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Abstract: Managing uncertainty in surgery times presents a critical challenge in operating room (OR)
scheduling, as it can have a significant impact on patient care and hospital efficiency. Objectives:
By incorporating robustness into the decision-making process, we can provide a more reliable and
adaptive solution compared to traditional deterministic approaches. Materials and methods: In
this paper, we consider a cardinality-constrained robust optimization model for OR scheduling,
addressing uncertain surgery durations. By accounting for patient waiting times, urgency levels
and delay penalties in the objective function, our model aims to optimise patient-centred outcomes
while ensuring operational resilience. However, to achieve an appropriate balance between resilience
and robustness cost, the robustness level must be carefully tuned. In this paper, we conduct a
comprehensive analysis of the model’s performance, assessing its sensitivity to robustness levels
and its ability to handle different uncertainty scenarios. Results: Our results show significant
improvements in patient outcomes, including reduced waiting times, fewer missed surgeries and
improved prioritisation of urgent cases. Key contributions of this research include an evaluation of
the representativeness and performance of the patient-centred objective function, a comprehensive
analysis of the impact of robustness parameters on OR scheduling performance, and insights into
the impact of different robustness levels. Conclusions: This research offers healthcare providers a
pathway to increase operational efficiency, improve patient satisfaction, and mitigate the negative
effects of uncertainty in OR scheduling.

Keywords: operating room planning; uncertain surgery duration; block scheduling; robust optimization

1. Introduction

Hospital organisations worldwide are under increasing pressure to refine their health-
care delivery processes while simultaneously improving productivity and operational
efficiency. As one of the most resource-intensive areas, surgical departments are critical
to both the financial health of the institution and the quality of care provided. Not only
do these departments contribute significantly to overall expenditure, but they also have a
profound impact on patient outcomes, including service quality and waiting times. Due to
the central role of surgical services, there has been a marked rise in research dedicated to en-
hancing Operating Room (OR) planning and management, aiming to streamline operations,
reduce costs, and improve patient care.

Comprehensive reviews on OR planning and scheduling problems are reported
in [1-7], where several variants of the problem and classification items are considered
to guide researchers in correctly positioning their work. First of all, OR planning and
scheduling problems are classified according to the considered scheduling policy. Schedul-
ing policies may be roughly classified into block scheduling, open scheduling, and modified
block scheduling. In block scheduling, each specialty schedules its surgical cases in a set
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of a priori determined OR blocks (usually half-day or full-day lengths) for the planning
period [8]. In contrast, open scheduling allows specialties to share ORs and surgical cases
can be assigned to any OR available [9]. The modified block scheduling strategy, which
combines elements of both approaches, increases the flexibility of the pure block schedul-
ing approach [10]. In this paper, we will assume a block scheduling strategy. Despite
some potential negative impacts on the block schedule balancing [11] and overall OR
utilization [12], this policy is currently widely accepted due to its convenience for surgical
teams and managers [13] and its efficiency in exploiting surgeons’ time [14,15].

Within the block scheduling strategy, modeling and optimizing OR activities is usually
divided into different problems which correspond to different decision levels [16]. At the
strategic level, decisions are made about the number, type, and opening hours of ORs over
a long period. At the tactical level, OR capacity is divided among the surgical groups or
specialties that share the operating theatre facility. A cyclic timetable, known as the Master
Surgical Schedule (MSS), is built to account for the tactical assignment of specialties to OR
blocks over a medium-term planning horizon. Finally, at the operational level, surgery
process scheduling deals with the scheduling and sequencing of surgical cases into the
available OR blocks. In particular, in the advance scheduling phase a surgery date and an
OR are assigned to each scheduled patient, and then, in the allocation scheduling phase,
the sequence of surgeries in each OR block is determined.

In this paper, we will consider a block scheduling strategy and focus on the operational
level of decision making with attention to the Advance Scheduling Problem (ASP). As
in [17,18], we assume an operative scenario characterized by long elective waiting lists
and extended waiting times, where not all patients on the waiting list can be scheduled
within the considered planning horizon. Long waiting lists are a common feature of several
healthcare systems, where patients are assigned to urgency classes based on their clinical
conditions. Waiting lists for elective treatments and their associated waiting times are
particularly important in the public sector and concerns surrounding their evaluation
and control are receiving growing attention in the majority of OECD countries [19]. The
problem addressed in this study involves selecting the subset of patients on a waiting
list to be scheduled within the planning horizon, and determining their surgery dates
and OR blocks. A patient-centered objective function is used, which accounts for waiting
time, urgency, and tardiness. Given the significant impact of uncertainty in surgery times
on hospital efficiency, this issue needs to be addressed and is therefore included in the
problem. A robust solution is sought using a mathematical programming model based on
the cardinality-constrained approach proposed in [20]. The contribution of this paper is a
detailed study of the cardinality-constrained approach applied to the ASP, addressing the
following questions:

(i) Isthe aggregate objective able to provide good results from the single urgency class or
the single patient’s perspective?

(ii) How can practitioners properly set the parameters of the method, and which analyses
should be applied to help guide this choice?

(iii) We are forced to select approximate robustness parameters: how can appropriate
robustness parameters be selected to provide good results in practice?

(iv) How do the selected robustness-related parameter values impact the behavior of the
obtained solutions when applied in practice?

(v) Can the approach be applied to large waiting lists?

The behavior of the cardinality-constrained approach is investigated using a set of
instances based on real data. According to a patient-centered perspective, the quality of the
solutions with respect to the different patient classes is analyzed based on several metrics,
such as the number of operated patients, patients still waiting, tardy patients, average
waiting time, and tardiness. We perform a sensitivity analysis on the main robustness-
related parameters, i.e., maximum surgery time deviation and robustness level. Their
impact on the number of canceled patients and on the OR utilization rate, when applied to
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real scenarios, is evaluated. Finally, we investigate the scalability of the robust formulation
of the problem applying the model to solve large-scale instances.

The remainder of the paper is organized as follows: in Section 2, we review the
literature on similar problems. Section 3 formally introduces the problem, describes the
modeling choices, and presents both the deterministic and robust formulations under
investigation. In Section 4, the results are reported and discussed. Section 5 analyses the
limitations of the work. Finally, in Section 6 conclusions are given.

2. Literature Review

Many researchers approached the ASP problem ignoring the stochastic aspects of
surgery times and employing deterministic models to address the problem. Lagrangian re-
laxation approaches [21,22], branch and price and cut algorithms [23-26], heuristics [27-30]
and metaheuristics algorithms [31-34] have been proposed to obtain reasonable solutions
in acceptable computational times.

However, the problem is further complicated if the inherent uncertainty of surgery
duration is accounted for, which forces planners to over-conservative scheduling, thus
reducing the OR utilization level [35,36]. Modeling the variability of surgery times is
a crucial factor and has a great impact on the resulting OR utilization and surgery can-
cellations [17,37,38]. Simulation based approaches have been widely used to compare
alternative scheduling strategies and to assess the robustness of solutions in the face of
unpredictable surgery durations [16,39,40], while the majority of studies have traditionally
limited their focus to analyze and compare alternative scenarios, there has been a recent
shift toward advanced simulation-based optimization approaches that integrate simulation
with other solution techniques [41-43].

The optimization approaches that include the uncertainty within the ASP can be
roughly classified into Stochastic Programming (SP), Robust Optimization (RO) and Distri-
butionally Robust (DR) optimization methods [44].

In SP, the probability distribution of uncertain parameters needs to be perfectly known
and the obtained solution protects against the most likely realizations. The high number of
scenarios that must be generated to guarantee a good behavior of the method makes the
resulting problem very challenging from the computational point of view. On the other
hand, in DR, the probability distribution is assumed to belong to a family of distributions
and the obtained solution protects against the worst-case scenario, thus leading to over-
conservative solutions. Instead, RO approaches assume that each uncertain parameter
belongs to a given convex set, so there is no need to generate scenarios nor to explicitly
define the probability distribution, and it guarantees that the obtained solution is feasible
for any parameter value within the considered uncertainty set.

In [45], a two-stage SP model with recourse is proposed and different heuristics are
compared. The objective function includes the patient waiting times and the OR idle time
and overtime. Furthermore, they analyzed the influence of patient sequencing inside the
OR blocks. A stochastic programming model with recourse is also presented in [46] and a
Sample Average Approximation (SAA) method is proposed to obtain surgery schedules
that minimizes patient and OR overtime costs. In [47], a two-stage stochastic MIP model is
proposed to determine the allocation of patients to OR blocks, the sequence of surgeries,
and the starting time for each surgery. The model is used to quantify the impact of pooling
ORs as a shared resource and of parallel surgery processing. This work aims at minimizing
the total expected operating cost. Structural properties of the model are exploited in
order to solve realistic-sized instances. Different heuristic approaches are proposed in [48],
with the aim of maximizing the utilization rate of operating theater and minimizing the
overtime risk by introducing slack times. A hybrid two-phase optimization algorithm to
simultaneously address both the advance and allocation scheduling problem is introduced
in [49], exploiting the potential of neighborhood search techniques combined with Monte
Carlo simulation. The developed approach searches for a feasible and robust solution
that strikes a balance between hospital efficiency and patient needs by maximizing OR
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utilization while minimizing patient cancellations. Similarly, Zhang et al. [50] propose a
two-phase optimization framework that merges Markov decision processes with stochastic
programming to enhance the long-term effectiveness of surgical scheduling. They further
propose a column-generation-based heuristic algorithm, combined with a SAA method, to
tackle realistically sized instances.

RO approaches have been proposed to account for the uncertainty of surgery durations
and other aspects, such as the arrivals of emergent patients and the length of stay in ward
and ICU beds, where the distributional information for the uncertain parameters is not
known [51]. In [52], two models for minimizing the overall OR cost including a fixed cost
of opening ORs and a variable overtime cost are compared. The first model is a two-stage
stochastic linear model with binary decision variables in the first stage and simple recourse
in the second stage. The second one is its robust counterpart, where the objective function
minimizes the maximum cost associated with an uncertainty set for surgery duration. The
robust method proved to be much faster than solving the stochastic recourse model, and is
able to limit the worst-case outcome of the recourse problem. In [11], a chance constrained
model is introduced to maximizes the expected utilization of ORs. The solution algorithm
solves a series of MIP models based on a normal approximation of cumulative surgery
duration. A two-level robust framework is proposed in [53]. In the first level, a MIP model
finds a deterministic solution, while in the second level, the variability of surgery duration
is taken into account by means of individual chance constraints for each OR block. The
robust solution is achieved by iteratively adding safety slacks to the first level deterministic
solution assuming lognormal distribution of the surgery durations. In [54], a mathematical
program that represents uncertain duration of surgery procedures through probabilistic
constraints is proposed. The model optimizes OR utilization without increasing overtime
and cancellations.

Shehadeh and Padman [55] assume the probability distributions of random parameters
to be ambiguous, and only the mean values and ranges are known. They propose a DR
elective surgery scheduling model that minimizes the cost of performing and postponing
surgeries and the worst-case expected costs associated with overtime and idle time of ORs
also considering the ICU beds capacity.

In general, RO approaches are a good compromise between SP and DR optimiza-
tion/ambiguous chance-constrained optimization. Among them, the cardinality-constraint
approach proposed in [20] assumes that the uncertain parameters belong to an interval
(the simplest convex set). To avoid over-conservative solutions, it does not guarantee to
protect from the worst case scenario where each uncertain parameter assumes its boundary
value, which is unlikely in real applications. Instead, given a parameter I, the solution is
guaranteed to be still feasible if the elements in any subset of at most cardinality I assume
their boundary value, and all the other parameters assume the value corresponding to the
center of the interval. Therefore, the cardinality parameter I'" allows to tune the robustness
of the method, and, if properly chosen, avoids to obtain over-conservative solutions. In
summary, the cardinality-constrained robust optimization method combines a less chal-
lenging computational effort (not asking for scenario generation) with a good degree of
flexibility that allows to adjust the trade-off between conservativeness/robustness and
quality of obtained solutions. Last, but not least, the definition of a simple convex set (an
interval) and a small number of parameters to be tuned (the cardinality parameter and the
boundaries of the interval) make the cardinality-constrained approach easy to understand
and easy to use for clinicians and health care service managers without any background in
statistics or robust optimization.

The pros and cons of applying the cardinality-constrained robust approach in health-
care applications are thoroughly analyzed and discussed in [56].

This robust approach has shown promise in various healthcare management prob-
lems with uncertain data, such as home care service management [57] or bloodmobile
routing [58]. In [18], a cardinality-constrained-based model was proposed for the ASP prob-
lem. However, the paper focuses on the impact of accepting overtime and does not analyse
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in depth the impact of the robustness level from the patients’ perspective, considering
different urgency classes. In [17], a similar model is used within a rolling horizon approach.
However, this paper also lacks an in-depth analysis of the impact of the robustness level.

In this direction, the present paper focuses on evaluating different levels of robustness
and their impact on relevant metrics, taking into account both the hospital management
and the patient’s perspective. In doing so, it bridges the gap between theoretical models
and real-world applications. Such an evaluation is crucial for practitioners to effectively
implement the approach in real-life scenarios according to their specific needs, analyzing
the trade-off between robustness and solution quality in actual scenarios, which warrants
further detailed discussion.

3. Methodology

As mentioned, we assume that the strategic and tactical decisions related to OR
capacity planning and the master surgical schedule are given. We set our analysis at an
operational level and we focus on the ASP related to a single surgical specialty. We assume
a block scheduling strategy and an operative scenario characterized by long waiting lists,
where the elective patients waiting for surgery are ranked according to a prioritization
system based on five urgency classes [59]. For each urgency class a maximum waiting time
(in days) is given, which represents the maximum number of days that a patient can wait
before surgery without deteriorating their clinical conditions. The maximum waiting times
are 8, 30, 60, 180 and 360 days, respectively. For each surgery type the statistical behavior
of the surgery duration is known based on the clinical experience and on historical data. At
the operational level, the surgical activities are usually planned on a weekly basis. Such
short term does not allow to schedule all the waiting patients.

The problem can be defined as follows: selecting a subset of patients to be scheduled
for surgery during the given planning horizon and assigning them to the available OR
blocks, while guaranteeing that the capacity of each block is not exceeded. The problem
focuses on a patient perspective, and aims at providing a good quality of service and patient
satisfaction. The problem is solved with a cardinality constrained-based model which is
described in the following section.

3.1. Mathematical Model

The planning horizon spans D days corresponding to one week in our tests. The set |
of available OR blocks and their schedule during the week are given. The total available
time of a OR block j, i.e., the block length, is denoted by 7;. If a patient is scheduled in
block j € J, the number of days they wait is represented by a precomputed value d;.

The patients in the waiting list at the beginning of the planning horizon are represented
by the set I. Each patient i is characterized by a waited time w;, that is the number of days
they have already spent in the waiting list, and an uncertain surgery time ;. Beside, each
patient belongs to an urgency class. A maximum waiting time is associated with each
class. Thus, the parameter /; represents the Maximum Waiting Time (MWT) of patient i,
depending on the patient’s class. If the patient has spent w; days in the waiting list, they
must receive surgery before the due date [; — w;, otherwise they are considered tardy.

A first modeling choice consists of defining an urgency parameter u; for each patient i.
As introduced in [59], such parameters are used to weight in a different way the chrono-
logical time of the patients depending on the urgency class. The maximum waiting time
contributes in defining the urgency coefficient u;, which represents the speed at which the
clinical need is assumed to increase with time. In particular, for each class the urgency
coefficient is computed as the ratio between the maximum waiting time of the least urgent
class and its own maximum waiting time.

In Table 1, we report a summary of the sets and parameters used in the model.
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Table 1. Summary of the model parameters.
Name Description
I set of patients in the waiting list
J set of OR blocks available in a week
E surgery time of patient i
w; waiting time of patient i at the beginning of the planning horizon
I; maximum waiting time of patient i
u; urgency parameter of patient i
vj capacity of block j
d; days waited until block j
D total number of days in the planning horizon

The patient-centered objective function must represent the quality of service provided
to patients, which is improved by keeping the delay in meeting patients’ needs limited.
In [28], an objective function has been proposed that minimizes the waited time of patients
weighted by the urgency parameters. It takes into account waiting time of both scheduled
and not scheduled patients. In [18], another term is added to the objective function that
accounts for the due date violation and patient tardiness.

As second modeling choice, we consider an aggregate penalty function that accounts
for both waited time and tardiness of all the patients, each weighted by the patient’s
urgency parameter (terms p;;). Further, the objective function accounts for unscheduled
patients through a penalty (g;):

mmg{zpﬁxﬁ b <1 . in]-) }

iel (jeJ j€Jl

For these reasons, the objective function is the sum of two terms. The first term
represents the penalty associated with scheduled patients. If patient i is scheduled in the
block j, their penalty is:

pij = [d] + (wi + d] — li)ﬂui.

This term is composed of two parts: the number of days d; spent before receiving
surgery from the beginning of the planning horizon and the tardiness (w; +d; — ;)* =
max{w; +d; —I;,0}, that is the number of days waited after the due date. The total number
of days waited by patient i is (w; + d;), however as the waited time w; cannot be reduced
(as it is already passed), only the days d; waited in the planning horizon are penalized in
pij- Since the waiting has not the same impact for patients of different urgency classes,
the term is weighted for the urgency parameter u;. We recall that u; is inversely propor-
tional to /;, therefore, one day spent for a patient of the most urgent class (their surgery
must be performed in at most 8 days) counts as 45 days for a patient in the less urgent
class (I; = 360).

The second term represents the penalty of the unscheduled patients. Let g; be the
penalty parameter of patient i if they are not scheduled in any block:

gi=[(wi+D+1)+ (wi+D+1—1)"]u.

It should account for the overall number of days spent before the surgery and for the tardi-
ness. However, these quantities cannot be determined exactly in the current planning phase.
Thus, as the third modeling choice, we note that the earliest day in which an unscheduled
patient can receive surgery is D + 1 and we compute the lower bound accordingly. The goal
of this term is to guarantee that long waiting patients are not indefinitely delayed, rather
than precisely computing their tardiness or waiting time. As for the scheduled patients, the
waiting time and the tardiness are weighted by the urgency parameter u;.
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The problem can be formulated using binary variables x;;, such that x;; = 1 if patient i
is assigned to block j € J, and zero otherwise. The Stochastic Advance Scheduling (SAS)
model is formulated as follows:

(SAS) minZ{Z pl-jxl-]- + qi <1 — ZX,‘j) } (1)

il (jeJ jel
inj <1 Viel (2)
j€l
Y Exij < i viel], 3)
icl
Xjj € {0,1} V] e viel 4)

Constraints (2) ensure that each patient can be operated on at most once. Constraints (3)
are the stochastic capacity constraints for each block forcing the total used time in block j to
be less than or equal to the maximum available capacity time ;.

One quite common approach proposed in the literature to deal with uncertain pa-
rameters is to build a deterministic version of the model that accounts for the expected
behavior of the parameters evaluating their expected values. For the considered problem
the resulting Deterministic Advance Scheduling (DAS) model is the following, where f; is
the expected value of f;:

(DAS) minZ{Z pijXij + qi <1 -) xi]-> } (5)

icl (jeJ j€l
Y %<1 Viel (6)
j€J
Y Eixi < j viel], @)
iel
x;j € {0,1} Vie],Viel (8)

Other approaches, instead, aim at accounting also for other features of the uncertain
parameters, such as their probabilistic distribution or a description of the uncertainty set.
We resort to a robust counterpart of the DAS model to account for possible variations
from the expected value. The robust model proposed in this paper is based on the robust
optimization approach proposed in [20]: each uncertain parameter is assumed to have a
reference value and a maximal allowed variation from that. A solution must be feasible
even if, for each constraint involving uncertain parameters, at most I' of them assume the
maximum allowed value and all the others assume the reference one. In this case, the
uncertain parameters are the surgery times ;. The reference value of the interval is denoted
as f and the maximum variation is denoted as f;.

For each block j, let S; C I be the subset of patients who require their maximum
surgery time f; + f;. Only subsets of cardinality at most I are considered (|S;| < T). Among
all the possible subsets, the one having the worst impact on the capacity constraint is
selected, and the solution is guaranteed to be feasible even with respect to such subset:

Zfl-xl-]- + max 2 fl-x,-]- < Yj Vie] )
icl SicLISiI=T | ies;

Constraints (9) are not linear, but they can be linearized through duality (the complete
procedure to derive the robust counterpart is reported in Appendix A.1), adding auxiliary

variables 7'(5 and ¢/ such that:
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Y B+ Tg 4+ Y 7l < Vie] (10)
iel iel

7+l > bx VieViel (11)
g,nl>0 Vieviel (12)

We will refer to the robust model obtained replacing capacity constraints (3) with con-
straints (10)—(12) as the Robust Advance Scheduling (RAS) model:

(RAS) minZ{Z pijXij + 4i <1 — in]) } (13)

icl (jeJ j€l

Y xj<1 Viel (14)
jel

Yo+ T+ Y 7 < viel (15)
iel icl

g+ nl > bx Vie]viel (16)
g,nl >0 VieViel 17)
xi; € {0,1} Vieviel (18)

For both parameters #; and f; a suitable value must be set before applying the robust
approach, namely a value that meets the user requirement about the conservativeness of
the solutions. We set f; equal to the average of the uncertain distribution. This value allows
a fair comparison between DAS and RAS. The choice of the maximum deviation #; requires
more analysis. In some applications, the distribution of uncertain parameters may not be
bounded or the real maximum may be felt as too conservative by the user. In this case an
alternative value must be selected for f;. However, the model is still meaningful and, by
tuning the f; value, it is able to meet the user willingness to risk ([56]). To provide some
insights on how to select a suitable value for the OR planning case, we set the maximum
deviation (the value we want to protect from) proportional to the standard deviation
f = ao;. We analyzed the sensitivity to different values of « in Section 4.2.

3.2. Experimental Setting

DAS and RAS models have been implemented in AMPL and solved with CPLEX
12.2.0.0 on a Intel Xeon CPU E5335 (2 quad core CPUs at 2GH). We set a 2 h time limit
and a 1 x10~2 acceptable relative gap. The DAS and RAS models are tested on the set of
instances described in Section 3.3.

To answer the research questions (i) to (v), introduced in Section 1, we perform
different tests and analysis. The subjects of the analysis can be divided in three groups,
each one reported in a different section:

e the effect of the objective function in selecting the patients to be operated on (Section 4.1),
* the effect of the choice of robustness parameters (Section 4.2),
*  the computational time and scalability of the models (Section 4.4).

More in detail, in Section 4.1, we first investigate the impact of the aggregate objective
function on patients belonging to different classes, setting I' = 4 and « = 1, i.e., the
maximum deviation is assumed to be equal to the standard deviation. Beside the objective
function value itself, other metrics are measured, such as the number of operated and tardy
patients for each urgency class, average waiting time and tardiness. For the waiting time,
beside the absolute values, we also measure the weighted ones. In particular, for each
patient we compute the Need-Adjusted-Waiting-Days (NAWD) that represents the waiting
time adjusted by the urgency parameter [60]. The weighted waiting time expressed in
NAWD can be used to measure the delay in meeting the clinical need of the patient.

Then we propose a set of computational tests meant to suggest how a practitioner
should determine suitable values for robustness related parameters I and « (Section 4.2).
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Of course, such parameters should be evaluated before applying the models in practice.
Therefore, we first suggest to analyze the results of the models to highlight the impact
of different values of robustness parameters on patient based metrics and to determine a
range of suitable values. Then, historical data and probabilistic description of the surgery
times can be exploited to analyze the behavior of the solutions when applied to real life
scenarios (scenario based analysis), so as to measure other important metrics such as OR
utilization rate and number of canceled patients.

In Section 4.3, we discussed in detail a single instance example to show how the pre-
sented results can be used by practitioners to determine suitable values for the robustness
parameters. Finally, computational time and scalability of the models are evaluated on a
set of larger instances in Section 4.4.

3.3. Instance and Scenarios Generation

A time horizon D of 7 days (one week) is considered for all computational tests. For
the computational results presented in Sections 4.1 and 4.2, we used two sets of instances:
one with 20 patients in the waiting list and two OR blocks available per week, and another
with 40 patients and three OR blocks per week. Each block j is assumed to have a 6-h
capacity. The patient characteristics for each instance are generated using real waiting list
data collected from a surgical department of the San Martino Public Hospital in Genoa,
Italy, for a one year period. Each waiting list gives the set I of patients who are waiting
for surgery and should be scheduled; for each patient i, we get the date of referral and
corresponding waiting time w; and the urgency class and corresponding urgency status ;.

The initial situation of the 20 and 40 patients instances is given in Table 2. The following
values are reported for each Urgency Related Group (URG), from the more urgent (0) to
the less urgent (4), and for the overall waiting list:

*  the Maximum Waiting Time (MWT) —/; in the model formulations—,

*  the number of patients (p),

* the number of tardy patients (t_p) at the beginning of the planning horizon,

e the fraction of tardy patients with respect to the total number of patients at the
beginning of the planning horizon (t_p/p),

* the average waiting time (wt) and the average weighted waiting time (wwt) of
all patients,

¢ the average tardiness (trd) of tardy patients.

As previously mentioned, the weighted waiting time (wwt) is expressed in NAWD:
the waiting time of each patient is multiplied for the urgency coefficient of the urgency
class to which the patient belongs. The overall value of wt, wwt and trd are computed as
weighted averages (with respect to the number of patients in each urgency class) of the
overall list I. These values measure the difficulty of handling the initial list and its clinical
need. They represent, respectively, the total priority score, i.e., total clinical need of the
waiting list expressed in NAWD and the overall tardiness of all the patients waiting at the
beginning of the planning horizon.

Urgency classes 1 and 2 contain the majority of the tardy patients. In fact, the average
waiting time for the patients in such classes is higher than the maximum allowable waiting
time and the average tardiness is quite significant. For the I = 40 patients waiting list the
average tardiness of patients in urgency class 1 is 37 days: this means that tardy patients
have been waiting for more than twice their maximum allowed waiting time, i.e., 30 days.

Surgery times were derived from [48]. We used data coming from eight different sets
of surgery times. Each set consists of different types of surgeries and each type of surgery
is characterized by an average surgery time, a standard deviation and the percentage of
that type of surgery in the total number of surgeries. Given a waiting list and a surgery
times set, we assigned to each patient i a surgery type, along with the associated average
surgery time (f;) and standard deviation (c;). Thus, for each waiting list, we generated eight
instances by assigning to the patients the different surgery times coming from the various
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surgery sets. Each generated instance is named n — s, where 7 is the the number of patients
in the waiting list (|I]), and s is the surgery time set.

Table 2. Initial situation of the 20 and 40 patients waiting lists.

Instance URG MWT P t_p t_p/p wt wwt trd
0 8 1 0 0.00 6.00 270.00 -

1 30 6 3 0.50 34.00 408.00 24.67

2 60 8 3 0.38 66.75 400.50 52.00

I=20 3 180 4 2 0.50 173.75 347.50 26.00
4 360 1 0 0.00 338.00 338.00 -

overall - 20 8 0.40 88.85 382.50 35.25

0 8 1 1 1.00 12.00 540.00 4.00

1 30 8 4 0.50 38.88 466.56 37.00

2 60 26 4 0.15 44.04 264.24 27.00

I=40 3 180 3 1 0.33 158.33 316.66 16.00
4 360 2 0 0.00 334.50 334.50 -

overall - 40 10 0.25 65.30 319.04 27.60

To evaluate OR utilization and patient cancellations at various robustness levels,
when applied in practice, we generated 100 random realizations for each instance. In
each realization, the surgery time f; for each patient i was randomly generated using a
lognormal distribution with an average surgery time f; and a standard deviation o;, as
recommended in previous studies [61-65]. To prevent unrealistically short surgery times,
we truncated the distribution at a minimum value equal to max(f; — 03,30). If r; is the
randomly generated value from the lognormal distribution, the surgery time assigned to
patient i is set as f; = max(r;, {; — 03, 30).

Additionally, we assessed the scalability of the method on larger instances (Section 4.4)
by considering three waiting lists with 80, 120, and 140 patients, respectively. These larger
instances were generated using the same procedure as the smaller ones. For each waiting
list, two sets of instances were generated using the same procedure as the smaller one: one
with three OR blocks per week and another with five blocks per week.

4. Results and Discussion

We carried out three types of analysis on the behaviour of the models. First, we
analyse the impact of the aggregated objective function, so as to answer to the first research
question, as described in the introduction (Section 1). Then, we evaluate the impact of the
level of robustness, so as to answer to research questions (ii) to (iv). Finally, we tested the
models on large instance, so as to answer to the last research question (v).

4.1. Analysis of the Objective Function and Impact on Urgency Classes

In this Section, the results produced by the aggregate objective function, both for the
DAS and for the RAS models, are analyzed focusing on their impact on different urgency
classes. The quality of the obtained solutions is evaluated based on the following metrics:

(a) Table 3:

* the number of operated (op) and still waiting (sw) patients at the end of the
planning horizon,
* the number of tardy patients, either operated (op_t) or still waiting (sw_t),
* the fraction of tardy patients with respect to the total number of patients at the
beginning of the planning horizon (t_p/p)
(b) Table 4:

* the average waiting time for the operated (wt_op) and the still waiting patients
(wt_sw),



Healthcare 2024, 12, 2023

11 of 34

*  the average weighted waiting time (wwt) of the operated (wwt_op) and the still
waiting patients (wwt_sw), expressed in NAWDs,

* the average tardiness both for the operated (trd_op) and the still waiting patients
(trd_sw).

We set I' = 4 and @« = 1 in this analysis. In Tables 3 and 4, average results with
respect to different operating time sets are reported for the 20 and 40 patients instances,
a “-” is used where the value was not available/applicable (for example, when there are
no operated patient associated with a class, then the corresponding metrics are marked by
“-"). All the metrics are reported both as average values for each urgency class and for all
instances (weighted average with respect to the number of patients in each urgency class,
lines marked as overall). For additional information, in Tables A1 and A2 (Appendix A.2),
the detailed results for each operating time set are reported.

In general, the solutions select more patients from urgency classes 0 to 2—the most
urgent—while patients in urgency classes 3 and 4 are seldom operated on (Table 3). Looking
at the detailed results (Tables A1 and A2): for the 20 patients list, one patient in one list (20—4)
for the DAS model (none for the RAS), for the 40 patients instances, one or two patients in
three lists for the DAS model (40—3, 40—4, 40—8), and in one list for the RAS model (40—5).

To analyze the effect of the objective function, it is interesting to compare the results
of the two models (DAS and RAS) with respect to the initial situation of the waiting list
reported in Table 2. The number of tardy patients at the end of the planning horizon
(sw_t) is always reduced with respect to the initial situation, although the improvement is
less significant when robustness is required, namely for the RAS model. In fact, applying
the DAS model, the overall percentage of tardy patients at the end of the planning hori-
zon (t_p/p) is reduced with respect to the initial situation of 6 percentage points for the
20 instances (passing from 40% to 34%) and of 14 percentage points for the 40 instances
(passing from 25% to 11%). The average reduction drops to 1 and 9 percentage points
for the 20 and 40 instances, respectively, applying the RAS model. The most significant
reduction is shown in urgency classes 1-3 where the highest number of tardy patients
was concentrated at the beginning of the planning horizon. For example, for urgency
class 1 the reduction of tardy patients reaches the 14 and 13 percentage points for the
20 instances (from 50 to 36 and 37), respectively, applying the DAS and RAS model, and
32 and 28 percentage points for the 40 instances (from 50 to 18 and 22).

For all instances, not only the number of tardy patients, but also the average tardiness
of patients still waiting at the end of the planning horizon (trd_sw, Table 4) is reduced with
respect to the initial situation. The improvement for the 20 instances is about 36% and 35%,
in the DAS and in the RAS model, respectively. Starting from 35.25, it drops to 22.64 for
the DAS model and 22.95 for the RAS model. The improvement is more significant for
the 40 instances where it reaches about 49% and 46%, in the DAS and in the RAS model,
respectively. Starting from 27.6, and dropping to 14.03 (DAS) and 14.96 (RAS).

A reduction of the average tardiness is obtained both for the DAS model and the RAS
model, although requiring robustness increases the average tardiness at the end of the
planning horizon. The average tardiness is very sensitive to the distribution of the surgery
times. For instance, it may vary from 2 up to 18.60 for the 40 patients case applying the
DAS model, from 2 up to 21 for the 40 patients case applying the RAS model (see Table A2).

The reduction of the average tardiness of still waiting patients is due to the fact that
scheduled (operated) patients are mainly chosen among the patients who have a greater
need. In fact, the tardiness of the operated patients (trd_op) is always above the average
initial tardiness, which considers all the patients in the waiting list at the beginning of the
planning period. On the other hand, the average waiting time of patients in the waiting
list in general increases with respect to the initial value (this increase is less important in
the 40 patients instances). In general, this average increase is due to an increase for the
less urgent (and often not tardy) patients, to allow a reduction on the most urgent classes
(where there are on average less tardy patients, due to the largest MWT). This is a direct
consequence of giving priority to most urgent classes and gives as result that the average
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waiting time for not operated patients (wt_sw) stays or drops below the MWT for almost
all the different urgency classes instances and for both models.

The overall wwt_op and wwt_sw (expressed in NAWD) quantifies, respectively, the
amount of the met need, that is, the need satisfied during the period, and of the still unmet
need. If robustness is required the met need decreases and the unmet need increases. For
all the instances (20 and 40) the average improvement of the overall weighted waiting
time (wwt_sw) with respect to the initial situation (see Table 2) is on average 13% and 9%,
respectively, for the DAS model and the RAS model.

Note that in these tests new patient arrivals are not taken into account. Indeed, new
patients cannot become tardy patients during the planning horizon (even for the most
urgent class), and thus do not affect the overall tardiness values and mainly reduce the
average waiting time.

Table 3. Impact of the objective function: number of (#) operated and still waiting patients (total and

only tardy patients).
DAS RAS (T =4)
# Patients # Tardy p. # Patients # Tardy p.

Instance URG op SW op_t sw_t tplp op SW op_t sw_t tplp
0 075 025 000 025 100 063 038 000 038 1.00

1 250 350 175 125 036 163 438 138 163 0.37

2 450 350 363 075 021 350 450 338 150 033

[=20 3 013 38 013 1.8 048 0.00 4.00 0.00 200 050

4 0.00 100 000 000 000 0.00 100 000 0.00 0.00

overall 788 1213 550 413 034 575 1425 475 550 0.39

0.00 1.00 0.00 1.00 0.00 - 1.00 0.00 1.00 0.00 -
1 3.13 488 313 0.88 018 288 513 288 1.13 0.22

2 725 1875 500 15 008 425 21.75 363 313 014
I=40 3 038 263 038 063 024 013 28 013 08 030
4 038 163 000 000 000 013 18 000 000 0.0

overall 1213 2788 950 3.00 011 838 3163 7.63 513 0.160

Table 4. Impact of the objective function: waiting time and tardiness (absolute and weighted values)
for operated and still waiting patients.

DAS RAS (' =4) DAS RAST =4

Waiting Time Weighted w.t. Waiting Time Weighted w.t. Tardiness Tardiness
Instance URG wt_op wt sw wwt op wwtsw wtop witsw wwtop wwtsw trd op trd_sw trd_op trd_sw

0 7.00 1400 315.00  630.00 700 1400 31500  630.00 - 6.00 - 6.00

1 52.65 2979 63175 35750 6638 3192 79650  383.00 37.83 20.67 41.67 22.00

2 96.33 4044 578.00  242.63 106.55 4648  639.30 278.85  45.85 5.00 47.56 9.93

I=20 3 22700 179.66 45400  359.31 - 18175 - 36350  47.00 3175 - 34.00
4 - 346.00 - 346.00 - 346.00 - 346.00 - - - -

overall 7512 108.17 560.43 33391 8330 10127 631.62 351.66 4196 2264 4400 2295
0 13.00 - 585.00 - 13.00 - - - 5.00 - 5.00 -

1 7404 2561 88850 30737 7638 2737 91650 32850  44.04 3240 4638 3217

2 7431 4247 44588 25480 87.10 44.80 52258  268.77  24.60 3.07 3138 8.42

I=40 3 201.00 159.27 402.00  318.54 - 163.98 - 32796 21.00 2400 21.00 24.00
4 - 342.94 - 342.94 - 342.94 - 342.94 - - - -

overall 7943 68.06 563.70 27620 76.61 7047  659.55  289.19 2846  14.03 32.68 14.96

4.2. Evaluating the Impact of the Level of Robustness

As mentioned, practitioners must set the value of the robustness related parameters
when applying the cardinality constrained robust approach to the health care problem
under consideration. The choice of such values depends on the willingness to risk or,
conversely, on the level of robustness required by the practitioners together with the
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features of the uncertain parameters. Thus, users have to evaluate the impact of different
choices of such values on some relevant metrics and, based on this analysis, select the most
suitable values for their care settings.

For the considered OR planning problem, the practitioners have to set the values of I
and «. Several metrics should be considered. Some of them are related to the quality of
service provided to patients, such as waiting time and number of cancellations, while others
represent quality measures related to the hospital point of view, such as OR utilization rate.

In this section, we provide a set of analysis and results whose aim is to evaluate the
impact of robustness parameters on relevant performance metrics. We present two sets of
results. The first set shows the outcomes of the models, while the second set represents the
behavior of the obtained solutions in practice, namely when the solutions are applied to a
set of scenarios representing real life situations. The analysis on the ex-post realizations is
very important as it shows the impact of the choice of the robustness parameters on the
behavior of the solutions whereas they will be applied in practice.

4.2.1. Analysis of the Obtained Solution

First, we analyze the impact of different values of parameters I' and «, that is to say, of
different choices of the maximum deviation, on the quality of solutions of the robust model
(RAS). We run the model with w € {0.5,1,2} and T € {1..8}.

All the metrics are reported not in absolute value, but as the increase with respect
to the deterministic model (DAS) to highlight the impact of robustness. In Figure 1, we
consider the increase in the objective function with respect to the non robust case (DAS
model) for 20 and 40 patients instances. Results for the 20 patients instances are reported
on the left, while results for the 40 patients instances are given on the right. For all the
considered values of « and I, we plot the average increase per patient expressed in NAWD.
We recall that the value expressed in NAWD quantifies the priority score of a patient
operated or still waiting at the end of the planning horizon: for instance, let us consider the
case with 20 patients and & = 2 (third figure on the left). We observe that for the list 20—1
and I' = 2 the waiting time per patient is increased of 100 NAWD with respect to the case
where no robustness is required (DAS model).

This means that for a patient in the less urgent class (class 4, I = 360, u = 1) the
waiting time is increased on average of 100 days, while for a patient in the most urgent
class (class 0, I = 8, u = 45) it is increased of 2.2 days (100/u). That is, for each patient,
passing from the non robust case to the robust case, the average waiting time is increased
of 28% with respect to their maximum waiting time.

Results show that the impact of « and I' combine, as they both increase the total
surgery time required by a set of patients assigned to the same block. For a given value of
I', increasing the value of « increases the average delay. In fact, the choice of the « value
is linearly correlated with the length of the maximum surgery duration (f + ac;), thus
increasing the value of « results in reducing the number of patients operated per block.
Analogously, for a given value of a, increasing I' requires a greater number of patients
to require their maximum surgery time. However, the increase of the objective function
is constant after a value I’ which depends on the value of « and varies for the different
instances considered. In fact, if the value of I is equal to, or greater than, the maximum
number of patients who can be scheduled in a given block, all such patients are assumed to
require their maximum surgery time. Such value in general decreases with the increasing
value of . Let us consider, as an example, instance 20—1. If & = 2 the maximum increase is
reached for I' = 2, and it is slightly more than 100 NAWD. Such value is never reached if
« =1 ora = 0.5. For &« = 1 the maximum is between 60 and 70 NAWD, and it is reached
for I' = 3. Instead, for « = 0.5 the maximum is less than one half of that obtained for
« = 2, and it is reached for I' = 4. As a general remark, we note that, for a given value of «,
increasing the value of I' above I is thus useless.
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Figure 1. Robustness parameter analysis: average increase per patient of the objective function with respect to the DAS model for different values of «.



Healthcare 2024, 12, 2023

15 of 34

In order to analyze in detail the impact of I, let us select « = 1 (second line of plots
in Figure 1).

The distribution of the surgery times has a significant impact on the increase of the
waiting time. As an example, for instance 20—4, the value almost doubles the value for
instance 20—8 for I' > 3. Besides, the impact of the required level of robustness is different
for the different instances, as well. Instance 20—4 seems to be affected the most by the
increasing value of I': the average increase of the waiting time is about 20 NAWD for I' =1
but, rises up to more than 70 NAWD for I' > 3. On the other hand, the increase of the
average waiting time is smaller for instance 20—7, as it is almost 30 NAWD if ' = 1 and
rises up to 40 NAWD for higher values of I'. For the 40 patients instances, the increase with
respect to the deterministic case is not so high: in general it is below 30 NAWD forI' = 1
and never rises above 60 NAWD even for I' = 8. In general, the behavior is different for
different instances and may vary significantly (see, e.g., the behavior of instances 40—1 and
40—6). The surgery times impact in a slightly dissimilar way when combined with 20 or
40 patients lists, as shown by instances 20—1 and 20—4 and 40—1 and 40—4.

Beside the increase of the objective function, let us consider other metrics: the number
of operated patients and the number of tardy patients, either operated in the considered
time horizon or still waiting at the end. It is worth pointing out that such metrics are
not explicitly included in the objective function of the optimization models, as the latter
accounts for the sum of the weighted delay and tardiness of all the patients.

Table 5 presents the number of patients operated on for each instance and for each
value of I. The first column (max) provides an upper bound on the number of patients
that can be operated on, serving as a benchmark. This upper bound is obtained solving a
knapsack-like problem that maximizes the number of operated patients without considering
patient penalties. As previously mentioned, the number of operated patients remains
constant for I' > [, and this value is therefore indicated by a “-” in the table.

The results indicate that when robustness is not a requirement (as in the DAS model),
the number of operated patients approaches the upper bound (max). As the value of T’
increases, there is typically a decrease in the number of operated patients. However, for
low values of I', the number of operated patients remains very close to the upper bound.
Even with higher I' values, the number of operated patients rarely falls below half of the
maximum benchmark; in most cases, it remains above 50% of this bound. It is important to
note that the set of patients operated on varies with different values of I'. In general, the
set of patients operated on for I' = m is not necessarily a subset of those operated on for
I' = m — 1, indicating that changes in I' result in a different selection of patients, rather than
just a reduction in the number of patients operated on. This highlights the complexity of the
trade-offs involved in adjusting robustness requirements. This can be verified considering
the patients more in details. Let us focus on tardy patients, namely those patients whose
deadline has been exceeded at the end of the planning horizon, who represent a criticality
of the system with respect to the quality of service provided to patients. In Table 6, the
number of patients who receive surgery after their due date is reported in the “op” columns,
while the number of tardy patients still waiting at the end of the planning horizon is given
in the “sw” columns. As the objective function takes into account the weighted waiting
times, rather than the number of tardy patients, their number may increase or decrease
when I increases. In general, the differences are not dramatic. In most of the instances with
20 patients the number of still waiting tardy patients increases of one or two units when a
high level of robustness is required. The greatest increasing of the number of tardy patients
still waiting is experienced for instance 20—4, where such number increases from 2 to 5.
The increasing is higher for the 40 patients instances, where it is below 2 for 5 instances and
rises up to 4 for instance 40—4.
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Table 5. Robustness parameter analysis: number of operated patients.

Instance Max DAS I'=1 I'=2 I'=3 I'=4 I'=5 I'=6 I'=7 TI=8

20-1 8 8 6 6 4 - - - - -
20-2 9 8 8 7 6 - - - - -
20-3 7 7 6 5 - - - - - -
204 10 9 8 8 6 - - - -
20-5 12 11 10 9 10 9 9 8 - -
20—-6 8 7 7 6 6 5 - - - -
20-7 8 7 7 7 6 - - - - -
20-8 8 6 7 6 5 - - - - -
40-1 14 12 9 7 5 - - - - -
40-2 15 13 11 12 10 - - - - -
40-3 12 10 9 8 7 - - - - -
404 15 14 13 12 10 9 - - - -
40-5 20 18 17 15 15 13 13 12 - -
40—-6 14 10 9 10 9 8 - - - -
40-7 13 10 11 8 - - - - - -
40-8 13 10 9 9 7 - - - - -

Table 6. Robustness parameter analysis: number of tardy patients operated (op) and still waiting (sw).

Instance DAS r=1 r=2 r=3 r=4 r=5 r=6 r=7 r=8
op SW op SW op sSW op SW op SW op SW op SW op SW op SW
20—-1 5 5 4 6 3 7 4 7 - - - - - - - - - -
20-2 5 4 5 5 4 5 5 5 - - - - - - - - - -
20-3 5 5 4 6 - - - - - - - - - - - - - -
20—4 7 2 7 3 6 4 5 5 - - - - - - - - -
20-5 7 2 7 2 7 2 6 3 6 3 6 4 6 3 - - - -
20—-6 5 5 5 5 4 5 4 6 - - - - - - - - - -
20-7 5 5 5 6 5 6 4 6 5 6 - - - - - - - -
20-8 5 5 5 6 - - - - - - - - - - - -
40—1 8 5 7 6 6 7 5 8 - - - - - - - - - -
40-2 11 2 10 3 8 4 9 4 - - - - - - - - - -
40-3 10 3 8 5 8 5 7 6 - - - - - - - - - -
40—4 11 0 12 1 12 1 10 3 9 4 - - - - - - -
40-5 11 1 12 1 11 1 11 1 10 1 12 1 11 1 11 1 12 1
40—-6 9 4 8 5 7 5 7 5 7 6 - - - - - - - -
40-7 9 4 8 5 8 5 7 6 - - - - - - - - - -
40-8 8 5 8 5 7 6 - - - - - - - - - - - -

We recall that, at the beginning of the planning horizon, 20 patient instances already
have 8 tardy patients, while 40 patient instances have 10 tardy patients (see Table 2). Such
numbers are always reduced at the end of the planning horizon. However, the final number
significantly depends on the surgery times. In particular, the number of tardy patients is
significantly reduced for surgery sets 4 and 5, especially for low level of robustness (e.g., all
the tardy patients are operated on in instances 40-4 for DAS model). The reduction is less
significant for higher values of I'.

4.2.2. Scenario Based Analysis

If we focus only on metrics related to model outcomes, robustness might seem to
have only the negative effect of reducing the number of operated patients and increasing
the patients’ delay. Therefore, it is necessary to assess what would happen in the real
system if the model solutions were applied. In fact the benefits of a robust solution become
evident when dealing with unpredictable and unexpected variations in the surgery times.
We tested the solutions obtained by the models for different values of « and I' on a set of
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scenarios representing realizations of patient surgery times, so as to evaluate the metrics on
which robustness has a positive impact, such as disruptions caused by canceled patients.
The surgery time realizations are generated as described in Section 3.3. The obtained
solutions are evaluated with respect to two meaningful metrics, i.e., the utilization rate of
the operating rooms and the number of canceled patients, representing, respectively, the
hospital management perspective and the patient one. Canceled patients depend on the
realization of surgery times, but also on hospital policies. To obtain an estimation of number
of canceled patients, we used the following working hypothesis: in each block, surgeries are
scheduled according to the Longest Processing Time (LPT) rule based on average surgery
time (i.e., from the largest to the smallest surgery time). Patients are considered one by one
according to the LPT scheduling. If there is still some residual time, the patient is operated
on and the residual time is reduced by their realized surgery time. Otherwise the patient is
considered canceled and so the remaining patients in the LPT list.

Results on the average utilization rate and on the number of canceled patients per
block are shown in Figures 2 and 3, respectively. The results are averaged out on the
100 scenario realizations. As shown for the increase of the objective function, the impacts of
parameters « and I' combine. The utilization rate decreases with the increasing value of «
and I'. In fact, when a higher level of robustness is required, a higher amount of operating
room resources must be reserved to deal with the increase of the surgery times the users
want to protect from. For the 20 patients instances, when « = 0.5 and I' = 1, the utilization
rate is high, being between 80% and 95% for all the instances. Such value decreases when I
increases: it is between 70% and 90% when I' = 4, and it drops between 60% and 85% for
the highest value of I'. Utilization rate is lower for « = 1, as it never rises above 90%, not
even for I' = 1. Indeed it is below 70% for all the instances when high levels of robustness
are required. The utilization rate is even smaller for « = 2. It never rises above 85%,
and for instance 20—1 it drops below 35% even for I' = 2. A somehow similar behavior
can be noticed for 40 patients instances. So requiring high level of robustness, increasing
I' or «, may produce low quality solutions from the hospital management perspective.
However, the benefit of robust solutions are evident when the number of canceled patients
is analyzed.

In fact, increasing the level of required robustness reduces significantly the number of
canceled patients thus reducing disruptions and increasing the quality of service perceived
by patients. When a = 0.5 the number of canceled patients is below 0.1 for the 20 patients
instances and below 0.15 for the 40 patients instances when I' > 4. The impacts of I and
« combine in reducing the number of canceled patients. If « = 1, even I' = 3 is enough
to guarantee a number of canceled patients below 0.6. For & = 2 the number of canceled
patients is almost 0 even for I' = 2. A similar value cannot be achieved for lower values of
« even for very high values of I'.
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Figure 2. Robustness parameter analysis: increase in utilization rate with respect to DAS model for

different values of I' and «.
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4.3. Discussion of a Detailed Example

We now focus on a single instance and surgery time set, namely instance 20—5, to show
how the presented results can be used by practitioners to determine suitable values for the
robustness parameters. In Figures 4-6, the average per patient increase of the objective
function, the utilization rate and number of canceled patients per block for the scenario
based analysis are reported, respectively.

The figures highlight the impact of choosing different levels of robustness and the way
in which their impact combines. Let us considered for instance the average increase of the
objective function for I' = 1 and I' = 2 (Figure 4). A delay of about 30 NAWD is obtained
either forT' = 1and @ = 2, or forI' = 2 and « = 1. A value slightly below 60 NAWD
is obtained either forI' = 2 and @ = 2, or for I' = 6 and « = 1. Thus, the impacts of the
two parameters are combined, but a high value of « produces behaviors that cannot be
obtained for lower values of « just by increasing I'.
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Figure 4. Average per patient objective function increase for different values of I' and «
(instance 20—5).
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Figure 5. Average utilization rate for different values of I' and « (instance 20—5).

Concerning the number of canceled patients, a null value can be obtained for any
I' > 2if &« = 2. Instead if « = 1 we must set I' = 6 to obtain no cancellations and we cannot
reset the number of cancellations if « = 0.5, whatever value of T’ is selected. Therefore, if
the practitioner asks for no cancellation at all, I' = 2 and a = 2 are suitable values, but the
price to pay is twofold: an increase of the patient delay of 60 NAWD (around 17% with
respect to the deterministic case), and an OR occupation of 70%. In fact about one third of
the OR available time is left unused to face unpredictable increase, so as to have enough
operating room capacity to operate all the scheduled patients. On the other hand, if some
cancellations are accepted (0.05 cancellations per block, that is on average a cancellation
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every 7 weeks), a« can be set to 1 and I' to 2, thus reducing the delay of one half (30 NAWD)
and increasing the room occupation up to 85%.
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Figure 6. Average number of canceled patients per block for different values of I and & (instance 20—5).

The values of I' and « must be carefully tuned to evenly balance the utilization rate and
the number of canceled patients, and to produce schedules that satisfy the requirements of
both patients and hospital management stakeholders. Increasing « and I" have a twofold
impact: on the one hand it reduces the number of operated patients, thus increasing the
waiting time, on the other hand, it reduces the disruptions, thus improving the quality of
service and the hospital organization. In fact, canceled patients must be rescheduled in the
weeks after the current planning scenario, therefore they have a strong impact not only on
the quality of service perceived by patients but also on the future OR planning.

4.4. Scalability of the Method

The last set of tests aims at evaluating the scalability of the proposed models when
applied to larger instances. In Table 7, the average and maximum computational times
are given, for the DAS and RAS models, for the 20 and 40 patients instances, for each
value of I and for « = 1. All the considered instances with 20 or 40 patients are solved to
optimality within the two hours time limit. Solving the deterministic model requires few
seconds, while the computational time may significantly vary for the robust counterpart.
Computational time is higher for higher values of I, with a peak corresponding to I' = 5 or
I' = 6. However, the required CPU time is never above half an hour.

Table 7. Computational times in seconds.

DAS r=1 r=2 r=3 r=4 r=>5 Ir=e6 r=7 r=s8

20 patients average 0.02 0.05 0.10 0.21 0.11 0.19 0.18 0.17 0.09
max 0.03 0.08 0.20 1.14 0.34 0.73 0.59 0.56 0.37

40 patients average 0.15 6.80 2.06 11.38 102.73 107.67 250.81 73.85 172.00
max 0.82 52.59 10.32 42.37 613.86 645.20 1678.96 521.78 1334.47

In this section, we consider three additional sets of instances with 80, 120 and 140 pa-
tients, respectively, and three and five blocks, in order to evaluate the models scalability
with respect to the number of patients and blocks. Table 8 shows the CPU time and percent-
age gap for large instances, averaged over all the surgery time sets, while Tables A3—-A5
give detailed values for the 80, 120 and 140 patient instances, respectively. The gap is
denoted with “ag” when the solver manages to reach the acceptable gap of 1 x 10~3. For
instances where the relative acceptable gap is not achieved within the two-hour time
limit, the computational time is denoted as “TL”. Instances that run out of memory are
marked with “*”. Additionally, average and maximum computational times are reported for
each instance.
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Table 8. Percentage gap and computational time for the large instances, average values with respect to surgery time sets.

Instance Size DAS r=1 r=2 r=3 =4 I'=>5 =6 r=7 r=s8
3 blocks
average ag 0.20 ag 1.85 ag 18.24 ag 150.34 021 147821 022 111495 025 161520 0.23 1250.34 0.22 962.83
max ag 1.13 ag 10.10 ag 95.68 ag 918.61 1.02 TL 1.05 TL 1.35 TL 1.17 TL 1.05 TL
80 patients
5 blocks

average ag 12.42 0.16 2006.67 057 361422 172 532270 1.87 551819 181 400413 1.83 4587.68 1.61 427128 149 3286.89
max ag 66.58 0.39 TL 2.06 TL 6.84 TL 7.80 TL 6.99 TL 6.68 TL 5.87 TL 526 TL

3 blocks

average ag 0.18 ag 7.24 ag 37.41 ag 1495.08 0.18 1480.65 0.25 2058.85 0.27 192832 0.20 1618.33  0.18 1226.67
max ag 0.45 ag 22.82 ag 98.08 ag 579223 0.78 TL 0.81 TL 1.14 TL 0.93 TL 0.75 TL

120 patients
5 blocks
average ag 8.30 0.34 358194 0.84 6634.15 263 TL 2.67 TL 248 663856 2.23 TL 1.99 703486 1.71 TL
max ag 55.61 1.16 TL 2.45 TL 5.29 TL 6.21 TL 5.72 TL 4.86 TL 4.38 TL 3.89 TL
3 blocks
average ag 0.19 ag 10.03 ag 35.55 0.17 198357 022 1891.15 020 1831.85 0.22 2014.69 0.15 184331 0.15 1103.61
max ag 0.40 ag 36.47 ag 93.00 0.61 TL 1.03 TL 0.91 TL 0.65 TL 0.42 TL 0.50 TL
140 patients

5 blocks

average ag 42221 024 439392 0.83 TL 2.10 TL 204 718716 179 6933.17 168 6429.03 144 637313 129  6309.93
max 0.12 327288 0.78 TL 1.21 TL 4.82 TL 533 TL 5.01 TL 4.52 TL 3.97 TL 3.64 TL
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The DAS model is solved to optimality for all the instances with 80 patients (Table A3).
Computational times are small for the scenario with three OR blocks and increase moder-
ately for the five-block scenario. However, even with five blocks, the average computational
time is around 10 s, exceeding one minute in only one instance. For the RAS model, five
instances with 80 patients and three blocks were not solved to optimality. As the value of
I' increases, so does the computational effort required. For instances solved to optimality,
the average CPU time rises with increasing I" values, peaking atI' = 6 and I' = 7, before
slightly decreasing for I' = 7 and I' = 8. This pattern may be due to the fact that, at
higher I' values, nearly all scheduled patients require their maximum surgery times. The
computational time of the RAS model varies significantly across different surgery time sets,
with instances 80—4 and 80—5 proving to be the most challenging. For instances not solved
to optimality, the gap remains below 1.5%. The number of blocks has a significant impact
on computational time, with both the average CPU time and the number of unsolved
instances increasing significantly. In addition, seven instances ran out of memory.

For the instances with 120 patients (Table A4), the DAS model also solves all cases to
optimality within a limited computational time. Looking at the RAS model results, increas-
ing the number of patients from 80 to 120 results in a noticeable increase in computational
time, though this impact is less pronounced than the effect of adding two additional blocks.
All instances with 120 patients and three blocks are solved to optimality except seven,
which still show a very low gap. Conversely, almost all instances with five blocks cannot
be solved to optimality, with three of them running out of memory. Nonetheless, the gaps
in these cases are reasonable, averaging between 0.34% and 2.67%, and never exceeding
6.5%. This suggests that while the RAS model becomes more challenging as the instance
size increases, the solutions remain fairly close to optimal, even in more complex scenarios.

A similar pattern is observed in the 140 patient instances (Table A5), although
one instance runs out of memory even when solving the DAS model.

5. Limitations

The proposed approach focuses solely on a single operating room (OR) and does not
consider surgeon constraints, or bed availability. While this simplified setting allows for a
thorough analysis of the proposed method, it limits the reliability of the numerical results.
A new analysis will be necessary to quantify the performances when the method is applied
to more complex OR scheduling scenarios. Furthermore, while we have incorporated
uncertainty in surgery times, our model does not account for other potential sources
of uncertainty, such as no-shows or emergent urgent cases. This limitation restricts the
scalability of our approach to more complex problems, as the computational burden may
increase significantly when considering additional uncertainties. Despite these limitations,
our research provides a solid foundation for future work. Heuristic strategies can be
explored to address the challenges posed by multiple ORs, surgeon constraints, and bed
availability. Additionally, incorporating additional sources of uncertainty into the model
can enhance its realism and applicability to a wider range of OR scheduling scenarios.

6. Conclusions

This paper presents a cardinality-constrained robust optimization approach for OR
scheduling, addressing challenges posed by long waiting lists, varying urgency classes,
and uncertain surgery durations.

A key contribution of this work is the comprehensive analysis of the proposed ap-
proach’s performance and sensitivity to key parameters. We demonstrate the effectiveness
of the aggregate objective function in balancing the needs of scheduled and unscheduled
patients, focusing on prioritizing urgent cases and minimizing tardiness.

Our analysis of the robustness parameters provides valuable insights for practitioners.
While robustness can lead to some performance degradation in offline evaluations, it offers
significant benefits in real-world scenarios, effectively mitigating disruptions and ensuring a
high level of service. By carefully tuning these robustness parameters, healthcare providers
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can achieve an optimal balance between operational efficiency and patient satisfaction.
Furthermore, we established the computational feasibility of the proposed approach. The
computational time required for solving the model is compatible with real-world scheduling
requirements, even for large-scale instances. This makes our approach a practical tool for
OR scheduling in healthcare settings.

In conclusion, this research offers a robust and efficient solution for OR scheduling
problems. The insights gained from our analysis can be used by healthcare practitioners
to optimize their scheduling processes, improve patient outcomes, and enhance overall
hospital performance.
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Appendix A
Appendix A.1. Linearization of the Capacity Constraint of the Robust Model

For each block j, a subset S; of patients, who require their maximum surgery time
f; + f;, such that |S;| =T, is chosen among the patients assigned to the block. Among all
the possible subsets, the one having the worst impact on the capacity constraint is selected,
and the solution is guaranteed to be feasible even with respect to such subset:

Zfixi]' + max Z ?ix,»j <7 vVie] (A1)
icl SiclISiI=T | ies;

The value maxs; ;| S/\:F{Zie S; f,-xij} can be computed for each block j solving the
following linear programming problem:

B/ = max <Z fﬂ,y) zZi (A2)

iel
Y zi <T (A3)
icl
z; <1 Viel (A4)
z; >0 Viel (A5)

Let denote with {/ the dual variables associated with constraints (A3) and with 7'[5
the dual variables associated with constraints (A4). The dual of (8/) can be formulated
as follows:
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- j j
min I +) 7 (A6)
iel
g +m > hxy Viel (A7)
i
g,m >0 (A8)

The optimal values of the objective functions (A2) and (A6) coincide. Thus, constraints (A1)

can be linearized, by replacing them with:

Zfix,‘]’ + er + ZT[{ < i

iel iel
g+l > b

g,m >0

vie]

Vie] Viel

Therefore, the resulting RAS model formulation is as follows:

ming{zpi,.xij g <1 - in]-) }

iel \ jeJ j€]
2 xij <1
j€l
Zﬂ-xij + Fgf + ZT[{ < Vi

iel iel

Appendix A.2. Appendix—Detailed Tables

Detailed tables are reported in this appendix.

Viel
Vie]

VieViel

VieViel
VieViel

(A9)

(A10)
(Al1)
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Table Al. Detailed number of (#) operated and still waiting patients, waiting time and tardiness, for the 20 patient instances.

DAS RAS (T = 4)
# Patients #Tardy p.  Operated p. Still Waiting p. Tardiness # Patients #Tardy p.  Operated p. Still Waiting Tardiness
Instance URG op sw op_t sw_t wt op wwt op wt sw wwt sw trd op trd_ sw op sw op_t sw .t wt op wwt op wt sw wwt sw trd op trd sw
0 1 1 14.00 630.00 - 6.00 0 1 - 14.00 630.00 6.00

75.00 900.00 34.00 408.00 45.00 23.00

11433 686.00 47.60 285.60 5433  5.50
- - 181.75 363.50 34.00
- - 346.00 346.00

104.50 739.50 9344 368.63 52.00 1871

7.00  315.00 - -
75.00 900.00 34.00 408.00 45.00 23.00
101.00 606.00 43.00 258.00 41.00 5.00
- - 181.75  363.50 - 34.00

- 346.00 346.00 - -
81.00 606.50 101.07 348.00 41.80 23.80

47.00 564.00 36.00 432.00 45.00 23.00 2
2
2
0
7
0
2
1
2
0
5
0 7.00  315.00 -
2
2
2
0
6
0
0
3
2
0
5

82.33 494.00 35.00 210.00 40.50 -

- - 181.75 363.50 - 34.00
- 346.00 346.00 - -
73.50 511.50 108.42 381.50 4140 24.00

7.00  315.00 - - -
49.67 596.00 28.00 336.00 35.00 16.00
100.50 603.00 43.00 258.00 5433  5.00
- - 181.75  363.50 - 34.00
- 346.00 346.00 - -
69.75 56438 110.75 320.00 46.60 2225

7.00  315.00 - -
48.00 576.00 36.00 432.00 45.00 23.00
101.00 606.00 43.00 258.00 41.00 5.00
- - 181.75 363.50 - 34.00
- 346.00 346.00 - -
7243 55586 106.85 350.77 41.80 23.28

7.00  315.00 - - - -
56.33 676.00 21.33 256.00 26.33 -
100.50 603.00 43.00 258.00 54.33  5.00
227.00 454.00 165.00 330.00 47.00 16.00
- 346.00 346.00 - -
89.44 57878 9791 285.09 4129 10.50
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— o N
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— R WO
— R U1 O

77.00 924.00 34.00 408.00 47.00 23.00
20-3 114.33 686.00 47.60 285.60 5433  5.50
- - 181.75 363.50 - 34.00

[ N N
NN R R

- 346.00 346.00 - -
8540 65940 9873 35120 5250 20.83

7.00  315.00 - - - -

56.33 676.00 21.33 256.00 26.33 -
131.00 786.00 54.33 326.00 71.00 13.00
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Table Al. Cont.

DAS RAS(T =14
# Patients #Tardy p.  Operated p. Still Waiting p. Tardiness # Patients #Tardy p.  Operated p. Still Waiting Tardiness
Instance URG op sw op_t sw_t wt op wwt op wt sw wwt sw trd op trd_ sw op sw op_t sw .t wt op wwt op wt sw wwt sw trd op trd sw
0 1 0 0 0 7.00 315.00 - - - - 1 0 0 0 7.00 315.00 - - - -
1 4 2 3 0 4750 570.00 19.00 228.00 26.33 - 3 3 2 1 49.67 596.00 28.00 336.00 35.00 16.00
20—5 2 6 2 4 0 83.83 503.00 30.50 183.00 40.50 - 5 3 4 0 9240 55440 35.67 214.00 40.50 -
3 0 4 0 2 - - 181.75 363.50 - 34.00 O 4 0 2 - - 181.75 363.50 - 34.00
4 0 1 0 0 - - 346.00 346.00 - - 0 1 0 0 - - 346.00 346.00 - -
overall 11 9 7 2 63.64 510.27 13022 291.33 3443 3400 9 11 6 3 68.67 541.67 11491 313.64 38.67 28.00
0 0 1 0 1 - - 14.00  630.00 - 6.00 1 0 0 0 7.00 315.00 - - - -
1 3 3 2 1 49.67 596.00 28.00 336.00 35.00 16.00 1 5 1 2 75.00 900.00 34.00 408.00 45.00 23.00
20—6 2 4 4 3 1 100.00 600.00 43.00 258.00 53.67 5.00 3 5 3 2 98.33 590.00 57.60 345.60 38.33 30.50
3 0 4 0 2 - - 181.75 363.50 - 34.00 O 4 0 2 - - 181.75 363.50 - 34.00
4 0 1 0 0 - - 346.00 346.00 - - 0 1 0 0 - - 346.00 346.00 - -
overall 7 13 5 5 7843 59829 103.31 343.85 4620 19.00 5 15 4 6 7540 597.00 102.07 371.20 40.00 29.17
0 1 0 0 0 7.00 315.00 - - - - 0 1 0 1 - - 14.00  630.00 - 6.00
1 2 4 1 2 48.00 576.00 36.00 432.00 45.00 23.00 2 4 1 2 48.00 576.00 36.00 432.00 45.00 23.00
20—7 2 4 4 4 1 101.00 606.00 43.00 258.00 41.00 5.00 4 4 4 1 100.50 603.00 43.00 258.00 40.50 5.00
3 0 4 0 2 - - 181.75 363.50 - 3400 O 4 0 2 - - 181.75 363.50 - 34.00
4 0 1 0 0 - - 346.00 346.00 - - 0 1 0 0 - - 346.00 346.00 - -
overall 7 13 5 5 7243 55586 106.85 350.77 41.80 23.80 6 14 5 6 83.00 594.00 100.21 370.71 4140 20.83
0 1 0 0 0 7.00 315.00 - - - - 0 1 0 1 - - 14.00  630.00 - 6.00
1 1 5 1 2 75.00 900.00 34.00 408.00 45.00 23.00 1 5 1 2 75.00 900.00 34.00 408.00 45.00 23.00
20—8 2 4 4 4 1 101.50 609.00 43.00 258.00 41.50 5.00 4 4 4 1 100.50 603.00 43.00 258.00 40.50 5.00
3 0 4 0 2 - - 181.75 363.50 - 3400 O 4 0 2 - - 181.75 363.50 - 34.00
4 0 1 0 0 - - 346.00 346.00 - - 0 1 0 0 - - 346.00 346.00 - -
overall 6 14 5 5 81.33 608.50 101.07 348.00 4220 2380 5 15 5 6 95.40 66240 95.27 366.80 4140 20.83
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Table A2. Detailed number of (#) operated and still waiting patients, waiting time and tardiness, for the 40 patient instances.

DAS RAS (I' = 4)
# Patients #Tardy p.  Operated p. Still Waiting p. Tardiness # Patients #Tardy p.  Operated p. Still Waiting Tardiness
Instance URG op sw op_t sw_t wt op wwt op wt sw wwt sw trd op trd_ sw op sw op_t sw .t wt op wwt op wt sw wwt sw trd op trd sw
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - - 5.00 -
1 2 6 2 2 83.00 996.00 3283 394.00 53.00 31.00 2 6 2 2 84.00 1008.00 32.83 394.00 54.00 31.00
40—1 2 9 17 5 2 62.56 37533 4441 26647 24.80 3.50 2 24 2 5 104.00 624.00 4746 28475 44.00 12.00
3 0 3 0 1 - - 166.33  332.67 - 2400 0 3 0 1 - . 166.33  332.67 - 24.00
4 0 2 0 0 - - 34250 342.50 - - 0 2 0 0 - . 34250 342.50 - -
overall 12 28 8 5 61.83 496.25 76.29 30632 2938 1860 5 35 5 8 77.80 769.80 72.00 310.89 40.20 18.25
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - . 5.00 -
1 4 4 4 0 69.50 834.00 18.75 225.00 39.50 - 3 5 3 1 71.67 860.00 28.60 343.20 41.67 38.00
40—2 2 8 18 5 1 71.00 426.00 41.50 249.00 24.00 2.00 6 20 5 2 79.33 476.00 42.65 25590 25.20 3.50
3 0 3 0 1 - - 166.33  332.67 - 24.00 O 3 0 1 - . 166.33 332.67 - 24.00
4 0 2 0 0 - - 342.50 342.50 - - 0 2 0 0 - . 342.50 342.50 - -
overall 13 27 10 2 66.08 563.77 7430 261.67 2830 13.00 10 30 9 4 7040 602.10 72.67 28390 2844 17.25
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - . 5.00 -
1 3 5 3 1 71.00 852.00 28.60 343.20 41.00 38.00 3 5 3 1 71.67 860.00 28.60 343.20 41.67 38.00
40-3 2 5 21 5 2 85.20 511.20 43.14 25886 25.20 3.50 3 23 3 4 98.67 592.00 4548 272.87 38.67 6.75
3 1 2 1 0 201.00 402.00 14750 295.00 21.00 - 0 3 0 1 - . 166.33  332.67 - 24.00
4 0 2 0 0 - - 342.50 342.50 - - 0 2 0 0 - . 342.50 342.50 - -
overall 10 30 10 3 85.30 60990 67.63 28090 2750 15.00 7 33 7 6 7486 70586 7191 293.18 3514 14.83
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - . 5.00 -
1 4 4 4 0 69.00 828.00 18.75 225.00 39.00 - 4 4 4 0 69.00 828.00 18.75 225.00 39.00 -
40—4 2 7 19 5 0 77.00 462.00 41.00 246.00 24.00 - 4 22 4 3 9150 549.00 44.23 265.36 31.50 4.67
3 1 2 1 0 201.00 402.00 14750 295.00 21.00 - 0 3 0 1 - . 166.33  332.67 - 24.00
4 1 1 0 0 343.00 343.00 339.00 339.00 - - 0 2 0 0 - . 342.50 342.50 - -
overall 14 26 11 0 98.00 562,57 5723 250.12 2745 - 9 31 9 4 72.78 677.00 72.00 271.65 31.89 9.50
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Table A2. Cont.

DAS

RAS (T = 4)

# Patients # Tardy p.

Operated p.

Still Waiting p.

Tardiness

# Patients # Tardy p.

Operated p.

Still Waiting

Tardiness

Instance URG op sw op_t sw_t wt op wwt op wt sw wwt sw trd op trd_ sw op sw op_t sw .t wt op wwt op wt sw wwt sw trd op trd sw
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - 5.00 -
1 4 4 4 0 69.50 834.00 18.75 225.00 39.50 - 4 4 4 0 69.00 828.00 18.75 225.00 39.00 -
40—5 2 11 15 5 1 61.09 366.55 41.73 250.40 23.60 2.00 6 20 4 1 80.67 484.00 42.05 252.30 31.00 2.00
3 1 2 1 0 201.00 402.00 14750 295.00 21.00 - 1 2 1 0 201.00 402.00 14750 295.00 21.00 -
4 1 1 0 0 336.00 336.00 346.00 346.00 - - 1 1 0 0 336.00 336.00 346.00 346.00 - -
overall 18 22 11 1 83.33 482.83 61.00 254.18 27.45 200 13 27 10 1 100.77 57992 57.67  254.89 30.60 2.00
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - . 5.00 -
1 3 5 3 1 76.33 916.00 2580 309.60 46.33 24.00 3 5 3 1 77.67 932.00 2580 309.60 47.67  24.00
40—6 2 6 20 5 2 79.00 474.00 42.65 255.90 24.80 3.50 4 22 3 4 80.00 480.00 46.05 276.27 30.67 11.75
3 0 3 0 1 - - 166.33  332.67 - 24.00 O 3 0 1 - 166.33 332.67 - 24.00
4 0 2 0 0 - - 342.50 342.50 - - 0 2 0 0 - . 342.50 342.50 - -
overall 10 30 9 4 71.60 617.70 7220 278.30 2928 13.75 8 32 7 6 70.75 662.63 72.69 29091 3429 15.83
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - . 5.00 -
1 3 5 3 1 71.00 852.00 28.60 343.20 41.00 38.00 2 6 2 2 84.00 1008.00 32.83 394.00 54.00 31.00
40—7 2 6 20 5 2 79.67 478.00 42.65 255.90 25.60 3.50 5 21 4 3 77.60 465.60 45.05 270.29 25.00 13.33
3 0 3 0 1 - - 166.33  332.67 - 2400 0 3 0 1 - 166.33  332.67 - 24.00
4 0 2 0 0 - - 342.50 342.50 - - 0 2 0 0 - . 342.50 342.50 - -
overall 10 30 9 4 7040 60090 72.67 283.90 28.44 1725 8 32 7 6 7113 61613 72.72  303.84 3043  21.00
0 1 0 1 0 13.00 585.00 - - 5.00 - 1 0 1 0 13.00 585.00 - . 5.00 -
1 2 6 2 2 83.00 996.00 32.83 394.00 53.00 31.00 2 6 2 2 84.00 1008.00 32.83 394.00 54.00 31.00
40—8 2 6 20 5 2 79.00 474.00 42.65 255.90 24.80 3.50 4 22 4 3 85.00 510.00 45.41 272.45 25.00 13.33
3 0 3 0 1 - - 166.33  332.67 - 2400 0 3 0 1 - 166.33  332.67 - 24.00
4 1 1 0 0 336.00 336.00 346.00 346.00 - - 0 2 0 0 - . 342.50 342.50 - -
overall 10 30 8 5 98.90 575.70 63.17 294.20 29.38 18.60 7 33 7 6 7443 663.00 7212 304.27 3043 21.00
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Table A3. Percentage gap and computational time in seconds for the 80 patient instances.
3 Blocks DAS r=1 r=2 r=3 Ir=4 Ir=5 Ir==6 r=7 Ir=38
Instance Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap  Time
% % % % % % % % %

80—1 ag 0.05 ag 1.71 ag 0.66 ag 4.33 ag 2.48 ag 2.03 ag 1.59 ag 1.06 ag 0.76
80—2 ag 0.07 ag 0.44 ag 1.89 ag 81.77 ag 24.11 ag 11.76 ag 9.13 ag 5.12 ag 4.76
80-3 ag  0.02 ag 0.13 ag 0.65 ag 0.77 ag 0.65 ag 0.36 ag 0.95 ag 0.33 ag 0.20
80—4 ag 1.13 ag 1.45 ag 95.68 ag 91861 1.02 TL 1.05 TL ag 5711.39 ag 2803.27 ag 505.02
80—-5 ag 0.09 ag 10.10 ag 46.41 ag 17470  ag 4570.56 ag 170592  1.35 TL 1.17 TL 1.05 TL
80—6 ag 0.05 ag 0.54 ag 0.08 ag 0.16 ag 0.61 ag 0.52 ag 0.34 ag 0.58 ag 0.17
80—-7 ag 0.05 ag 0.26 ag 0.09 ag 1.09 ag 20.59 ag 5.97 0.04 5.16 ag 2.92 ag 2.55
80—-8 ag 0.11 ag 0.17 ag 0.43 ag 21.28 ag 19.08 ag 5.51 ag 5.42 ag 1.89 ag 1.60

average ag 0.20 ag 1.85 ag 18.24 ag 150.34 021 147821 022 111495 025 161520 023 125034 022  962.83
max ag 1.13 ag 10.10 ag 95.68 ag 91861 1.02 TL 1.05 TL 1.35 TL 1.17 TL 1.05 TL

5 Blocks DAS r=1 r=2 r=3 Ir=4 =5 Ir==6 r=7 Ir=38

Instance Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time

% % % % % % % % %

80—1 ag 2.11 ag 195.93 ag 980.32 ag 173323 ag 883.74 ag 605.31 ag 293.38 ag 246.04 ag 163.64
80—2 ag 5.73 ag 124476 0.84 TL 221 TL 1.92 TL 1.55 TL 1.09 714755 080 717931  0.65 TL
80—-3 ag 0.39 ag 55.76  0.38 7187.49 ag 205123 ag 1150.95 ag 167.61 ag 168.70 ag 128.74 ag 98.69
80—4 ag 2205 030 7181.18 2.06 7186.28 6.84 TL 7.80 TL 6.99 TL 6.68 5745.76* 5.87 6634.73* 526 TL
80—-5 ag 6658 0.39 TL 0.86  523598* 225 TL 3.14 TL 465 790.13* 5.64 TL 5.21 TL 5.08 992.23*
80—6 ag 1.36 ag 13.56 ag 941.52 0.51 TL ag 7020.63 ag 3616.01 ag 4491.46 ag 2312.77 ag 813.17
80—7 ag 0.58 ag 17010  ag 187.39 ag 285941 047 TL ag 5597.01 ag 4479.43 ag 3293.56 ag  2664.78
80—-8 ag 0.53 ag 4.53 ag 7.25 1.65 TL 1.32  6340.00* 090 6881.90* 0.83 TL 0.60 TL 0.49 TL

average ag 1242 0.16 2006.67 0.7 3614.22 172 532270 1.87 5518.19 1.81 400413 1.83 4587.68 1.61 4271.28 149 3286.89
max ag 6658 0.39 TL 2.06 TL 6.84 TL 7.80 TL 6.99 TL 6.68 TL 5.87 TL 5.26 TL
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Table A4. Percentage gap and computational time in seconds for the 120 patients instances.

3 Blocks DAS r=1 r=2 r=3 r=4 r=5 r=6 r=7 r==s8

Instance Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time
% % % % % % % % %
120—-1 ag 0.05 ag 2.12 ag 43.89 ag 358.42 ag 197.04 ag 150.19 ag 99.61 ag 54.76 ag 54.21
120-2  ag 0.31 ag 22.82 ag 5.37 ag 162598 ag 211.47 ag 78.50 ag 48.97 ag 31.27 ag 10.21
120-3  ag 0.07 ag 0.75 ag 51.25 ag 83.23 ag 52.47 ag 64.26 ag 44.87 ag 23.04 ag 2.78
120-4 ag 0.45 ag 5.61 ag 14.54 ag 579223 078 TL 0.81 TL 0.45 TL ag 5227.71 ag  2449.56
120-5 ag 0.09 ag 12.20 ag 98.08 ag 129097 ag 1527.07 0.61 TL 1.14 TL 0.93 TL 0.75 TL
120-6 ag 0.19 ag 11.60 ag 81.35 ag 116.02 ag 178.74 ag 82.43 ag 66.48 ag 50.39 ag 14.90
120-7 ag 0.09 ag 1.77 ag 3.42 ag 72.58 ag 115.49 ag 76.87 ag 66.40 ag 39.22 ag 28.46
120-8 ag 0.15 ag 1.08 ag 1.39 ag 262118 ag 237538 ag 1643.39 ag 725.07 ag 332.66 ag 65.71
average ag 0.18 ag 7.24 ag 37.41 ag  1495.08 0.18 1480.65 0.25 2058.85 0.27 192832 0.20 1618.33 0.18 1226.67
max ag 0.45 ag 22.82 ag 98.08 ag 579223 0.78 TL 0.81 TL 1.14 TL 0.93 TL 0.75 TL

5 Blocks DAS r=1 r=2 r=3 r=4 Ir=>5 r=6 r=7 r=as8

Instance Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time
% % % % % % % % Y%
120-1  ag 046 1.16 640959 * 245 TL 4.01 TL 2.19 TL 2.04 TL 1.80 TL 1.68 TL 1.19 TL
120-2  ag 764 044 TL 0.50 TL 2.05 TL 2.23 TL 1.88 TL 1.55 TL 1.27 TL 0.95 TL
120-3 ag 0.44 ag 227.65 1.43 TL 1.76 TL 1.47 TL 0.97 TL 0.77 TL 0.57 TL 0.50 TL
120-4 ag 5561 0.52 TL 0.68 TL 529 TL 6.21 TL 572 TL 4.86 TL 4.38 TL 3.89 TL
120-5 ag 034 017 TL 0.55 TL 1.85 TL 2.87 TL 375 279542* 419 TL 3.86 5965.84* 3.50 TL
120-6  ag 0.59 ag 145.12 0.73 TL 1.62 TL 1.81 TL 1.53 TL 1.21 TL 1.03 TL 0.86 TL
120-7 ag 0.55 ag 50.56 0.27 TL 1.36 TL 1.88 TL 1.52 TL 1.32 TL 1.15 TL 0.94 TL
120-8 ag 0.75 ag 259.97 ag 276024 3.06 TL 271 TL 243 TL 212 TL 1.99 TL 1.88 TL
average ag 830 034 3581.94 0.84 6634.15 2.63 TL 2.67 TL 2.48 6638.56 2.23 TL 1.99 7034.86 1.71 TL
max ag 5561 1.16 TL 2.45 TL 5.29 TL 6.21 TL 5.72 TL 4.86 TL 4.38 TL 3.89 TL
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Table A5. Percentage gap and computational time in seconds for the 140 patients instances.

3 Blocks DAS r=1 r=2 r=s3 r=4 r=>5 r=e6 r=7 r=s8
Instance Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap Time Gap  Time
% % % % % % % % %

140—-1  ag 0.07 ag 36.47 ag 20.16 ag 283.55 ag 77.67 ag 35.58 ag 19.58 ag 11.82 ag 8.09
140—-2  ag 0.13 ag 15.06 ag 5187 ag 497.16 ag 460.48 ag 168.72 ag 138.32 ag 55.13 ag 61.78
140-3  ag 0.08 ag 1.15 ag  93.00 ag 16.94 ag 25.44 ag 5.73 ag 5.42 ag 2.60 ag 1.46
140—-4  ag 0.32 ag 1.89 ag 6719 0.61 TL 1.03 TL 091 TL 0.65 TL 0.26 TL ag  1494.30
140-5 ag 0.37 ag 20.56 ag 2097 ag 634.35 ag 471.84 ag 166447 0.54 TL 0.42 TL 0.50 TL
140—-6  ag 0.11 ag 0.66 ag 14.16 ag 34.42 ag 14.03 ag 6.64 ag 3.59 ag 1.81 ag 1.15
140-7  ag 0.40 ag 0.87 ag 1520 ag 26.98 ag 65.36 ag 46.07 ag 27.47 0.02 9.51 ag 3.03
140—-10 ag 0.06 ag 3.58 ag 1.82  0.18 TL ag 682682 ag  5540.05 ag  1548.02 ag 290.39 ag 71.50
average ag 0.19 ag 10.03 ag 3555 017 198357 022 189115 020 1831.85 0.22 201469 0.15 184331 0.15 1103.61
max ag 0.40 ag 36.47 ag  93.00 0.61 TL 1.03 TL 091 TL 0.65 TL 0.42 TL 0.50 TL
5 Blocks DAS r=1 r=2 r=3 Ir=4 Ir=5 Ir=e6 r=7 Ir=8
Instance Gap Time Gap Time Gap Time Gap  Time Gap Time Gap Time Gap  Time Gap Time Gap Time
% % % % % % % % %
140-1 ag 0.27 0.78 TL 1.18 TL 227 TL 1.08 TL 0.76 TL 0.73 TL 0.64 TL 0.47 TL
140-2  ag 99.08 0.31 TL 0.86 TL 2.13 TL 1.95 TL 1.59 TL 1.21 TL 0.90 TL 0.72 TL
140-3  ag 0.56 ag 60.04 0.98 TL 0.93 TL 0.39 TL ag 515233 ag 111923 ag 671.90 ag 166.43
140—-4  ag 3.09 ag 34.44 1.21 TL 4.82 TL 533 TL 5.01 TL 4.52 TL 3.97 TL 3.64 TL
140-5 0.12 3272.88* 024 TL 0.81 TL 1.72 TL 2.51 TL 2.83 TL 3.33 TL 3.11 TL 2.80 TL
140-6 ag 1.26 0.22 TL 0.66 TL 1.03 TL 1.18 TL 0.78 TL 0.69 TL 0.30 TL 0.34 TL
140-7  ag 0.30 ag 14832 041 TL 1.18 TL 143 718421 1.13 TL 0.98 TL 0.81 TL 0.73 TL
140—-10 ag 0.21 ag 615832 (.52 TL 2.70 TL 2.45 TL 2.15 TL 1.91 TL 1.70 TL 1.54 TL
average ag 422.21 0.24 439392 0.83 TL 2.10 TL 204 718716 179 6933.17 1.68 6429.03 144 6373.13 129 6309.93
max 012 327288  0.78 TL 1.21 TL 4.82 TL 5.33 TL 5.01 TL 4.52 TL 3.97 TL 3.64 TL
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