature review, it becomes evident that the Operating Room
Scheduling Problem (ORSP) is gaining increasing attention, primarily due to the pivotal role
of surgeries within the healthcare system and their profound impact on hospital performance.
Published studies within this domain strive to optimize OR capacities, resources, timing,
and associated costs. Furthermore, QSs have found applications in healthcare scenarios to
manage patient wait times and enhance server utilization (Zonderland & Boucherie, 2012).
It’s noteworthy that some literature exists where QSs have been employed for department
scheduling in medical centers beyond ORs, exemplified by the work of Long et al., (2020).

However, one aspect conspicuously absent in prior research efforts is the emphasis on
enhancing the resilience of ORS, which is of paramount importance. A promising approach
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to bolster this resilience involves the identification of backup surgeons for surgical operations,
a novel aspect explored in this present study. Table 1 provides a comparative overview of
key scholarly works in the realm of ORS. To the best of our knowledge, no prior study in
the literature has harnessed queuing models within the context of ORS to facilitate resilient
and equitable scheduling of operating rooms, incorporating the concept of backup surgeons.
Such an approach serves the dual purpose of minimizing surgeon overtime and idle time
(accounting for varying levels of expertise) and optimizing the utilization of operating rooms.
Furthermore, it entails the determination of the allocation of servers to each unit, all facilitated
through the use of queueing systems. This paper is poised to bridge this research gap by
introducing an innovative mathematical model underpinned by a Goal Programming (GP)
approach, encompassing the management of idle time and overtime for both surgeons and
ORs.

3 Problem description

The examination of prior sections underscores the pivotal role of capacity planning and
advanced scheduling in the comprehensive management of surgery departments, both of
which are examined in an integrated fashion within this study. This integrated approach
holds the potential to significantly enhance the operational efficiency of medical centers.

Hospitals encompass a multitude of interconnected units, interrelated by the patient treat-
ment process. The arrival and departure rates of upstream units wield a direct influence on
the arrival rate of downstream units, establishing a network of queues within medical cen-
ters. The utilization of queueing system relationships becomes instrumental in optimizing
service rates and calculating queueing measures. Given the resource constraints in hospitals,
including equipment and space limitations, it becomes imperative to identify bottlenecks and
determine the optimal number of servers for each unit. Such measures serve to enhance the
productivity of hospital personnel, curbing congestion and patient wait times.

In this study, the queuing dynamics of both ORs and downstream units are considered in
the context of capacity planning, elucidated in phase one. It’s worth noting that the number of
ORs, as determined during the capacity planning phase, exerts a substantial impact on subse-
quent outcomes. Post capacity planning, the scheduling of various units becomes essential.
Scheduling within ORs is inherently intricate due to the multitude of constraints character-
izing surgery departments. Within the ORS phase, effective scheduling must account for the
working hours of surgeons and ORs to minimize idle time and overtime, thereby averting
additional costs. The pursuit of a fair scheduling regime, which optimally assigns patients
to surgeons to balance surgeons’ workloads, is essential to maximize surgical team util-
ity. Moreover, the ORS model must also incorporate resilience considerations to mitigate
surgery cancellation rates attributable to surgeon-related disruptions. One strategy to achieve
this involves the identification of backup surgeons for surgical procedures. The comprehen-
sive ORS model introduced herein, detailed in phase two, encompasses all these critical
aspects.

In this research, a novel two-phase approach has been devised to address the multifaceted
challenge at hand. First, the study leverages Queuing Systems (QSs) for capacity planning,
with a specific focus on utilizing Markovian models to determine the optimal number of
servers in both ORs and downstream units. Subsequently, the research presents a novel
mathematical model for ORS, aimed at yielding an optimal surgical schedule by optimizing
surgeon and OR service times. The proposed methodology is visually depicted in Fig. 1.
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Fig. 1 The flow chart of the methodology

3.1 Phase one

Within the literature on OR management, Post-Anesthesia Care Units (PACUs), Intensive
CareUnits (ICUs), andwards are commonly classified as downstream units in relation toORs
(Rahimi & Gandomi, 2021). Elective patients occupy the ORs and surgeons with previous
planning, and emergency patients are allocated to the ORs of hospitals without any earlier
information. As depicted in Fig. 2, a stream of both elective and emergency patients accesses
the medical center. While the arrival rate of elective patients is a known constant, the arrival
rate of emergency patients remains a variable dependent on the number of available ORs and
unoccupied surgical staff.

Consequently, we have distinct queues of elective and emergency patients awaiting service
within the medical centers. Following surgical procedures, both patient groups necessitate
transfer to PACUs. Subsequently, a subset of patients may require admission to ICUs, with
all patients eventually spending a period in the general wards. In summation, queues of
patients emerge within PACUs, ICUs, and wards, reflecting various stages of their care
journey. In these units, beds can be considered servers of queueing models. In accordance
with Rahiminia et al., (2023b), patient arrivals at the medical center conform to a Poisson
distribution. Leveraging M/M/C models, one can derive the optimal number of servers
within these constituent segments. The ensuing optimization model seeks to ascertain the
optimal server count for each segment, mindful of finite server capacity constraints. Notably,
this model grapples with the inherent tradeoff between server idle time and patient wait times,
a balance addressed by the proposed framework. According to Gross (2008), and Zonderland
and Boucherie (2012), theseM/M/C queues can exist in a network if the arrival of each queue
is lower than the total service rate. In this case, the departure rate of each queue is equal to
the arrival rate.

Fig. 2 Queueing network of the problem on-hand
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In M/M/C models, customer arrivals adhere to a Poisson distribution with a rate denoted
as λ. Within this framework, there exist C servers, each independent and identically dis-
tributed with exponential service times, characterized by a mean service time of 1/μ (Gross,
2008). When the cumulative service rate across all units surpasses the arrival rate, customer
departures align with the arrival rate, underpinning the relationships between arrival rates as
delineated in Fig. 2 and encapsulated by Eqs. (1) and (2). In other words, Eqs. (1) and (2)
are valid when the time duration of arrival is equal to or lower than the total service rate
of servers which is assumed in the queueing model. Therefore, the departure rate of each
queueing model is equal to the arrival rate.

λPACU � λelective patient + λemergency patient (1)

λPACU � λPACU toward + λPACU to ICU � λward (2)

3.1.1 Notations

Sets

I Set of units indexed by i , I � {EmergencyOR, ElectiveOR, Ward , ICU , PACU }
J Sub-set of units which their arrival rate is variable indexed by j , J � I − {ElectiveOR}
K Sub-set of units which their arrival rate is parameter indexed by k, K � I − J
N Set of number of patients in units, indexed by n

Parameters

μi Service rate for patients in unit i
λk ′ Patient arrival rate of unit k
TU The upper bound of the total number of servers in the system.
Ui The upper bound of the number of servers in unit i

Decision variables

λ j Patients’ arrival rate of unit j
Li The average number of patients in unit i
Wi Average waiting time for patients in unit i
W Qi Average waiting time for patients in the queue in unit i
LQi The average length of the queue for patients in unit i
πi0 Idle probability in unit i
πin Existence probability of n patients in unit i
Ci Number of servers in unit i (integer variable).

3.1.2 Mathematical model of queuing system

The objective function of the first phase could be stated as Eq. (3).

minz �
∑

i

LQi .WQi (3)

Constraints

π j0 �
⎛

⎜⎝
C j−1∑

n�0

λ j
n

n!μ j
n
+

(
λ j
μ j

)
C j

(1 − λ j
C jμ j

)C j !

⎞

⎟⎠

−1

∀ j (4)
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π jn �

⎧
⎪⎨

⎪⎩

λnj
n!μn

j
π j0

(
0 ≤ n ≤ C j

)

λnj

C
n−C j
j C j !μn

j

π j0
(
n ≥ C j

) ∀ j (5)

LQ j �
(

λ j
μ j

)C j λ j
C jμ j

C j ! (1 − λ j
C jμ j

)2
π j0 ∀ j (6)

WQ j �
⎛

⎜⎝
(

λ j
μ j

)
C j

(C jμ j )(1 − λ j
C jμ j

)
2
C j !

⎞

⎟⎠π j0 ∀ j (7)
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⎛

⎜⎝
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⎛
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⎠πk0 ∀k (15)

∑

i

Ci ≤ TU (16)

1 ≤ Ci ≤ Ui∀i (17)

λ j , Li , Wi , LQi , WQi , πi0, πin ≥ 0∀i , j (18)

The primary objective function in the initial phase, as represented by Eq. (3), seeks to
minimize patient waiting times. Constraints (4) through (9) are formulated based on the
M/M/C principles inspired by Gross (2008) and pertain to units where the arrival rates are
variable. Specifically, Eq. (4) computes the probability of servers being idle within each
unit. In essence, this constraint calculates the likelihood of no customers being present
in the queueing system. Moving on to Constraint (5), it calculates the probabilities of
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there being precisely n patients within each unit. To illustrate, πi3 signifies the probabil-
ity of precisely 3 patients being present in unit i . Furthermore, Eq. (6) determines the
average number of patients within the queue for each unit. This can also be expressed as
LQ j � ∑

n�C j+1

(
n − C j

)
πin , f oreach j . Equation (7) computes the average waiting time

endured by patients within the queue for each unit, while Eq. (8) calculates the average num-
ber of patients within each unit. Constraint (9) outlines the average waiting time experienced
by patients within each unit. Additionally, Constraints (10) through (15) mirror Constraints
(4) through (9), with the distinction that they pertain specifically to the elective OR unit,
whose arrival rate is treated as an input parameter. Consequently, the explanations provided
for these constraints are equally applicable. Constraint (16) monitors the total server capac-
ity within the system, primarily influenced by space limitations. Meanwhile, Constraint (17)
assesses server capacity within each unit, which stems from resource constraints. It’s essen-
tial to note that the number of servers is constrained to be greater than one. Constraint (18)
determines the domain of variables. Additionally, the relationships governing arrival rates
must be incorporated into this model. The arrival rate of elective patients is regarded as an
input parameter, while the arrival rate of emergency patients is treated as a decision variable.
Furthermore, the arrival rate of downstream units is computed automatically based on the
aforementioned relationships. Given that the arrival rate of downstream units is contingent
upon the arrival rates of both ORs, it is also treated as a variable.

3.2 Phase two

In this phase, we introduce a novel approach to the Operating Room Scheduling Problem
(ORSP) employing the Goal Programming (GP) methodology. The distinctive feature of this
approach lies in its capacity to address multiple objectives, often characterized by conflicting
priorities. Each of these objectives is ascribed a predefined target value that serves as the
benchmark for attainment, and deviations from these targets, whether exceeding or falling
short, are quantified. The overarching aim of the objective function is tominimize undesirable
deviations from this predefined set of target values.Within the purviewof this research, several
key objectives are considered. Firstly, the objective seeks to establish an equitable scheduling
framework for surgeons, with the overarching goal of approximating standard working hours
on a daily basis, while concurrently minimizing both idle time and overtime. Secondly, it
endeavors to ensure the uniform utilization of each operating room, sidestepping scenarios
of both overutilization and underutilization. The proposed GP model accomplishes this by
facilitating the equitable assignment of patients to surgeons. Furthermore, our approach
extends to the identification of backup surgeons for each patient, a strategic measure designed
to mitigate the risks associated with surgeon disruptions that could potentially lead to the
cancellation of scheduled surgeries.

3.2.1 Assumptions

The proposed model operates under the following foundational assumptions:

• Planning horizon: The planning horizon encompasses a one-week timeframe.
• Working hours: Each day is characterized by 8 working hours, translating to a total of 16
time slots allocated for each day. These time slots serve to delineate the hourly details and
sequencing of surgical procedures.

• Comprehensive scheduling: All patients, without exception, are subject to scheduling
within the model.
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• Known surgery times: The durations of surgeries are known and accessible for incorpora-
tion into the scheduling process.

• Variable surgery durations: It is acknowledged that the duration of a patient’s surgery may
vary based on the surgeon assigned, primarily due to disparities in the expertise levels of
surgeons.

• Specialized surgeons: Surgeons are exclusively tasked with operating on patients within
their respective areas of professional expertise.

• Equipment availability: Since elective patients are being investigated and due to the com-
mitment of the investigated case study, it is assumed that adequate equipment is readily
available in ORs for the successful completion of every surgical procedure.

• Initial OR conditions: At the commencement of the week, all ORs are vacant and devoid
of ongoing procedures.

• Pre-determined OR count: The number of available ORs is determined as an outcome of
the preceding phase.

• Server allocation: The model is configured to ascertain the optimal allocation of servers
in each unit while simultaneously accommodating capacity constraints pertaining to the
maximum allowable number of servers in each unit and the total server count across all
units.

• Setup times: The setup time of each surgery is considered in the duration of surgeries.

3.2.2 Notations

Sets

P Set of patients indexed by p
S Set of surgeons indexed by s
O Set of ORs indexed by o
D Set of days indexed by d
T Set of time slots indexed by t

Parameters

tps Duration of the surgery if patient p is operated by surgeon s
m ps Binary parameter if patient p can be operated by surgeon s
n po Binary parameter if patient p can be operated in OR o
wh Number of working time slots of a day.

Decision variables

xpsod Binary variable if patient p has surgery by surgeon s in OR o on day d
bpsd Binary variable, if surgeon s, is the backup surgeon for patient p on day d
ypsodt Binary variable if a surgery is being executed on patient p by surgeon s in OR o on
day d in time slot t
cpsdt Binary variable if a surgery is being executed on patient p on day d in time slot t which
surgeon s is its backup surgeon.
spsd Positive deviation from standard working hours for surgeon s on day d
snsd Negative deviation from standard working hours for surgeon s on day d
opod Positive deviation from standard utilization hours for OR o on day d
onod Negative deviation from standard utilization hours for OR o on day d
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3.2.3 Mathematical model of OR scheduling

The objective function of the second phase could be stated as Eq. (19).

minz �
∑

s, d

(spsd + snsd ) +
∑

o, d

(opod + onod ) (19)

Also, constraints of the scheduling model are as below:
∑

s, o, d

xpsod � 1 ∀p (20)

∑

s, d

bpsd � 1 ∀p (21)

∑

s, o

xpsod �
∑

s

bpsd ∀p, d (22)

∑

o

xpsod + bpsd ≤ 1 ∀p, s, d (23)

∑

d

xpsod ≤ mps .n po ∀p, s, o (24)

∑

d

bpsd ≤ mps ∀p, s (25)

∑

p, o, t

ypsodt +
∑

p, t

cpsdt + spsd − snsd � wh ∀s, d (26)

∑

p, s, t

(ypsodt ) + opod − onod � wh ∀o, d (27)

xpsod .tps �
∑

t

ypsodt ∀p, s, o, d (28)

cpsdt ≤ bpsd ∀p, s, d , t (29)
∑

o, s

ypsodt �
∑

s

cpsdt ∀p, d , t (30)

ypsodt ≤ ypsod(t−1) + ypsod(t+1) ∀p, s, o, d , t (31)

ypsodt ≥ ypsod(t−1) + ypsod(t+1) − 1 ∀p, s, o, d , t (32)

ypsodt .t − ypsodt ′ .t
′ ≤ tps + (1 − ypsodt ′ )|t | ∀p, s, d , o, t , t ′ (33)

∑

s

ypsodt + yp′sodt ≤ 1∀p, p′, o, d , t (34)

∑

p, o

ypsodt +
∑

p

cpsdt ≤ 1∀s, d , t (35)

xpsod , bpsd , ypsodt , cpsdt ∈ {0,1} ∀p, s, o, d , t (36)

spsd , snsd , opod , onod ≥ 0 ∀s, o, d (37)

Equation (19) is formulated to effectively minimize surgeons’ overtime and idle periods
and simultaneously address the issues of overutilization and underutilization of Operating
Rooms (ORs). Constraint (20) is in place to guarantee the allocation of one surgeon to
each patient, ensuring a dedicated primary surgeon for each case. A parallel requirement is
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enforced for backup surgeons in Constraint (21). Furthermore, Constraint (22) stipulates that
both the main surgeon and the backup surgeon must be allocated on the same day for a given
patient’s procedure. This allocation model prevents a surgeon from serving in dual roles as
both the primary and backup surgeon for a single patient, as outlined in Constraint (23). To
maintain the integrity of the scheduling process, Constraint (24) takes into account equipment
constraints within ORs and the proficiency levels of primary surgeons. Likewise, Constraint
(25) exercises control over the proficiency of backup surgeons. Constraints (26) and (27) are
integral components of the Goal Programming (GP) approach, ensuring that the set objec-
tives are met. Furthermore, Constraint (28) meticulously determines the precise timing and
sequence of surgeries for each day, optimizing scheduling through the allocation of time
slots. Constraint (29) serves the purpose of prohibiting invalid values within the time-slot
variables assigned to backup surgeons. In parallel, Constraint (30) shares similarities with
Constraint (22) but is specifically designed to govern the allocation of time slots. The conti-
nuity of time-slot assignments is guaranteed by Constraints (31) through (33). Additionally,
Constraint (34) asserts that within any given time slot, only one patient can undergo surgery
within an OR. Simultaneously, Constraint (35) mandates that each surgeon can serve just one
patient per time slot. For reference, the comprehensive scheduling model, as embodied by
Eqs. (19) through (35), will henceforth be denoted as the Original SchedulingModel (OSM).
Constraints (36) and (37) determine the domain of variables.

4 Solution approach

In this section, the solution approach of this study is explained. In the first sub-section, coding
the queueing relations in GAMS software is presented. Then, the proposed decomposition-
based heuristic approach for solving the developed ORSP is investigated. It is noticeable that
the flowchart of the solution approach and its pseudo-code are depicted in Figs. 3 and 4,
respectively.

Fig. 3 The flow chart of the proposed solution approach
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Fig. 4 The pseudo-code of the proposed solution approach

4.1 Queueing relations in GAMS

The initial phase of the problem, which pertains to the queueing model, is addressed through
the utilization of the GAMS software, specifically employing the Baron solver. An inherent
challenge when encoding queueing optimization models lies in the fact that the decision
variable finds itself within the upper bound of summations within the queueing relationships.
In order to effectively contend with this challenge within the GAMS software framework, it
becomes necessary to introduce a novel set for servers and designate a binary variable for
each server. This binary variable signifies whether a server should be considered active or
not. In essence, through the introduction of the set denoted as M and the binary variable
labeled as Sim , the ensuing relationship is invoked by Eq. (38):

Ci �
∑

m

Sim∀i (38)

For computation of π0, instead of Constraints (4) and (10), Eq. (39) is used. Finally,
Eq. (39) is coded in GAMS by Eq. (40).

π0 � (

(
λ
μ

)C

C!
(
1 − λ

μC

) +
∑C−1

n�0

λn

Cn−cC!μn
)

−1

(39)

π0 �
⎛

⎜⎝1 +
∑

m

(

(
λ
μ

)|m|

|m|! Sm ) −
(

λ
μ

)C

C!
+

(
λ
μ

)C

C! (1 − λ
μC )

⎞

⎟⎠

−1

(40)
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Constraints (5) and (11) can be coded in GAMS using the following relations:

πn ≤
(

λ
μ

)n

n! π0 + bigM .(1 − Sn) ∀n ≤ |M | (41)

πn ≥
(

λ
μ

)n

n! π0 − bigM .(1 − Sn) ∀n ≤ |M | (42)

πn ≤
(

λ
μ

)n

Cn−cC!π0 + bigM .Sn ∀n ≤ |M | (43)

πn ≥
(

λ
μ

)n

Cn−cC!π0 − bigM .Sn ∀n ≤ |M | (44)

πn �
(

λ
μ

)n

Cn−cC!π0 ∀n ≥ |M | (45)

It’s worth emphasizing that the cardinality of the setM (|M |) corresponds to themaximum
conceivable number of servers. When translating Relations (41) through (45) into GAMS,
an additional set (for instance, set L) must be introduced to serve as an index for customers.
Relations (41) through (44) find application when the number of customers in the queueing
system falls below the maximum potential server count, requiring the substitution of index
m in place of the index n. Constraint (45) is invoked when the number of customers exceeds
the maximum server capacity, necessitating the substitution of index l for index n.

Furthermore, in the GAMS code, Little relations are employed to facilitate the imple-
mentation of the queueing model, a technique originally introduced by Little in (1961).
Additionally, due to the presence of variables in the denominators, it becomes imperative to
introduce a minuscule constant value into these denominators to ensure the code’s computa-
tional feasibility.

4.2 Decomposition-based heuristic for ORS

The scheduling model is confronted with a notable degree of complexity, owing largely to
the proliferation of binary variables. This complexity, in turn, results in extended solving
times for the proposed Mixed-Integer Programming (MIP) model, which exhibits a direct
correlationwith the scale of the problem. To address this challenge, a novel heuristic approach
founded on decomposition principles has been developed. This approach aims to curtail
solving times and render the resolution of medium-scale problems feasible. The application
of this heuristic method necessitates the partitioning of the problem into two distinct sub-
problems, each characterized by a reduced number of variables and constraints, thereby
enabling more expeditious solution times. The first of these sub-problems, denoted as Sub-
problem 1 (SP1), is defined as follows:

SP1 : min z1 �
∑

s, d

(spsd + snsd ) +
∑

o, d

(opod + onod ) (46)

Subject to:
Constraints (20)–(25)

∑
p, o

(xpsod .tps) +
∑
p, s′

(l pss′d .tps′ ) + spsd − snsd � wh ∀s, d (47)

∑
p, s

(xpsod .tps) + opod − onod � wh ∀o, d (48)

∑
s′
l pss′d ≤ bpsd ∀p, s, d (49)
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∑
s
l pss′d ≤ ∑

o
xpsod ∀p, s′, d (50)

l pss′d ≥ bpsd +
∑
o
(xpsod ) − 1 ∀p, s, s′, d (51)

xpsod , bpsd , l pss′d ∈ {0,1} ∀p, s, s′, o, d (52)

spsd , snsd , opod , onod ≥ 0 ∀s, o, d (53)

Equation (46), the objective function of SP1, and Constraints (20) – (25) are similar to
OSM. Constraints (26) and (27) are changed into Constraints (47) and (48), respectively,
to eliminate time-slot variables. l pss′d is a new binary variable that indicates if patient p is
operated by surgeon s, surgeon s′ is the backup surgeon on day d . Constraints (52) and (53)
determine the domain of variables. It should be noted that Eq. (54) shows the origin of l pss′d .
Constraints (49)—(51) are the linearization relations of the right-hand side of Eq. (54).

l pss′d � bpsd .
∑
o
(xpsod ) ∀p, s, s′, d (54)

After solving SP1, the optimal value of the objective function is used in Sub-problem 2
(SP2) to determine the value of time-slot variables. In fact, SP2 determines the details and
feasible sequences of the surgeries. SP2 can be stated as below:

minz2 �
∑

s, d

(sp∗
sd + sn∗

sd ) +
∑

o, d

(op∗
od + on∗

od ) (55)

Subject to
Constraints (20)–(25), and (28)–(35)

∑
p, o, t

ypsodt +
∑
p, t

cpsdt + sp∗
sd − sn∗

sd � wh ∀s, d (56)

∑
p, s, t

(ypsodt ) + op∗
od − on∗

od � wh ∀o, d (57)

xpsod , bpsd , ypsodt , cpsdt ∈ {0,1} ∀p, s, o, d , t (58)

Constraints (20)–(25) and Constraints (28)–(35) in SP2 are similar to OSM. In Objective
(55) and Constraints (56) and (57), the optimal value of deviations is used. Constraint (58)
determines the domain of variables. Since the OSM may have multiple optimal solutions, it
is not possible to use x∗

psod and b∗
psd because of infeasibility.

In the end, the working hours of each surgeon and OR can be calculated by Eq. (59) and
(60), respectively. whsd is the working hours of the surgeon s on day d , and whod is the
working hours of the OR o on day d .

whsd �
∑

p, o, t

y∗
psodt +

∑

p, t

c∗
psdt ł∀s, d (59)

whod �
∑

p, s, t

y∗
psodt ∀o, d (60)
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5 Case study and results

This section entails the practical application of the proposed approach outlined in this study
to a real-world case study. Initially, the salient characteristics of the case study are expounded
upon, followed by the subsequent presentation of the obtained results.

This study involved collaborationwith amajormid-size general hospital in Spain to obtain
the necessary data for implementing the proposed approach. In the selected case study, the
dataset focuses on 40 patients and 8 surgeons over a 7-day period. Each day is divided into
12 one-hour time slots, providing a structured framework for scheduling.While the complete
dataset includes 3,713 cases from the first six months of 2022, a subset of data covering 7
dayswith 40 patientswas chosen to enable optimal problem-solvingwithin the computational
constraints.

The collected data were used to define the input parameters for the queueing model,
with the resulting outputs seamlessly integrated into the scheduling model. Additionally,
a representative dataset was selected to support and validate the scheduling model. Table
2 provides insights into the key input parameters and decision variables pertinent to the
queueing model. These parameters encompass the arrival rate of patients, the service rate of
servers, and the optimal number of servers designated for each unit.

The solicitation of the arrival and service rates of these units was made in consultation
with healthcare experts from the hospital, based on a predefined time interval of twelve
hours. Additionally, the prescribed upper bound for servers within each unit and the collective
maximum server capacity across all units are specified, amounting to 15 and 60, respectively.
These upper bounds were determined based on simultaneous consideration of space and
equipment capacity. It should be noted that the collected data needed preprocessing to be
prepared for use in mathematical problems.

As a result of the analysis, it was determined that the optimal number of operating rooms
equates to 3, thereby establishing 3 as the cardinality of the operating room set members.
Figure 5 visually represents the probability distribution of various states within the elective
patient operating rooms over the course of a day. It is imperative to note that the cumulative
probabilities presented in the figure sum up to unity. Based on the results derived from the
queueing model, it has been determined that the optimal number of ORs stands at 3, a figure
subsequently applied within the scheduling model. Within the context of the chosen case
study sample, the scenario encompasses 40 patients and 8 surgeons. Each discrete time slot
corresponds to a duration of one hour, thereby yielding a total of 12 time slots within a single
day.

It’s essential to highlight that the standard working hours in a day are set at 8 h, with a
strict limit ensuring that neither ORs nor surgeons exceed 12 h of work. Consequently, a

Table 2 The values of the critical parameters and decision variables of the queueing model

Notation λelective λemergency λPACU λward λICU

Value 3 0.66 3.66 3.66 1.83

Notation Celective Cemergency CPACU Cward CICU

Value 3 5 2 11 2

Notation μelective μemergency μPACU μward μICU

Value 1.2 1 2 1 1
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Fig. 5 The probabilities of different states in the ORs of elective patients

maximum of 4 h of overtime per day is permitted. Surgery durations span between 1 to 5 h,
and all patients are eligible for treatment by any of the surgeons in any of the available ORs.
The planning horizon for the scheduling problem extends over a one-week timeframe.

Upon successful problem resolution, the objective function yields an optimal solutionwith
a value of 126, characterized by minimal deviation. Tables 3 and 4 provide a comprehensive
overview of the time slots during which surgeons and ORs are operational throughout week-
days, respectively. For example, according to Table 3, Surgeon 8 should spend 8 time slots
for operating patients. Furthermore, Fig. 6 illustrates the schedule pertaining to OR 1. For
instance, Patient 16 is scheduled for surgery, with Surgeon #2 assigned as the primary surgeon
in Operating Room #1, accompanied by Surgeon #8 in the role of the backup surgeon. The
surgical procedure commences during the first time slot and concludes by the conclusion of

Table 3 Working time slots of surgeons

Surgeon Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

Surgeon 1 7 2 2 4 2 0 0

Surgeon 2 4 3 0 6 4 2 3

Surgeon 3 2 6 4 2 8 0 2

Surgeon 4 2 2 2 4 4 2 3

Surgeon 5 5 4 2 8 3 2 4

Surgeon 6 4 2 4 6 4 5 2

Surgeon 7 2 3 0 2 5 2 0

Surgeon 8 4 8 2 0 6 5 4
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Table 4 Working time slots of ORs

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

OR 1 7 6 2 4 9 5 2

OR 2 2 5 4 10 4 0 3

OR 3 6 4 2 2 5 4 4

Fig. 6 The obtained schedule of OR 1

the second time slot. Notably, the busiest day for OR #1 falls on Day 5, as it necessitates the
execution of four surgical procedures.

6 Sensitivity analysis

This section delves into the examination of how modifications in input parameters impact
the resultant output decision variables and the overall objective function.

6.1 The effect of capacity planning by queueing systems

Figure 7 visually portrays that the optimal number of ORs for the scheduling problem is 3,
a determination derived from the preceding queueing model undertaken during the capacity
planning phase. Attempting to resolve the problem with merely one OR renders it infeasible,
signifying an inability to accommodate all patients, therebynecessitating the presence ofmore
than one OR. The introduction of two ORs results in equipment overutilization. Conversely,
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Fig. 7 Optimum number of operating rooms for the considered problem

an excess number of ORs introduces idle time. It is crucial to note that the calculated objective
value for the scenario employing 5 ORs exhibits an approximate 19% gap due to the inherent
time limitations within the GAMS software.

This gap is related to SP1. However, it’s worth noting that the optimal solution of 178
exceeds the objective achieved when utilizing 4 ORs. It should be noted that if the optimal
number of ORs in the sensitivity analysis is not equal to the optimal value of the queueing
model, the parameter tuning of the queueing model should be revised.

6.2 The effect of changing the number of surgeons

Figure 8 provides a visual representation of the impact of varying the number of surgeons on
the objective value. Unlike the determination of the optimal number of ORs achieved through
queueing systems, the situation differs when it comes to the number of surgeons.

It becomes evident that the optimal number of surgeons is 6. Thus, employing more than 6
surgeons results in increased idle time. Conversely, having fewer than 6 surgeons necessitates
overtime work. It’s noteworthy that the model was found to be infeasible when considering
only 3 surgeons. Additionally, it’s important to highlight that despite the model’s aim to
establish a fair schedule, having fewer surgeons actually translates to a higher workload
compared to scheduling with more surgeons. This is because the patient flow predominantly
determines the overall workload of surgeons.

6.3 The effect of changing the importance of GP deviations

If we reduce the coefficients associated with working overtime by 50 percent, it indicates a
higher priority in minimizing the idle time of surgeons and ORs. It’s worth mentioning that
in this scenario, the objective function value is 125.5. The working hours of surgeons and the
resulting values for the ORs’ working hours remain consistent with the original case study
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Fig. 8 Sensitivity analysis of the number of surgeons

model. Conversely, whenwe increase the coefficients ofworking overtime by 100 percent, the
working time slots for both ORs and surgeons remain unchanged, but the objective function
value becomes 139. This shift is primarily due to the disparity between the number of patients
and the number of surgeons.

6.4 Evaluation of the developed heuristic approach

In this subsection, we compare the execution times of the Original SchedulingModel (OSM)
and the developed heuristicmethodwithin theGAMSsoftware.As depicted in Fig. 9, initially,

Fig. 9 Comparison of the computational times
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the computational time for implementing OSM is shorter than that of the developed heuristic
method, owing to the handling of a smaller-scale problem.

However, as the scale increases, the execution time of OSM experiences exponential
growth. The chart in Fig. 9 reveals that, based on the solved instances, the developed heuristic
method significantly outperforms OSM on larger scales, underscoring the efficiency of the
proposed heuristic approach. It’s important to note that the objective function values for both
the developed method and OSM are identical in all instances, resulting in a gap of 0 in each
case.

It’s important to highlight that the instance scale (|P|.|S|.|O|.|D|.|T |) was manipulated
by varying the size of sets in the ORS model. To illustrate, in the initial instance, there were
5 patients, 4 surgeons, 1 operating room, 2 days, and 6 time slots. As indicated by the data
presented in the charts, the computational times for this instance were 0.528 s for OSM and
0.823 s for the heuristic approach.

7 Discussion andmanagerial insights

In this section, we elucidate the key aspects of our newly developed methodology and delve
into the managerial insights gleaned from the investigated case study:

• Role of backup surgeons: When surgeons are assigned as backups, their roles should
be dynamic based on operational needs. If disruptions to the primary surgeon do not
occur, backup surgeons can be allocated to other responsibilities, such as new patient
consultations. However, in cases where disruptions arise, they must seamlessly step into
the surgical role to ensure continuity of care.

• Optimization of operating room resources: As shown in Fig. 7, determining the optimal
number of ORs is crucial for minimizing congestion and idle time. Sensitivity analyses
confirm that accurate capacity planning during this phase significantly enhances the overall
efficiency of the system and ensures robust implementation in real-world settings.

• Determining the optimal number of surgeons: The findings in Fig. 8 demonstrate the
importance of using queueing models to identify the precise number of surgeons required
for surgical operations. The optimal number of six surgeons minimizes idle time and
prevents overtime while maintaining fairness in workload distribution. To extend this
analysis to account for all surgeon responsibilities, a detailed dataset covering diverse
tasks and financial considerations should be employed.

• Data-driven optimization of working hours: To optimize the standardworking hours within
a medical center, it is crucial to treat these hours as a variable. By analyzing historical data
from all units, hospital administrators can identify patterns and trends that inform the most
effective and efficient working hours. This data-driven approach ensures that staffing aligns
with patient needs and operational demands, ultimately enhancing overall productivity and
service quality.

• Enhancing patient arrival forecasting: To enhance the accuracy of predicting patient arrivals
at the medical center, managers can employ forecasting methods such as time series anal-
ysis and regression. These techniques allow for more precise predictions by analyzing
historical data and identifying trends, enabling better resource allocation and improved
patient care.

• Identifying surgery department bottlenecks: Managers must identify bottlenecks within
the surgery department to ensure effective capacity planning. For instance, if the number
of surgeons is the primary bottleneck, the efficiency gains from OR capacity planning may
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be limited. In other words, capacity planning through queueing systems for the required
number of operating rooms may not yield the same level of efficiency as demonstrated in
this research’s case study. Addressing such bottlenecks is essential for achieving holistic
operational improvements.

• Relevance in pandemic scenarios: The proposed framework is highly applicable in pan-
demic conditions, where fluctuations in medical demand necessitate dynamic capacity
planning and adaptive scheduling. This approach can help mitigate the operational chal-
lenges posed by such crises.

• Generalizability and adaptability: The methodology presented in this study provides a
scalable approach for hospitals to address their unique operational challenges. Sensitivity
analyses and decision-support frameworks ensure the framework’s adaptability across
different scenarios, making it a robust tool for hospital administrators.

8 Conclusion, limitations, and future streams

In this research, a comprehensive two-phase methodology was devised to effectively manage
surgery departments within medical centers. The initial phase harnessed M/M/C models to
ascertain the optimal capacity of various units. Subsequently, utilizing this derived capac-
ity data for operating rooms (ORs), a novel mathematical model was constructed to enable
resilient scheduling of surgeries. The inclusion of backup surgeons for each surgery was a
pivotal strategy to mitigate the risk of cancellations due to surgeon unavailability, thereby
enhancing schedule resilience. The application of the goal programming (GP) approach
played a crucial role in achieving a harmonious allocation of ORs and equitable distribution
of surgeonworkloads. Notably, the GP effectively addressed both of these goals concurrently,
culminating in equitable surgeon scheduling. The study demonstrated the effectiveness of
optimal capacity planning through queueing systems in attaining surgical scheduleswithmin-
imal idle and overtime periods. Furthermore, a decomposition-based heuristic method was
developed to expedite the resolution of the scheduling model, ensuring the timely extraction
of optimal solutions.

However, it is essential to acknowledge the limitations and challenges encountered in this
study. Firstly, the comprehensive data required for both phases of the proposed methodology
was challenging to obtain due to data limitations and privacy concerns. Secondly, the high
model complexity led to significant computational time, necessitating the development of
an efficient heuristic approach. Nevertheless, it still requires a considerable amount of time
to solve large-scale instances of the problem, such as cases involving more than 50 patients
or extended planning horizons. In light of these constraints, the authors propose several
directions for future research, including:

• Exploring the scheduling of upstream and downstream units, such as Post-Anesthesia Care
Units (PACUs).

• Incorporating considerations related to pandemic conditions and accounting for sequence-
dependent cleaning times within the proposed approach.

• Investigating alternative optimization objectives, such as cost minimization or maximizing
the number of successfully completed surgeries.

• Considering the intrinsic intricacies of the scheduling model and the nonlinear characteris-
tics inherent in the queueing model, it is advisable to investigate the utilization of heuristic
and meta-heuristic algorithms.
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• Developing an integrated mathematical model that addresses both capacity planning and
scheduling in a unified manner, facilitating simultaneous optimization of these critical
aspects.

Appendix

In this section, the optimality of the proposed heuristic approach output is proved. Based
on the following explanation, it can be concluded that the value of the original scheduling
objective function is the same as the heuristic one.

Theorem 1 The developed decomposition-based heuristic method in this research yields an
optimal solution that is equal to the optimal solution of the original scheduling model.

Proof The original scheduling model may have multiple optimal solutions, and the heuristic
approach might produce a solution different in structure but equivalent in value. This equiv-
alence holds because the constraints ensure the consistency of the objective function value
across solutions.

Based on the definition of the variables and goal programming constraints, Eq. (61) can
be concluded.

∑

t

cpsdt � l pss′d .tps′ ∀p, s, s′, d (61)

SP1 is designed to determine the optimal allocation of surgeons and backup surgeons to
patients, as well as the deviations from the goal programming targets. By solving SP1, the
method optimizes the primary objectives of minimizing overtime and idle time deviations
in OSM. SP1 ensures that the core scheduling problem is resolved. Since SP1 has the same
objective as OSM and has a subset of the constraints of OSM, the objective value of SP1 is
not worse than OSM.

SP2 uses the results of deviations from SP1 as fixed input parameters to refine the time-
slot assignments and establish feasible sequencing of surgeries. This refinement respects all
constraints fromOSM. Since SP2 operates within the feasible space defined by SP1, it cannot
produce a suboptimal solution. Since SP2 has a fixed objective and a subset of the constraints
of OSM, the objective value of SP2 is not worse than OSM, as well.

By solving SP1 and SP2, all constraints of OSM are satisfied, and neither SP1 nor SP2
has an objective value worse than OSM. Therefore, the final result of the heuristic method is
the optimal solution of OSM.
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