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Abstract

The management of operating rooms (ORs) is one of the most studied topics in operations
research applied to healthcare. In particular, scheduling elective surgeries in a pediatric
and teaching hospital can be a challenge because disruptions occur frequently. The aim of
our research was to create a mathematical programming model to schedule day hospital
(DH) patients, considering possible disruptions and defining how to best manage the
rescheduling process. Our study originates from a collaboration between a high-volume pe-
diatric surgery department and operations research practitioners. The possible disruptions
we consider are emergencies and same-day cancellations of planned hospital operations.
Elective DH surgeries are scheduled considering the waiting list and the patients’ clinical
priorities, generating a nominal schedule. This schedule is optimized in conjunction with a
series of back-up schedules to guarantee that OR activity immediately recovers in case of
a disruption. An ILP-based approach to the problem is proposed. We enumerate a repre-
sentative subset of the possible emergency and no-show scenarios, and for each of them
a back-up plan is designed. The approach reschedules patients, minimizing disruptions
with respect to the nominal schedule, and applies an as-soon-as-possible policy in case
of emergencies to ensure that all patients receive timely care. The approach is shown to
be effective in managing disruptions, ensuring that the waiting list is managed properly,
with a balanced mix of urgent and less urgent patients. It provides an effective solution for
scheduling patients in a pediatric hospital, considering the unique features of such facilities.

Keywords: surgery scheduling; pediatric surgery; disruption/restoration; teaching hospital

1. Introduction

Operations research—or decision science—is a branch of applied mathematics that
deals with the optimization of systems and processes, and operating room (OR) manage-
ment is one of the most studied topics in its application to healthcare. However, there are
still unaddressed specific challenges concerning surgery planning in both pediatric settings
and teaching hospital ones.

A teaching hospital (TH) is a hospital that cooperates with medical and nursing schools,
education programs and research centers to improve healthcare through learning and
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research. These institutions provide medical care and community care, train professionals
for the future of health, stimulate the application of technological innovations, carry out
translational research, and establish international collaborations for a better quality of care.
The functioning of ORs in THs is different from that in other settings where training and
research do not play such a preponderant role, as surgical times can be longer and costs
higher for staff training and technology dissemination, and data collection can be especially
difficult [1]. In particular, the activities of a pediatric surgical OR in a TH present specific
criticalities, regarding which it is important to recall that (i) the high surgical activity and
the concentration of many specialties oftentimes prevents the possibility of dedicating
an OR to emergencies [2] and that (ii) that there is a much higher rate of cancellations
on the scheduled day [3] compared to adult patients for rather unpredictable reasons,
such as sudden-onset upper respiratory tract infections, exanthematous diseases, and the
incidence of complications in fragile or complex patients, which may make it necessary to
postpone an intervention. The reasons for the suspension or cancellation of activities are
multifactorial and may depend on the patients, the families, the surgeons, the anesthetists,
the OR staff, and the availability of postoperative services [4]. According to internationally
recognized recommendations, the incidence of pediatric elective surgery cancellations on
the scheduled day should remain below 5% [5]. Unfortunately, the limit of 5% cancellations
on the scheduled day is often exceeded, thus resulting in an enormous waste of resources,
particularly without an effective correction system dedicated to the pediatric area.

In recent years, the management of pediatric surgeries has steered towards an orga-
nizational approach relying more and more on day hospital (DH) procedures. Indeed,
a DH approach is increasingly being adopted not only for minor surgery, but also for
major interventions, as is already the case in some pediatric contexts [6]. The use of DHs
allows for optimization not only from an economic point of view, for instance, leading
to savings on hospitalization costs and personnel employed, but also in terms of patient
satisfaction. However, even such a streamlined approach requires proper managerial tools
to manage disruptions and use resources effectively, particularly in a TH where resources
are extremely scarce.

To this end, the research question that guided us was how to best schedule DH patients
given a waiting list and a certain surgical capacity, while considering possible disruptions
to the scheduling and, if something does interrupt the plan, how to best manage the
rescheduling process. To answer this question, we created an ILP-based approach that
would guide the cancellation and rescheduling process, minimizing the disruption and
related costs [7].

The remainder of the paper is organized as follows: Section 2 reviews the relevant
literature about operations research applied to OR management so as to position our contri-
bution, which is presented in full form in Section 3. Section 4 presents some computational
results of its usage in a set of synthetic instances, and in Section Case Study an applicative
case study can be found. Insights and limitations are discussed in Section 5, and Section 6
concludes the paper.

2. Literature

There is a vast amount of operations research literature on OR management. This is
evident from the numerous surveys published in the early 2010s [8,9] and even in more
recent years [10,11]. In these surveys, the literature is usually classified according to the
decision level and planning horizon addressed:

1. In the long term, the strategic-level decisions, such as the number of ORs and staff
size, are addressed [12];
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2. Medium-term decisions, such as OR allocation to specialties, are addressed at the
tactical level [13,14];

3. Short-term decisions are addressed at the operational level: advance scheduling
assigns each patient to a day and OR, while allocation scheduling determines the
sequence of surgeries in each OR and day [15].

In the present paper we consider the operational level. The capacity of ORs is shared
among surgical teams, and an open scheduling policy is applied [16]. We address both
advance and allocation scheduling for DH patients under the assumption that uncertain
events may happen. Further, as this work deals with DH patients, we do not take into
consideration the literature explicitly dealing with coordination with upstream or down-
stream resources.

The most commonly considered source of uncertainty when planning OR activity is
related to surgery times. This issue has been addressed in many papers, particularly at
the operational level. The main approaches are based on stochastic programming [17-19],
robust optimization [20-22], and distributionally robust optimization [23]. However, these
approaches may result in overly conservative solutions. This drawback is even more
relevant when considering inherently unpredictable events, such as no-shows (i.e., last-
minute cancellations of planned operations) or emergencies (i.e., external inputs that
may impact the planned schedule by delaying subsequent operations and occupying OR
capacity). Such disruptions may cause significant inconvenience and distress to patients
and, in the case of pediatric patients, their families [24-26].

Many strategies have been proposed to tackle emergencies. In some works, it is sug-
gested to devote one or more ORs to the management of any emergency that may occur [27].
However, this configuration can become undesirable when there are few ORs and/or a
relatively small number of emergencies. Other works suggest sharing OR capacity between
elective surgeries and emergencies. This is mainly achieved in three ways [28]: (i) reserv-
ing some OR capacity to accommodate emergencies [29]; (ii) not explicitly reserving any
capacity for emergencies, but proactively scheduling elective procedures in a manner that
facilitates emergency management; and (iii) designing a set of policies that can be deployed
to accommodate emergencies in an online fashion. Some noteworthy works suggest strate-
gies for managing emergencies without explicitly dedicating OR time to them. For instance,
Lamiri et al. [30] use a stochastic model to schedule elective patients in such a way as
to minimize OR overtime costs linked to emergencies. Instead, Essen et al. [31] propose
spreading the completion times of elective surgeries as much as possible, so that emergen-
cies can be accommodated promptly. In [32], the daily schedule is assumed as given and
the problem of inserting emergencies is considered. Alternative actions to accommodate
emergencies are evaluated based on waiting-time targets for emergencies, adherence to the
original elective surgery plan and possible overtime. To generate a schedule that can react
well to emergencies and treat them quickly, the authors of [33] propose an ILP model that
leverages on reserving spare capacity to keep the probability of excessive workload below
a threshold. Reactive scheduling has been studied as well. In [34], the authors propose
the minimization of a numerical indicator named Total Expected Disturbance, calculated
using historical data on emergencies and estimates of the probability of a given emergency
occurring in a certain moment. In [35], an approach is proposed to guarantee that each
emergency, whenever it may occur, can be treated within 20 min of its happening. An ILP
model of the integrated OR planning and scheduling problem is formulated: it allocates
slack time and sets constraints on the waiting-time targets for emergencies.

In contrast with the study of emergency management, the handling of no-shows has
received less attention in the operations research literature.
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Dantas et al. [36] provide a comprehensive review of no-show appointments in health-
care, not exclusively focused on surgeries, to trace the main determinants that drive the
phenomenon. Still not in the strict domain of surgical specialties, Zacharias and Pinedo [37]
propose a scheduling policy in which no-shows are counterbalanced by overbooking.
Berg et al. [38] consider individually tailored no-show probabilities and levers for patient
ordering, reducing the expected discomfort of patients by placing the ones who are more
likely to be no-shows towards the end of the patient sequence if possible. M'Hallah and
Visintin [39] use a stochastic model to schedule patients, assuming that cancellations due
to no-shows can be represented with a random variable. As pointed out in [40], the avail-
ability of data on no-shows may be limited because it is hard to determine if a patient will
not show up for an appointment that has not taken place yet, and the authors resort to
simulations to test the impact of no-shows on their scheduling model. Salazar et al. [41],
like in other works that employ machine learning techniques to predict no-shows for ap-
pointments, propose a novel classifier, which, although it is very well performing, is hardly
generalizable as it was built with data from a specific non-surgical context.

This work contributes to the literature on pediatric elective surgical scheduling by pro-
viding an approach to managing emergencies and no-shows with a disruption/restoration
perspective. Comparing and contrasting it with other robust approaches found in the
literature, our approach allows us to guarantee a prompt recovery in whatever case may
occur while guaranteeing good performance regarding the nominal schedule, as no slack
time is required. Indeed, this is done without predicting possible scenarios or leaving spare
capacity to allow for some planning flexibility. A proactive plan is built that is able to ac-
commodate emergencies and react to no-shows. Rather than managing emergencies online,
ready-to-deploy alternative schedules are built alongside the nominal one. The horizon
considered spans several days, allowing the reorganization, if needed, of the surgeries
assigned to successive days. We would like to highlight that, to the best of our knowledge,
no approach in the literature incorporates the generation of back-up plans along with the
nominal one in surgery scheduling.

3. Materials and Methods

We use an approach based on the concept of disruption/restoration, often applied in
the field of telecommunications and transportation planning. A waiting list is considered
and the operations of the DH patients on the list are planned, generating a schedule to be
followed in the absence of interruptions (nominal schedule, NS). The waiting list is created
from a group of “ideal patients”, synthetically derived from examples of pathologies that
typically fall within the DH paradigm. The NS is generated in a resilient way so that
it can be easily readjusted in the event of any interruptions. In fact, together with the
NS, restoration (or back-up) schedules (RSs) are also generated, one for each interruption
considered, which are applied if the interruption occurs, thus allowing a rapid restoration
of operations while maintaining good performance regarding the nominal schedule. Both
the NS and the RSs are optimized based on the needs of the patients and the department.
The interruptions to the surgical schedule that we consider are of two types:

1. Emergencies, modeled as external inputs that can impact the planned schedule, delay-
ing subsequent operations and occupying the capacity of the OR;
2. No-shows, defined as last-minute cancellations of planned operations.

The tool used to generate the schedule is a mathematical optimization approach that
considers the following data:

1. Characteristics of the patients on the waiting list: time spent on the list, surgical
urgency, estimated duration of the operation, and compatible teams;
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2. Characteristics of the department (teaching hospital): surgical capacity and the avail-
ability of the different teams.

The output is the DH surgical schedule, which assigns the patients to a day and an OR
and defines the order of the patients assigned to the same day and OR and, consequently,
the start and end time of each surgical operation. Based on this, the occupancy of the OR is
defined and, with this plan, at any given moment it is possible to determine whether or not
an OR is empty or what its first availability is if a patient is undergoing surgery.

The optimization model considers the aforementioned interruptions: possible emer-
gencies and possible no-shows. In the optimization process it is assumed that only one
emergency or no-show can occur on any given day. These assumptions represent the core of
the work and have been face-validated by the clinical staff of a pediatric ward in a teaching
hospital. The lack of consolidated historical data on these issues prevented us from better
modeling the uncertainty set of this scheduling problem, and thus scenario enumeration
represents a valuable alternative when no further information can be obtained.

The emergency problem is two-faceted: on the one hand, determining which OR
to assign each emergency that might occur and, on the other hand, determining how
the schedule should be modified to accommodate the disruption. The no-show problem
instead deals with rescheduling the disruptive patient and adjusting the remainder of the
schedule. The optimization problem considers the following decisions: On which day is a
patient scheduled? In which order are patients scheduled for each day? To which OR is
an emergency assigned? How to recover in case of emergency and no-shows (alternative
assignments to days and alternative schedules)?

The model represents the above decisions with decision variables. By solving the
model, we assign a value to each decision variable, thus providing an answer to the
aforementioned decisions. As mentioned, a solution of the model provides both an NS and
a set of RSs, one for each considered disruption. The NS and the RSs must be acceptable,
that is, they must meet some requirements. The model is a mathematical representation
of the decision problem of generating acceptable schedules, and, among them, it selects
the one that optimizes relevant metrics. Requirements are described by mathematical
expressions (constraints), which we group in blocks, according to their scope.

Let us now move on to the formal description of the mathematical model of the
problem. The primary aim is to assign patients (belonging to a set, I) to a set of ORs, ], over
a planning horizon, D, minimizing the penalty associated with (not) assigning them and
the time they spend on the list, both weighted by their surgical priority. Secondarily, it is
necessary to design a feasible RS schedule for each considered disruption that is as close to
the nominal one as possible.

Some information is given about each patient, i, in the DH waiting list, I. First,
each patient’s surgical deadline, [;, is known. This represents the clinically recommended
maximum amount of time that should be allowed to elapse between being inserted into
the list and the day of the surgery [7]. From this deadline, it is possible to determine each
patient’s urgency coefficient, u;, equal to 360/1; for each i € I. Secondly, it is known how
many days patient i has already spent on the waiting list, expressed by parameter m;. In
order to determine the total waiting time for each patient, it is possible to calculate for each
day, d, of the planning horizon a penalty factor associated with scheduling them on a given
d(pig). We also determine a penalty factor, g;, associated with not scheduling patient i in

the planning period:
Pid = [d + max{m,- +d—1; 0}]ui Viel,deD (1)
g; = [(m;j+|D|+1) + max{(m;+|D|+1 — I;);0}]u; Viel (2)
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As previously mentioned, the aim of the problem is to assign patients to a schedule in
such a way that the penalty of (not) assigning them is as small as possible. We introduce a
binary decision variable, x;;;, which equals 1 when patient i is assigned to OR;j on day 4,
and formulate the following objective function, which was originally introduced in [21]:

min 22{ Y P+ Y (1- x,-dj)} 3)

iclje] \deD deD

The objective function, besides reducing patients’ tardiness, forces patients to be
operated on as soon as possible, as the number of days before surgery is weighted in the
pig term as well.

Let us now move on to the description of constraints. For clarity, they will be divided
into blocks. A lookup table providing a summary of all sets and parameters used in the
model is presented in Table 1, together with the decision variables and their domains. This
table contains all entities referenced in the equations from (1) to (49). It is worth remarking
that in this model time is not continuous, but rather it is represented by a set of time slots
or moments. All time-related parameters and decision variables used in the following
formulations are expressed as numbers of time slots.

Table 1. Summary of all sets, parameters and decision variables used in the MILP model.

Sets
I Patients on the waiting list
] ORs
D Days (indexed by d) of the planning horizon
W Days (indexed by g) on which we want to create RSs
S Position in the daily plan occupied by a patient
H Time-slot discretization of the duration of the day; starts at 0
L Set of possible types of emergency lengths
Parameters
Aigj Compeatibility matrix for patient i, day d and OR j
m; Days spent on the waiting list by patient
Uj Priority class of patient i
I; Surgery deadline of patient i
qi Penalty for not assigning patient i
Pid Penalty for assigning patient i to day d
Tyj Availability of OR j on day d, expressed in time slots
tidj Duration of i’s surgery on day d and in OR j, expressed in time slots
0% Duration of emergency in scenario [
(@) Acceptable overtime in case of a substitution of a no-show or an emergency, expressed in time slots
A Fixed delay used to reschedule no-show patients, expressed in days
A Maximum rescheduling delay
Decision variables
Xidj Binary, assignment of patient i to day d and OR j
Yigjs Binary, assignment of patient i on day g to OR j to slot s (ordering)
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Table 1. Cont.

Sets

Virgj Binary, equal to 1 if patient 7 is assigned before patient » on day g and to OR j

Cigj Continuous, non-negative expected starting time (in time slots) of the surgery forion g, j

Cyj Continuous, non-negative end time of last patient in room j on day g

Phgj Binary, equal to 1 if room j is empty when an emergency in time slot /1 of day g occurs

A Binary, equal to 1 if patient 7 is currently being operated on in OR j when an emergency occurs in time slot

igjh h of day g

= Continuous, non-negative first availability of room j to be assigned for emergency occurring in time slot
=hgj of day g

Nhgj Binary, equal to 1 if an emergency occurring in time slot & of day g is assigned to j

Xhgi Binary, equal to 1 if the assignment of i is affected by an emergency occurring in time slot & of day g
s Binary, equal to 1 if i needs to be rescheduled on day d and to OR j because of emergency occurring in

helidj time slot & of day g

Ungli Binary, equal to 1 if patient i cannot be rescheduled if an emergency of type I occurs in time slot /1 of day g
. Binary, equal to 1 if i needs to be rescheduled on day d and to OR j because of a no-show patient, b, on
Xbgidj day g

Oigj Binary, equal to 1 if patient i is the substitute patient for day ¢ and OR j in case of no-shows

Block A consists of patient assignment constraints:

Yo ) xig <1 Viel (4)
deD jeJ
Xigj < Aigj Viel,je],deD (5)
Y tigjxiaj < Ty Vie],deD ©)

i€l

Constraints (4) make sure that each patient is scheduled at most once. Parameter 4,4
describes the compatibility between patients, days and ORs: it is equal to 1 if a surgical
team can operate on patient i on day d and OR j. Constraints (5) ensure that only the proper
patient-day-OR triples can be considered for assignment. Constraints (6) make sure that
the sum of the surgical times, t;4;, for all patients, i, assigned to OR j on day d does not
exceed the total OR capacity, Ty;.

Block B contains patient ordering constraints, which assign each scheduled patient to
a position in the schedule. The possible positions are represented by a set, S. The maximum
number of positions required for any possible plan is calculated as:

S| = L?D‘?j)é]de/iel,ggg,jejtidj—‘ @)

Ordering is enforced only on a set W C D of days, the first upcoming day(s) of the
planning period, for which we want to guarantee RS plans. We introduce three other
decision variables. First, y;¢js is a binary decision variable equal to 1 if patient 7 is assigned
to OR j on day g in position s € S. The precedence variable, vj;, is a binary variable equal
to 1 if patient i is assigned after patient r on g, j.
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Based on the order, the integer variable, {;¢;, the starting time for i’s surgery on g, j
can be computed.

Y Vigjs = Xigj Vviel,je],g€W (8)
sES
2 Yigj(s+1) < L Vigis vjelgeWses\{Is]} 9)
i€l iel
Y Vigis <1 Vie],geW,s€S (10)
iel
gig]' = Z trgj *Virgj + Xigj Vi e I,g c W,j e] (11)
relir#i
YVigis + Y Yrgin — 1 < Virgj Virel:r#i,g€eW,je],seS (12
nes:n<s
Virgj < Xrgj Viirel,geW,je] (13)
Virgj + Vrigi < 1 Virel:r#i,geW,je] (14)
Cigj < (Tgj +1— tigj) - Xig; VielL,geW,je] (15)

Constraints (8) link variables y;,;s and x;¢;, making sure that one and only one position
is assigned to each scheduled patient. Constraints (9) guarantee that a position can be
assigned only if the previous one is. Constraints (10) ensure that each position is assigned
at most once. Constraints (11) calculate the starting time of each scheduled surgery. Con-
straints (12)—(14) calculate the precedence variable, v;.,;. Constraints (15) force the starting
time of i on day g and OR j to be 0 if patient i is not scheduled on g, j.

Blocks A and B determine the NS and its order. The following four blocks of constraints
deal with the management of emergencies.

In order to manage an emergency, it is important to know what the current status
of each OR is in the moment at which the emergency occurs. We define a non-negative
variable, ng, that encodes the slot, I, in which OR j will be released after the end of the last
surgery. Complementarily, pj,¢; is a binary variable equal to 1 if OR j on day g is empty in
time slot h. If the OR is not empty, binary decision variables, Ay, are used to identify the
patient, i, that is currently being operated on in each OR, j, at /1, g. Knowing whether the
OR is empty or not, and, in the latter case, who is the patient currently being operated on,
allows us to determine the quantity, 5, the first availability of OR j after moment /. To
calculate the values of these variables, we introduce a series of constraints related to ORs,
Block C:

Cyj = Cigj + tigjigj Vielje]geW (16)
h—Cgj < [H|pongj VgeeW,heH,je] (17)
h_ngzphgj_|H|(1_Phgj)_1 VgeW,heH,je] (18)
;Aigjh =1~ ppgj VeeW,jeheH (19)

i
Gigj + tigiXigi = h - Aigjn Viel,geW,je],he H:h#0 (20)
‘:igjSh')‘igthH\(l—)\igjh) VielL,geW,je,he H:h#0 (21)
Egin > Gigj + tigiXigj — |H| (1 — Al-gjh) Viel,geW,je],he H (22
Egin < Gigj + tigjXigj + |H| (1 - )Ligjh) Viel,geW,je,hc H (23)
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Constraints (16)—(19) serve the purpose of calculating the time at which each OR
becomes available after having completed all assigned surgeries and identifying which
patients are being operated on in each OR, j, at each moment, , respectively. For each
moment (1), OR (j) and day (g), Constraints (20) and (21) link the start and end time of
patient i’s surgery with the variable A;¢;;. Constraints (22) and (23) calculate what is the
first availability of OR j on day g, starting from moment h.

An emergency that occurs in time slot 2 of day ¢ must be managed and assigned to an
OR: a binary variable, 77,4, is defined to determine which OR the emergency that occurs at
moment /1 is assigned to. The emergency assignment constraints of Block D guarantee that
each emergency is properly managed:

Y g =1 Vhe HdeW (24)
i€l
Egjn SEgkh+|H|(1—77hgj) VgeW,je]ke]heH (25)

Constraints 24 force the assignment of each possible emergency to exactly one OR.
Constraints 25 force the emergency to be assigned to the first available OR.

Block E contains constraints used to evaluate the impact of emergencies on scheduled
patients. A new concept is introduced: emergency length class. As the length of an
emergency cannot be known in advance, it is assumed to belong to a predetermined class
that approximates it. The set of possible emergency lengths is defined as L. Together with
h (the moment the emergency occurs) and g (the day), the triplet /, g, I describes a specific
scenario: an emergency of class I € L occurring on day g in time slot . The impact is
expressed using the binary variable x;¢;, which is equal to 1 if patient i is impacted by the
assignment of an emergency to OR j, that is, if the surgery of i in the NS is scheduled to
begin after h. The RSs are defined by binary assignment variables, X},¢;4;. For each scenario
encoded by 1, g, 1, they store the information regarding its associated RS. Binary variables,
Hngti, account for patients who cannot be rescheduled in the current planning period.

‘:igj = Z t,,g]' “Virgj T Xigj Viel,geW,he H (26)
relr#i

Y Gigj = - Xngi + € Xngi Viel,ge WheH (27)

j€]
Yoo ) Tgliaj > Xngi VielLhe HgeW,leL (28)

deD:d<g+A jej
Z thglikazxidj_yhgli Vhe HgeW,iel,deD,leL (29)
keD:k>dk<d+A je] i€l

Constraints (26) and (27) force the suitable value of the variable x;,;. In (27), e is a
sufficiently small constant. Constraints (28) force each impacted patient to be considered in
the rescheduling, while Constraints (29) determins if and how many patients are excluded
(Mngii) from the rescheduling.

Then, we introduce Block F, which contains the constraints related to the rescheduling
caused by the emergency:

Y xigi+Y, Y Fpga <1 Viel,de D,he HgeW,leL  (30)
j€J jeJ keDk<d
YN T <Y Y xigj VhieHgeW,leLicl (31)
j€J keD jeJdeD
Xngligi = Xigj — Xhgi VheHgeW,ielje]lel (32)
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Yo ) Fpgiiaj <1 Vhe HgeW,icllelL (33)
deDje]

Tnglidj < Aidj VheHgeW,ielje],deD,lelL (34)
Y tiaiEngriaj < Taj Vie],heHdeW,leL:d>g (35)
iel
Y tigiTngligi < Toj —min{yy; (Tgj — h) } - g + O VieHgeW,lel (36)
iel

Constraints (30) prevent assignments being anticipated with respect to their original
date. Constraints (31) prevent patients who were not previously included in the schedule
being included in the new schedule. Constraints (32) maintain the original assignment
of patients who have not been affected by the emergency considered in the scenario.
Constraints (33)-(35) correspond to Constraints (4)—(6) for the nominal assignment problem,
while Constraints (36) allow for some overtime (defined by parameter ) to be accepted
on the day of the emergency, as the emergency itself occupies some OR time. This is the
last block of constraints concerning emergency management, the following blocks dealing
instead with the management of no-shows.

The number of possible no-show scenarios is enumerable by definition. Only patients
that have been assigned in the NS to ¢ € W can become no-shows, so, different from
what we did for the modeling of emergency constraints, it is not necessary to make any
additional assumptions. To address no-shows, we introduce the concept of a surrogate
(or substitute) patient, a patient who is nominally assigned to the day after the emergency
occurs and who can be called to fill the gap left by the no-show. The operating assumption
here is that the selected surrogate patient has been made aware of the possibility and
can therefore be summoned if needed. The no-show patient is then rescheduled after a
predetermined number of days (or within a maximum number of days). Similarly, for each
no-show scenario, the rest of the schedule is reset to accommodate the disruption. The
RSs are described by binary assignment variables, fy,gi4; . For each scenario encoded by
no-show patient b on day g, the information regarding its associated RS is stored. Block G
defines a substitute patient for all ORs, who is identified by the binary variable 6;¢;:

) g =1 viel,geW (37)
iel
Zgifg <) Yi(g+1)k Viel,geW (38)
i€l ke]
Oijg < aijg VgeW,jeliel (39)
Kpgigj = Oigj + Xbgj — 1 Voel,geW,ielje] (40)
L Righ(g+8)) 2 L ¥ WelLgeW,iel (41)
IS j€l

Constraints (37) force the unique substitute patient for each OR to be unique. Con-
straints (38) force the substitute patient to be a patient originally scheduled for the day
after g € W. Constraints (39) ensure that the substitute patient is compatible with the
OR they may be called to cover. Constraints (40) make sure that the substitute patient is
scheduled instead of the patient they are called to cover for, in the scenario in which the
latter is a no-show. The constraints ensure that the no-show patient is rescheduled after A
days. Constraints (41) can be substituted with the following Constraints (42), in case we do
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not want to fix the delay but just want to ensure that the no-show patient is rescheduled
within A days:

Yo Y Rugaj = ) Xy Voel,geW,icl (42)
je€jdeD:d<g+A j€]

Block H deals with back-up plans in case of reassignment whenever a no-show occurs:

Yo Y R <1 bel,geW,iel (43)
deD je]

Rogidj < Aidj VieHgeW,ielje],deD (44)
Zfz‘djﬁ?hgidj < Tyj Vie], deDheH,geW:d>g (45)
iel

Z;,tigjfbgigj < Tg] +Q V] €J,he HgeW (46)
1S
Yoxigi+Y, Y, Rpgi <1 Viel,deD,bel,geW (47)
j€] j€J keD:k<d

YN R <Y Y Xigj VgeW,belicl (48)

jeTkeD j€jdeD

Rpgigi = Xigj Voel,geW,iel,je]:i#b (49)

Constraints (43)—(45) correspond to Constraints (4)—(6). Constraints (46) allow for
some overtime to accommodate the substitute patient in a similar fashion to what was
done in (36). Constraints (47) prevent patients’ admission dates in the reschedule being
anticipated with respect to the original plan. Constraints (48) prevent patients who were not
previously included in the NS being included in the new schedule. Lastly, Constraints (49)
ensure that all patients included in the nominal schedule are included in the reschedule.

The model cannot be solved as a whole using an exact approach, except for some
smaller instances. Furthermore, even rather small optimality gaps lead to solutions that
are unacceptable for decision-makers, as the proposed plan overuses spare capacity to
guarantee a feasible rescheduling for the days on which an RS is required. Consequently,
we developed a heuristic approach that first computes an NS and then uses such schedule
to compute a feasible solution for the overall problem applying;:

1. A warm-start procedure;
2. An MILP-based sequential heuristic.

The RSs are then optimized based on patients” penalties. Table 2 provides a sum-
mary of the parameters and decision variables used by the heuristic, while Figure 1 rep-
resents graphically the proposed approach. Table 2 contains all entities referenced in
Equations (50)—(56) not introduced previously in Table 1.

Table 2. Parameters and decision variables used in heuristic algorithm.

Parameters
X j Binary parameter storing the NS solution
y:g s Binary parameter storing the order of the NS solution
Decision variables
xliff Binary, equal to 1 if the assignment of patient i on day d differs from the nominal-only solution
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(Step 1)
Nominal schedule-only problem

Variables:
Constraints: Block A
Objective function (3) — solve

Save x* values

(Step 2)

Complete problem

Add variables: y,&,v,C,Z,p, \, 0, x, i1, T, 2,0

Add constraints: Blocks B, C, D, E, F, G, H

I) Warm start procedV NHeuristic procedure

(Step 3) 5
Use z* as a warm start (Step 5) )
Objective function (3) — solve Add variables: z%/f
Add constraints: Block ¢ to calculate differences
Objective function: Difference minimization (53) — solve
Update z*
Update z*
(Step 4) (Step 6)
Add constraints: Block i Add constraints: Block i
to fix patient assignment to fix patient assignment
Objective function (3) — solve
Update z*
(Step 7)

Objective function: Emergency scenarios objective function (54) — solve

Save y* values

(Step 8)
Add constraints: Block éig
and fix patient order

(Step 9)
Objective function: No-show scenarios objective function (56) — solve

Final nominal schedule + back-ups

Figure 1. Schematic representation of the heuristic algorithm.

In detail, we first solve the nominal problem, defined by Block A and objective function
(3) (Step 1). The solution of this problem is stored in parameter x:d i Then, the complete
problem (Step 2) is considered and the warm start or the heuristic are applied to obtain a
feasible complete solution.

The warm start computes a feasible solution of the complete problem (Step 3), whose
assignments are then (Step 4) set through the following additional constraints (Block i1):

ingj > Zx;gj Viel,geW (50)
j€J j€l

Constraints (50) fix the admission dates of the patients assigned in the first |IW| days
of the NS of the warm-start procedure. '

The heuristic procedure introduces the variable fof to represent the difference be-
tween the NS (a Block A-only problem) and any feasible solution of the complete one
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(Blocks A, B, C, D, E, F, G, and H). The differences are computed through the following
Block (i) of constraints:

Y g — Y xy < 1 VielLdeD (51)
j€l j€J
Yy — Yo < o Viel,deD (52)
jel j€]

In Step 5, a new problem is considered. It includes all the constraints of Blocks A-H
and the additional constraints of Block i. The goal is to minimize the difference between
the two solutions with the following objective function:

mmz Z xdzf f (53)

ieldeD

The solution of this new complete schedule is stored, updating the parameter x, i
Block i of constraints is added and the problem is solved once more (Step 6) with the
objective function (3). Here, the greater than or equal to sign of (50) allows the model to try
and find solutions in which, at the cost of introducing differences with respect to the initial
solution, OR capacity is better exploited. The value of x:g]- is updated once again (Step 6).

After having fixed a common starting point, the final NS, and regardless of whether
it was obtained with the warm-start or the heuristic procedure, we can now optimize the
back-up plans for each type of disruption. First, we optimize the emergency scenarios and
then for the no-shows. This is a deliberate choice, because to better manage the emergencies
it is necessary to establish the ordering, y;4js, of patients, a decision that does not impact
no-show management. To optimize for emergencies, we solve the complete model with the
following objective function (Step 7), defined as a sum of penalties related to (not) assigning
patients in emergency RSs, in a similar fashion to what was done in (3):

Pid%neidi + qi 1 — Xpeigi } (54)
e D5, S ] et 5 (1)

As previously mentioned, the outcome of Step 7 also orders patients within their
assigned days, a decision stored in parameter y:g]-s. Block iii fixes the order and the OR
assignment of patients (Step 8) with the following additional constraints:

Vigis 2 Vigis VieLgeW,je]seS (55)

To optimize for no-shows, we solve the complete model with the following objective
function (Step 9):

. 2 2 ZZ Z pldxbgld] + i 2( fbgidj) (56)
D| icl geW

belje] \deD

A simplified scheme of the optimization tool is reported in Figure 2.
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Characteristic of the patient:
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surgical urgency
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compatible teams;
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scheduling for each
disruption considered

Planning horizon

}_

Figure 2. Scheme of the optimization tool.

4. Results

We first tested our approaches on a set of instances, based on [21]. In these instances,
patients belong to one of five urgency classes, as proposed in [7], which are true to the Italian
guidelines on surgical priorities. In the instances, | D| is equal to [14,28], |J|= [2,3], |W|=1
for all combinations. a;5; was always set to 1, with the exception of days indexed by a
d multiple of 6 or 7, which modeled the weekends. The time discretization (set H) is
expressed in terms of 15 min blocks: as we considered 6 h of OR activity, we set Td]- = 24;
as one hour of overtime can be accepted for rescheduling, () was set to 4, while A and A
were set to 7 and 2, respectively, meaning that no-show patients must be rescheduled in
two days, and patients cancelled because of an emergency must be rescheduled within
a week. Lastly, the possible duration of emergencies was defined as ; = [4,8,16]. We
considered instances with 40, 80, and 120 patients. For each cardinality of I, we considered
four distinct patient populations, each characterized by a different patient mix in terms
of surgical length, yielding four types of instances, A, B, C and D, as shown in Figure 3a,
while Figure 3b reports the distribution of the urgency classes in all the tested instances,
which was the same for all groups of patients. Approaches and models were implemented
in gurobipy (for further information, see: pypi.org/project/gurobipy, accessed: 21 March
2024) and solved using Gurobi 11.0.1 (Gurobi Optimization LLC, Beaverton, OR, USA) in a
jupyter environment. Experiments were run on a Dell Inspiron 15 5510 (Dell Inc., Austin,
TX, USA) machine equipped with Microsoft Windows 11(Microsoft Corp., Redmond, WA,
USA) and an Intel ® Core ™ i51135G7 CPU (Intel Corp., Santa Clara, CA, USA) and 16 GB
of installed RAM. For all steps of the approach, a time limit of 900 s was imposed, without
enforcing any memory limit. We compared the results of the heuristic procedure with those
obtained with the warm-start procedure. We used the lower bound of the optimal solution
of the overall problem as a reference to evaluate the quality of the obtained schedules with
respect to the selected objective function. The results are reported in Tables 3-5.

The tables are structured as follows: the ID column reports the ID of the tested patient
list. This, along with columns |D| and |]|, defines the tested instance. OF is the objective
function of the nominal schedule problem (3), while OFys and LBy represent the objective
function value of the complete problem (as calculated by the warm-start procedure) and its
lower bound, respectively. Similarly, OFyy,,, is the objective function value of the problem
calculated by the heuristic procedure. Columns OFys — OF and OFp,,, — OF calculate the
difference between the two objective functions of the complete problem and that of the
NS. This provides an indication of the price, in terms of OF value, of introducing a number
of constraints to guarantee that a feasible RS exists for each disruption. Lastly, columns
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OFWLSBwaSBWS and OFHE“B;VLSBWS report the percentage gap between the objective function values
computed by the warm-start and the heuristic procedure and the found lower bound.

v 1
v 4% 4%

i
21%

1
ono>»

iii
61%

(a) (b)

Figure 3. Characterization of the patients in the test instances. (a) distribution of surgical times for

the four patient groups, expressed as multiples of 15 min. (b) Distribution of the different urgency
classes in the tested instances, i being the most urgent and v the least one.

Table 3. Results for |I|=40.

ID DI ] OF  LBws OFyws OFpge OFws—OF OFpe,—OF Ofys tBus  Oft Bus
40A 14 2 4801 4886 4913 4939 22 48 0.55% 1.08%
40A 14 3 4584 4579 4611 4668 27 84 0.70% 1.94%
40A 28 2 5067 5059 5096 5151 29 84 0.73% 1.82%
40A 28 3 4659 4651 4783 4707 124 48 2.84% 1.20%
40B 14 2 3200 3200 3223 3387 23 187 0.72% 5.84%
40B 14 3 3004 3003 3332 3202 328 198 10.96% 6.63%
40B 28 2 3289 3286 3323 3938 34 649 1.13% 19.84%
40B 28 3 3033 3028 3689 3348 656 315 21.83% 10.57%
40C 14 2 3138 3138 3156 3166 18 28 0.57% 0.89%
40C 14 3 3005 3005 3015 3045 10 40 0.33% 1.33%
40C 28 2 3214 3214 3232 3286 18 72 0.56% 2.24%
40C 28 3 3024 3024 3300 3060 276 36 9.13% 1.19%
40D 14 2 5768 5768 5773 5852 5 84 0.09% 1.46%
40D 14 3 5486 5481 5506 5638 20 152 0.46% 2.86%
40D 28 2 5863 5863 5899 5971 36 108 0.61% 1.84%
40D 28 3 5523 5522 5978 5691 455 168 8.26% 3.06%

Average 4172 4169 4302 4316 130 144 3.72% 3.99%

In all tested instances, the NS problem (Step 1) was solved to optimality in an average
of 21.5 s, except for three instances. In these, the solver reached the time limit, with an
average gap of 0.02%. Including those three instances, all with cardinality |I|= 120, the
average computational time to solve the nominal problem was 76.4 s. Still considering all
instances, the warm-start procedure (Step 3) always reaches the time limit with an average
gap of 7.9% (maximum 135.8%, minimum 0.07%), while the heuristic procedure takes on
average 732.7 s to provide a solution. The first part of the heuristic (Step 5) is solved to
optimality in 27 instances out of 48.
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Table 4. Results for |I|= 80.

ID IDI 1] OF LBws OFys OFney OFys—OF OFy,,—OF Ofws-IBuws  OFyien—LBys

J Bws LBws

80 A 14 2 977 9677 9716 9886 39 209 0.40% 2.16%
80 A 14 3 8888 8881 8965 9383 77 495 0.95% 5.65%
80 A 28 2 10,631 10,629 10,682 10,807 51 176 0.50% 1.67%
80 A 28 3 9428 9420 10,310 9550 882 122 9.45% 1.38%
80 B 14 2 8947 8939 9086 9156 139 209 1.64% 2.43%
80 B 14 3 8315 8295 9219 8507 904 192 11.14% 2.56%
80 B 28 2 9494 9485 9602 9784 108 290 1.23% 3.15%
80 B 28 3 8637 8615 9712 9052 1075 415 12.73% 5.07%
80 C 14 2 8429 8428 8498 8621 69 192 0.83% 2.29%
80 C 14 3 7845 7825 9231 7929 1386 84 17.97% 1.33%
80 C 28 2 8832 8823 8920 9048 88 216 1.10% 2.55%
80 C 28 3 8033 7957 8189 8669 156 636 2.92% 8.95%
80 D 14 2 9405 9394 9408 9828 3 423 0.15% 4.62%
80 D 14 3 8730 8713 8959 9121 229 391 2.82% 4.68%
80 D 28 2 10,184 10,176 10,523 10,514 339 330 3.41% 3.32%
80 D 28 3 9153 9112 10,226 10,296 1073 1143 12.23% 12.99%

Average 9039 9023 9453 9384 414 345 4.97% 4.05%

Table 5. Results for |I|= 120.

ID IDI 1] OF LBys OFyws OFgy OFys—OF OFge,—OF CHC“IZSB;MESBM OFHLBi;VLSBws
120A 14 2 19669 19,655 19,750 19,892 81 223 0.48% 1.21%
120A 14 3 17,829 17,767 17,928 18,281 99 452 0.91% 2.89%
120A 28 2 22355 22,345 22,712 22,547 357 192 1.64% 0.90%
120A 28 3 19,405 19,148 21,769 19,693 2364 288 13.69% 2.85%
120B 14 2 17,958 17,948 18,097 18,186 139 228 0.83% 1.33%
120B 14 3 16516 16428 20,386 17,125 3870 609 24.09% 4.24%
120B 28 2 19773 19,693 21,411 20,960 1638 1187 8.72% 6.43%
120B 28 3 17,385 17,242 40,659 18,572 23,274 1187 135.81% 7.71%
120C 14 2 16801 16,792 16,907 17,412 106 611 0.68% 3.69%
120C 14 3 15478 15408 19,313 15,838 3835 360 25.34% 2.79%
120C 28 2 17,734 17,676 19,433 18,018 1699 284 9.94% 1.93%
120C 28 3 16,033 15865 16,347 16,357 314 324 3.04% 3.10%
120D 14 2 19,100 19,087 19,100 19,100 0 0 0.07% 0.07%
120D 14 3 17,401 17,334 17,626 17,587 225 186 1.68% 1.46%
120D 28 2 21,604 21,527 21,604 21,604 0 0 0.36% 0.36%
120D 28 3 18769 18,613 20,931 19,036 2162 267 12.45% 2.27%

Average 18,363 18,283 20,873 18,763 2510 400 14.98% 2.70%
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The results for |I|= 40 are reported in Table 3. The warm-start procedure improves
with respect to the heuristic procedure in 11 instances out of 16, with an average gap from
the lower bound of the complete problem of 3.72% versus an average gap of 3.99% reached
by the heuristic. The difference between the two approaches is small, and judging them
based on these first results only would not establish a clear winner.

For |I|= 80, the warm-start procedure still performs better than the heuristic one in
11 cases out of 16, but the average gap with respect to the lower bound of the complete
problem is higher for the warm start (4.97%) than for the heuristic (4.05%). This is due to
the fact that the highest gaps of the warm start are larger than those of the heuristic. For
instance, the maximum gap for the warm start is 17.97% versus a maximum of 8.95% (in
different instances) for the heuristic. This superiority is also evident when looking at the
average values of the prices of the robustness columns (OFys — OF and OFy,,, — OF): on
average, the heuristic produces solutions with smaller increases in the objective function.

For |I|= 120, the warm-start procedure performs better than the heuristic one only in
5 cases out of 16.

As the cardinality of |I| gets bigger, the heuristic procedure performs better than the
warm start in most cases, and, most importantly, does not produce extremely poor results,
something that the warm start is not capable of guaranteeing. For instance, in the case of
B-type patients with |J|= 3 and |D|= 28, the gap between the objective function of the
solution of the warm start and its lower bound exceeds 100%. On the other hand, the gap
of the heuristic w.r.t. the lower bound has an average value of 2.7%.

Optimizing the emergency (Step 7) and no-show (Step 9) RSs turns out to be easy,
regardless of starting from the solution obtained with the warm-start or the heuristic
procedure. In fact, the average final gap obtained by solving the problem with objective
functions (54) and (56) is always very small (below 1%), except for a single instance where
it rises to more than 50%. This is the same instance (group D with |I|= 120, |J|=3 and
|D|= 28) in which the gap of the warm-start solution exceeded 100%.

As for computational results, to generate a feasible NS and to prepare a complete set
of back-up scenarios and RSs takes an average total of 984.3 s with the heuristic procedure
and 1307.6 s with the warm start. The heuristic appears to be slightly faster than the warm
start. On average, starting from the heuristic solution generates better values for objective
functions (54) and (56) at the end of Step 7 and Step 9, respectively.

This is due to the fact that the heuristic provides, in general, a schedule closer to
the nominal one, while the warm start, in the more challenging instances, may generate
solutions with more spare capacity. This is especially true for instances with a bigger
|I| cardinality.

To better understand why a warm-start or an heuristic approach is required, we
also ran the full scheduling model—OF (3), Constraints (4)—(6) and (8)-(49)—using the A
instances of |I|= [40, 80, 120], with a 14-day planning horizon and two ORs, the scenario
that was most consistently the easiest one to solve. For |I|= 40, the model reached the time
limit with a gap of 0.57%, providing a satisfactory NS. For |I|= 80, the model reached the
time limit with a relatively small optimality gap (2.51%). However, upon closer inspection
of the solution, the schedule showed slight under-utilization of one of the two ORs (a
residual occupancy of almost 2 h, in which time several patients on the waiting list could
potentially have been fit in). For |I|= 120, the model reached the time limit with a gap of
7.48%. In the proposed solution, one of the two ORs was empty, and the other one only
had one patient assigned to it (an occupation rate of ~ 14%). This means that even if the
full model is indeed capable of providing a solution for each considered cardinality, it can
often be practically unacceptable.
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Case Study

V. Buzzi Children’s Hospital in Milan currently has two ORs that, as described at
the beginning of this manuscript, are also devoted to hosting any emergency that may
occur. They are, however, planning to build an additional one, so, also in this case, the
tested instances consider cases with |J|= [2,3]. Similarly, the considered time horizon is
|D|= [14, 28], resulting in four instances. All other parameters were set as in the previous
section. The realistic instance includes |I|= 54 “ideal” DH patients, synthetically derived
from examples of pathologies that typically fall within the DH procedures performed in the
hospital. Their surgical times, reported in aggregate form in Figure 4a, represent therefore
a realistic mix for this case study. Table 6 reports the objective functions and gaps for Steps
1, 3 and 6. The NS problem is solved to optimality for all four instances in an average
computational time of 0.42 s. The warm-start procedure always reaches the time limit,
and the heuristic procedure does so in two out of four instances, where three ORs are
considered. The results reported in Table 6 show that, as expected, the warm start performs
better than the heuristic, given that the number of patients is closer to that of the already
tested instances with |I|= 40. Still, it is worth highlighting that the warm start performs
far better than the heuristic. This could be due to the different distribution of urgency
classes in this case study, which has more very urgent patients, that individually impact
the OF more.

15%

il
28%

v

a 1]
lm § BB WY B =8 s 0%

(a) (b)

Figure 4. Characterization of the case study patients. (a) distribution of surgical times for the four
patient groups, expressed as multiples of 15 min. (b) Distribution of the different urgency classes in
the tested instances, i being the most urgent and v the least one.

Table 6. Results for the realistic instance.

IDI 1]l OF  LBws OFws OFge OFys—OF  OFge~OF  Ofys tBws  Olhe IBws
14 2 2268 2269 2278 2885 10 617 0.40% 27.15%
14 3 2106 2106 2488 2367 382 261 18.14% 12.39%
28 2 2400 2394 2453 3102 53 702 2.46% 29.57%
28 3 2146 2138 2359 2247 213 101 10.34% 5.10%
Average 2230 2227 2395 2650 165 420 7.83% 18.55%

In Table 7 we report the results associated with the RSs, that is, the values of (54) and
(56): the warm start performs better when two ORs are considered, while the heuristic
provides better results when three ORs are considered.
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Table 7. Results for emergency and no-show scenarios, comparing the average objective function
values of the solutions obtained with the warm start and with the heuristic in the realistic instances.

IDI 171 OF "8 OF,,®"Y  OFjgshow  OFjpshow
14 2 2289.0 2891.5 2284.6 2862.7
14 3 24440 2367.2 2433.8 2354.3
28 2 2461.1 3107.2 2455.2 3105.6
28 3 2359.0 2247.0 2259.1 2251.6
Average 2388.3 26532 2358.2 2643.5

To illustrate the behavior of the optimization tool, let us consider an example where
patients are scheduled over 5 days. Figures 5-8 show a partial output of the optimization
tool. Figure 4 shows the NS, where 42 patients are scheduled in two ORs over five days.
In the Figure, for each day, the patients scheduled in OR1 are shown above, while those
scheduled in OR2 are shown below, with textured background to distinguish them from
patients scheduled in following days. The starting time of each surgery is shown as well:
the time horizon is divided into time slots, each fifteen minutes long, as shown below the
schedule for OR1, and the 24 time slots represent six hours. So, for instance, patient number
15 is the first one on day one and requires almost two hours. Due to the requirements, no
overtime is needed in the NS. The optimization tool generates an alternative schedule for
all the possible no-shows on day one, that is, one for each patient scheduled on day one.

Day 1
OR1 P15 P4 P14 P13
OR2 P6 P12 P7 P16
1 3 5 7 9 11 13 15 17 19 21 23
Day 2
OR1 P2 P5 P11 P94
OR2 P3 P8 P9 P85
Day 3
OR1 P P10 P98
OR2 P27 P37 P44 P72 P88
Day 4
OR1 P22 P34 P45 P58 P60
OR2 Pl P36 P63 P66 P68
Day 5
OR1 P24 P30 P40 P74
OR2 P26 P29 P50 P55

Figure 5. A sample nominal schedule.

Figure 6 shows the RS to follow if patient 12, scheduled as second on day one in
OR2, cannot be operated on. If such a no-show scenario occurs, the selected surrogate
patient, patient 3, is summoned and undergoes surgery on day 1, swapping the position
with patient 12. A short overtime makes this RS acceptable, and, as the nominal and the
RS schedules are generated simultaneously, the swap can be implemented immediately, so
that no vacant time, or, at least, a very short one, is suffered. Similar RSs are generated for
each patient scheduled on day one and are immediately available.

Figure 7 shows an example of an RS employed to recover from an emergency. Here,
we consider a short-length emergency occurring 1 h and 45 min after the starting time on
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OR1

OR2

OR1
OR2

OR1
OR2

OR1
OR2

OR1
OR2

day one. According to the RS, the emergency is assigned to OR1, the first OR available
based on the NS, and patients 4 and 13 are swapped with patient 12 and moved to OR2.
The optimization tool accepts one-hour overtime, and no further changes are needed. As
for the no-show case, the RS is generated together with the NS, and the disruption is
immediately recovered.

Day 1
OR1 P15 P4 P14 A3
OR2 P6 PR P16
1 3 5 7 15 17 19 21 2
OR1 P2 P5 P11 P94
OR2 il P8 P9 P85
Day 3
OR1 P1 P10 P98
OR2 P27 P37 P44 P72 P88
Day 4
OR1 P22 P34 P45 P58 P60
OR2 P17 P36 P63 P66 P68
Day 5
OR1 P24 P30 P40 P74
OR2 P26 P29 P50 P55

Figure 6. Sample behavior in case of no-show. Patient 12 (P12, in black) cannot undergo surgery on
Day 1, so P3 (in pink) is called in as a substitute patient.

Day 1
Pis /P P
P6 P7 P4 N P13~
3 5 7 9 11 13 15 17 10 21 2
P2 P5 Pkl P94
PS P8 P9 P85
Day 3
[Pl P10 P98
P27 P37 P44 P72 P88
Day 4
P22 P34 P45 P58 P60
P17 P36 P63 P66 P68
Day 5
P24 P30 P40 P74
P26 P29 P50 P55

Figure 7. Sample behavior in case of a short emergency. The emergency (in orange) takes up some
surgical time on Day 1, but no further action is needed because the allowed overtime is enough to
accommodate it.

Figure 8 shows a case where a long-length emergency occurs and more changes are
needed. The emergency is assigned to OR1 and impacts patients 4 and 14. Patient 14
is moved to OR2, and patient 7 is postponed to day 3 to make room for 14. Patient 4 is

https://doi.org/10.3390 /bioengineering13020186


https://doi.org/10.3390/bioengineering13020186

Bioengineering 2026, 13, 186

21 of 26

OR1

OR2

OR1
OR2

OR1
OR2

OR1
OR2

OR1
OR2

postponed to day 2. To make room for them, the schedules on the following days are
reorganized: some of the patients are postponed (e.g., 94 to day 3 and 27 to day 4) and some
are moved from one OR to another (e.g., patient 44 on day 3). However, the optimization
tool operates to keep the number of changes limited, especially in the first days, and to
reschedule all the patients within a given number of days.

Day 1

Pis 7

P& P12 P14 P16
3 5 7 9 11 13 15 17 19 21 23
Day 2
P2 Pa+1 P5 P11
P3 P8 P9 P85
Day 3
P1 P44 P94 +1 Pas
Rk P10 P37 P88
Day 4
P22 P34 P45 P58 P60
P17 P27 +1 P36 P63 P72 +1
Day 5 — P24 — +3 | | P26 — +4
P29 P30 P40 P66 +1
P50 P55 P68 +1 P74

Figure 8. Sample behavior in case of a long emergency. The emergency (in orange) occupies some
surgical time on Day 1 and further action is needed because the allowed overtime is not enough
to accommodate it, so some patients are postponed. Delays are shown with red text. Red borders
denote patients that are pushed out the depicted planning period.

5. Discussion

The OR is a huge resource for a hospital, often constituting the main source of income
for the institution. However, there are some critical issues that can make its organization
very difficult. Some of these critical issues are well known in both pediatric hospitals and
university hospitals:

e  The high volume of surgical specialties dedicated to the care of children in a single
high-level center often determines the impossibility of having an OR specifically
dedicated to emergencies. When an emergency happens, it is necessary to interrupt
the activity in ORs in which scheduled procedures are in progress, to the detriment of
the NS.

e In the pediatric field, there are more numerous and less predictable causes of cancella-
tion/postponement of an intervention, such as fever, upper respiratory tract diseases,
exanthematous diseases, and variables associated with fragile or syndromic patients
or related to congenital malformations.

o  Costs are generally higher, thus driving the need for efficiency: pediatric instrumen-
tation can be more expensive and diagnosis-related groups (DRGs) less appropriate
because both are often derived from the adult surgery practice and may not be very
adaptable to pediatric patients.

e  The allocation of resources in a TH must consider not only the care of patients, but
also the training of students and residents, the collection of data for research purposes,
and the definition and verification of new pathways and technologies.
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Therefore, a pediatric TH can easily exceed the 5% limit of elective surgery can-
cellations on the scheduled day that is internationally recognized as reasonable for OR
scheduling in the pediatric setting. This creates interruptions in surgical activities, making
it more difficult to optimize resources, leading to significant economic losses and discom-
fort for patients, families, and healthcare personnel, endangering the sustainability of
the system.

Currently, there are no standard tools to manage interruptions in surgical activities
in the pediatric field. We thus propose a possible approach though an ILP-based model
that, starting from certain specific assumptions about the TH pediatric environment for
DH procedures, would allow us to optimize nominal programming and also to promptly
resolve any unforeseen events coming from two main areas: emergencies, which interrupt
scheduled activities, and last-minute cancellations, which lead to losses of operating spaces
and economic resources. This work addressed multiple aspects of DH programming to:

e  [Efficiently manage interruptions leading to discontinuities in the elective procedures,
promoting the prompt management of emergency cases;

e  Optimize OR activities in case of elective surgery cancellations;

e  Reduce the costs associated with both types of discontinuity;

e  Better manage the time patients wait for surgery, equitably weighing urgency and
time spent on the waiting list.

The model provides an automatic surgical scheduling tool for pediatric departments.
The recovery programs are designed to minimize variations from the NS and to ensure
that patients assigned to the first days in the planning horizon and whose operations are
canceled due to emergencies are operated on within a limited number of days. Similarly,
patients who do not show up must be rescheduled within a limited number of days. In all
recovery programs, limited overtime for OR staff is accepted to reduce the inconvenience
and overall costs of the episodes of interruption of the program.

The mathematical model generates in advance a response to all the expected rea-
sons for disruption, providing the NS and RSs at the same time, ensuring a preventive
solution to any discontinuity. This design therefore provides an immediate response to
unforeseen events.

The model is intended to facilitate and speed up planning, which is largely delegated
to the model itself: as RS creation is done when preparing the NS, no manual intervention
or tuning is required in case of adverse events.

The choice of focusing on DH, which is a clinical approach that is increasingly relevant
in the pediatric environment, is linked to the fact that the programming of interventions
in DH is what most affects the waiting list. At the same time, since the interventions are
generally of limited duration, it is easier to relocate them in the event of disruption; it is
also easier to interrupt a DH OR in the event of an emergency. However, since the approach
is versatile and can consider different operating times, it is foreseeable that it can also be
adapted to different needs, such as the scheduling of ORs with non-DH types of surgery.

By choice, the model does not take into consideration some practical issues. One is
the issue of hospital beds, which also entail problems of cancellation of scheduled surgical
procedures. Another issue is the type of operator (expert, fellow, or resident), understood
as the operating time necessary for the surgeon to complete the procedure. This does not
prevent, however, these variables being inserted later. The mathematical model is in fact a
preliminary model, subject to modifications, and has proven to be very manageable and
ready to accommodate additional variables that characterize pediatric surgical activity in
a TH.

The hypothesized possible advantages that the application of the model could offer
would be: optimization of OR spaces; progressive shortening of surgical waiting lists
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thanks to a better use of operating spaces; automation of the scheduling process; greater
satisfaction not only of administrative and OR staff, but also of patients and their families;
and last but not least, significant economic savings for institutions.

Within the Italian national healthcare system, calculating the actual cost of an hour
of OR activity is complex. Not only does it include medical and nursing staff wages,
materials, anesthesia, instruments, and infrastructure, there is also no “official hourly
price”. Further, in the context of a TH, the cost of mentoring is almost impossible to price.
To provide a back-of-the-envelope benchmark, we can refer to the fact that it has been
estimated that an hour of OR activity in a private Italian hospital would cost approximately
€1200 (for further information, see https://www.anaao.it/content.php?cont=38216 (in
Italian, accessed: 15 January 2026)). The calculation, however, is more complex and must
also consider the value assigned to each procedure by the DRG table. These costs and
considerations apply equally to both OR hours lost, for example, because of no-shows, and
overtime hours required in the event of emergencies or delays in scheduled procedures.

The main limitation of this work is the lack of benchmarking with existing state-of-
the-art techniques or even a quantitative baseline. First, a direct comparison with state-of-
the-art techniques is unfeasible, as currently there is no standard-use model specifically
designed to manage disruptions in pediatric operating room scheduling. As illustrated
in Section 2, existing approaches in the literature predominantly address adult settings
and/or treat emergencies and no-shows by means of online rescheduling procedures,
or by using stochastic or robust programming techniques, which are based on assump-
tions substantially different from those of our work. In contrast, our proposed ILP-based
framework is specifically designed to simultaneously generate an NS and a structured
set of RSs in advance on the basis of representative scenarios. Therefore, the absence of
a direct benchmarking comparison is linked to the novelty of the contribution: with this
work, we introduce a novel decision-support paradigm for the pediatric DH environment
rather than proposing an improvement/alternative to an existing approach defined under
comparable assumptions.

Concerning the lack of a quantitative baseline, with this study it was only possible
to acquire data from an internal survey (unpublished) on the number of patients whose
surgeries were postponed in the 24 h before their scheduled date and time, in an observation
period from March 2024 to March 2025, at the V. Buzzi Children’s Hospital. Out of a total of
1086 scheduled procedures, 178 (16.4%) were canceled in the preceding 24 h. Of these, the
large majority (141, almost 80% of the total) were DH procedures. Considering 48 weeks of
surgical activity during the same year, the number of postponed procedures was 2.9 per
week, for a rough estimate of lost operating room time of approximately 4.5 h on a weekly
basis. These data report a rough estimate of the total effect of disruptions.

Our model is still theoretical, and real-life experimentation in pediatric surgery
scheduling must be started. In view of this, we have here demonstrated that the direction
is promising.

6. Conclusions

We considered the problem of scheduling elective surgeries in a teaching pediatric
hospital, also addressing the possible eventualities that disrupt the daily programming,
using a mathematical model. We formulated the problem of defining an NS and a set of RSs,
one for each considered disruption scenario as a disruption/restoration-based MILP model.
Solving the model with an exact approach does not provide acceptable solutions, even
with small optimality gaps, so we implemented a warm-start procedure and a heuristic
procedure to provide better solutions to the problem. The warm-start procedure performs
better than the heuristic one in smaller instances but becomes unstable in bigger ones.
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Nevertheless, both proposed approaches are able to solve the problem in a reasonable
time. The model has proven to be able to address the problem of nominal programming
and the prediction of alternative scenarios in case of same-day cancellations and/or the
arrival of emergencies that interrupt the scheduled activity. The approaches offer the great
advantage of providing a set of RSs that are ready to be deployed immediately; however,
in this work we did not consider any downstream resources: this represents a limitation on
the applicability of this work that will be explored in future research. The future prospect
is to test it in the reality of the programming of a teaching pediatric hospital.
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