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Abstract

Population-based cancer screening programmes invite high-risk population groups
to screenings in order to increase the probability of an early diagnosis. In this paper,
we study the organisation of preventive breast cancer screening, accounting for both
scheduling of patients and planning of resources. Mammography screening comprises a
two-stage healthcare process, encompassing a patient scan in a mammography unit and
a scan examination by a central coordination center. Objectives are to minimise patient
flow times and maximise resource efficiency and number of patients treated. Performance
of population-based screening programmes is hampered due to large rates of patient no-
shows, which is partially remedied by giving patients the option to cancel or reschedule
their appointment. We model the scheduling problem as a three-stage stochastic optimi-
sation problem and propose a diving heuristic relying on Sample Average Approximation
and nested Benders decomposition to find high-quality integer solutions. Computational
experimentation is performed on real-life instances to benchmark the proposed method
to alternative methodologies. Results demonstrate that the proposed heuristic yields a
stable performance for instances of different sizes. However, integrating the three de-
cision stages increases significantly the complexity, such that larger-sized instances are
preferably solved via two separate solution stages to improve resource efficiency. In addi-
tion, insights are provided in the value of stochastic optimisation and strategies to cancel
or reschedule appointments mitigating the impact of no-show uncertainty.

Keywords: OR in health services; Multi-stage scheduling; Population-based cancer
screening; Sample Average Approximation; Nested Benders decomposition
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1 Introduction

In order to decrease the incidence and mortality of breast cancer in women, most countries
in Europe have set up population-based periodic breast cancer screening that targets all
women between 50 and 69 years. Cancer screening programmes invite the most high-risk
population group to get a screening on a regular basis in order to increase the probability
of an early diagnosis. The breast cancer screening programmes in Europe in particular have
lead to a significant decrease in the disease’s mortality rate with studies reporting decreases
between 28% and 36% (Broeders et al., 2012). Central to the success of population-based
breast cancer screening are careful planning and a well-organised programme that ensure co-
ordination, continuity and quality of care operations. Breast cancer screening is a two-stage
healthcare process, encompassing a scan appointment and a scan examination. In this paper,
we study the organisation of the Breast Cancer Screening Programme (BCSP) relative to the
region of Flanders, Belgium, centrablacklly coordinated by the Centre of Cancer Research.
The organisation of the population-based programme is very complex and costly since it
is resource-intensive and subject to a large degree of patient no-show uncertainty, which is
partially countered by giving patients the option to cancel or reschedule their appointment.
Coordination between different care providers is required by the Central Coordinator (CC)
as the scan taking and examination of the scan take place in different organisations at dis-
tant locations. The screening is typically undertaken in outpatient settings of a local care
centre, i.e. an acknowledged Mammography Unit (MU) in the proximity of the patient.
Figure 1 displays the process flow related to the treatment and analysis relative to a single
patient. In advance, the CC invites patients for a mammography scan and assigns these to
a specific time and date as well as an MU based on a few demographic parameters. When
a patient is informed of her scan appointment, she has three weeks to respond by requesting
the rescheduling or cancellation of the appointment. This can be done by contacting the
CC via the indicated phone number. When choosing to reschedule, the patient is given the
opportunity to indicate her preferences regarding date andMU for rescheduling her appoint-
ment. If the patient does not respond, she is expected to show up at the designated time
and place. If the patient shows up to the appointment, the scan taken is examined twice,
i.e. on the very same day by a radiology specialist from the visited MU and by a specialist
attached to the CC centre who is experienced in mammography quality control. Note that,
due to required administration the scan examination by the specialist of the CC centre can
only be carried out at the earliest one day later than the associated scan appointment and
examination at the MU . In case they come to a different conclusion, the scan is examined
again by a second specialist from the CC centre. However, as the latter is rarely needed, the
third examination is not considered further in our study. After all necessary examinations
are completed, the patient is informed about the result.
The coordination of the BCSP is entangled by uncertainty, i.e. patients can cancel or request
to reschedule their appointment or may simply not show up at the time of the appointment.
Because of this uncertainty, the CC may be forced to adapt devised schedules based on re-
alised uncertainties. Correspondingly, three major decision phases can be discerned, i.e. the
resource planning and baseline scheduling, the decisions necessary to adapt schedules based
on patient cancellations and rescheduling requests, and the decisions to adapt schedules based
on the patient (no-)shows. The optimisation objectives are to minimise the time between
scan appointment and examination in order to improve patient satisfaction with respect to
the waiting time for results while organising the screening programme in an efficient man-
ner by minimising resource costs and maximising the number of patients treated. These
objectives are facilitated by the integration of resource planning and demand scheduling of
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Figure 1: Illustration of the process flow relative to the screening and examination of an individual
patient.

patient screenings and scan examinations. Both phases are interconnected since the patient
scheduling is a driver for the resource requirements and vice versa, when scheduling patients,
assumptions are typically made with respect to the resource availability. Isolated reasoning
leads to unbalanced schedule outcomes leading to significantly higher personnel costs and
patient waiting times and may have a negative impact on the clinical outcome (Chen et al.,
2008). The aims of this research study are to (i) model the organisation of the real-life
multi-stage healthcare process relative to the planning of required resources, which is inher-
ently a static budgeting decision, and the scheduling of appointments for scan screenings and
subsequent scan examinations under uncertainty; (ii) design an efficient algorithm that finds
high-quality solutions in an acceptable time span for the underlying stochastic optimisation
problem; and (iii) provide insights into specific features of the BCSP, relative to the process
organisation, the scheduling of patients and the planning of resources.
In correspondence to the different decision phases, the problem is solved as a three-stage
stochastic programming problem. The proposed solution methodology applies Sample Av-
erage Approximation (SAA) in order to reformulate the three-stage stochastic program into
a Deterministic Mixed-Integer Linear Program (DMILP). In this way, we approximate the
expected objective value in each stage with the respective average objective value over a
restricted set of scenarios generated based on underlying probability distributions. To solve
this large deterministic problem, we propose a three-step heuristic solution methodology. In
the first step, we apply a Nested Benders Decomposition (NBD) algorithm to solve the Linear
Programming Relaxation (LPR) of the DMILP. In the second step, a greedy diving heuristic,
intertwined with the NBD algorithm, is used to derive a high-quality integer solution. Given
a relaxed solution, the diving heuristic repetitively fixes a set of binary variables to integer
values. When no integer solution is yielded in the second step, a post-processing procedure
is applied in a third step that solves the different stages consecutively in a forward manner.
The proposed methodology is tested using real-life data from the BCSP in Flanders. In the
computational experiments, we validate the design choices of the heuristic and benchmark
the algorithm to (i) multi-stage solution methodologies that optimise the DMILP exactly
via mathematical programming, and (ii) decomposed solution methodologies that optimise
different single or multiple decision stages separately in a sequential manner. In addition,
we provide insights in the benefits of stochastic optimisation and consideration of mitigation
strategies to cancel or reschedule appointments to reduce the impact of no-show uncertainty.
The remainder of the manuscript is organised as follows. In Section 2, relevant literature is
discussed. In Section 3, the problem description and formulation are provided. Section 4
describes the proposed solution methodology. Section 5 discusses performed computational
experiments and validates the proposed procedure. Concluding remarks and directions for
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future research are discussed in Section 6.

2 Related literature

Healthcare planning and demand scheduling problems have been the subject of many studies
(cf. overview papers of Cayirli and Veral (2003) and Marynissen and Demeulemeester (2019)).
However, no studies have investigated the coordination of population-based screening pro-
grammes. In Section 2.1, we categorise related research based on the (multi-stage) patient
process, considered objectives and decisions taken. In Section 2.2, we discuss the considered
types of uncertainty, relevant stochastic modelling and solution methodologies.

2.1 Integrated multi-objective and multi-Stage healthcare scheduling prob-
lems

Scheduling problems can be divided into single-stage and multi-stage problems (Marynis-
sen and Demeulemeester, 2019). In single-stage scheduling, patients go through one process
(e.g. Dogru and Melouk, 2019; Jiang et al., 2019; Kim and Mehrotra, 2015; Wu and Zhou,
2022). Multi-stage scheduling problems involve processes in which patients are served via
multiple treatments or stages, and are commonly represented via well-known job-shop and
flow-shop models, making distinction between non-sequential and sequential types of patient
processes, respectively (Zhou and Yue, 2019). Sequential problems in healthcare consider a
stream of patients who follow the same sequence of services, resembling flow-shop problems.
This sequence often starts with an appointment, followed by multiple service processes, pos-
sibly requiring the presence of patients. In surgery scheduling, for example, different authors
(Aissaoui et al., 2020; Zhang et al., 2020) study a multi-stage flow-shop problem in which
patients only make an appointment for the first surgery stage and then go through subse-
quent stages (e.g. recovery) in the same order as their appointments. Zhou and Yue (2019)
model a similar four-stage sequential patient scheduling problem. Alike job-shop problems,
non-sequential multi-stage problems in healthcare involve patients who may follow different
pathways. Pham and Klinkert (2008) study a surgical-case scheduling problem with multiple
patient types as a multi-mode blocking job-shop problem. White et al. (2011) optimise an
appointment scheduling problem where the appointment is followed by additional stages or
tasks depending on the patient’s needs on a First-Come-First-Served (FCFS) basis. Gocgun
and Puterman (2014) and Diamant et al. (2018), amongst others, model a dynamic patient
scheduling problem that considers the scheduling of patients who require multiple treat-
ments. The problem divides the infinite planning horizon into multiple periods and account
for the correlation between consecutive decision periods, for example, because of patient de-
ferrals, appointment cancellations and patient no-shows. Diamant et al. (2018) consider a
non-sequential problem as the evolution of required treatments is dependent on completed
assessments.
Healthcare planning and scheduling problems can also be categorised based on decisions to be
taken, i.e. resource capacity planning, patient demand scheduling, or both types of decisions
in an integrated manner. The latter problems have not been frequently studied. Zhang et al.
(2020) integrate demand and capacity scheduling in a two-stage surgery scheduling problem
by determining which surgical blocks to open, selecting the surgeries to be performed from
a waiting list, and assigning the selected surgeries to available surgical blocks. White et al.
(2011) determine the number of examination rooms and the appointment scheduling rule for
planning patients in a radiology department. They found a significant relationship between
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the two decisions, confirming there is interaction between capacity and demand scheduling
decisions. Wu and Zhou (2022) integrate the optimisation of number of working duties and
appointment scheduling for a service with multiple servers. Aissaoui et al. (2020) consider
simultaneously the sequencing of patients and resource assignment to schedule surgeries.
In multi-stage scheduling problems, it is common practice to consider multiple objectives
simultaneously, which are optimised via a single weighted objective function (Marynissen
and Demeulemeester, 2019). A distinction can be made between objectives related to patient
scheduling and to resource capacity planning. Common objectives for scheduling patients are
patient waiting time and flow time, resource idle time and overtime, and total completion
time. For example, Zhou and Yue (2019) minimise expected costs related to patient waiting
time and resource idle times. Dogru and Melouk (2019) minimise expected costs of patient
waiting time, physician idle time and overtime to schedule patient appointments. Com-
mon resource objectives are resource utilisation, idle time, overtime and amount of resources
used. Kim and Mehrotra (2015), for example, minimise nurse wages, costs for adding shifts,
shift cancellation costs and the penalty for under- and overstaffing. Problems that integrate
resource planning and patient scheduling oftentimes combine patient- and resource-related
objectives. Zhang et al. (2020) maximise the number of surgeries performed and minimise
surgery postponement costs based on patient priority. Moreover, they minimise opening and
overtime costs of the surgical blocks. White et al. (2011) account for patient waiting time
and the amount of idle time and overtime as performance measures. Wu and Zhou (2022)
minimise number of working duties, amount of idle time and overtime, and patient waiting
time. Aissaoui et al. (2020), however, focus only on patient-related objectives such as pa-
tients’ length of stay and number of patient overnight stays. The latter objective is related to
the patient flow time as an overnight stay for a patient is mainly dependent on the scheduled
moment for the surgery and the uncertain recovery duration.
In this paper, we study a multi-stage sequential scheduling problem that integrates capacity
planning and demand scheduling. We optimise number of patients scheduled, patient flow
time, fixed and variable resource costs, resource-schedule adjustment costs and resource idle
time and overtime. Table 1 in Online Appendix A indicates the characteristics discussed
above for the most relevant references and our study involving number of processes, process
type, type of decisions (patient- or resource-related), and studied objectives.

2.2 Stochastic scheduling

Stochastic optimisation problems take at least one source of parameter uncertainty into ac-
count. Section 2.2.1 discusses different types of uncertainty considered in the domain of
healthcare planning and demand scheduling. Section 2.2.2 discusses the common techniques
to model multi-stage stochastic problems. Section 2.2.3 discusses relevant solution method-
ologies. Table 2 in Online Appendix A provides a literature synthesis of the most relevant
studies regarding the considered types of uncertainties and solution methods.

2.2.1 Sources of uncertainty

The literature on stochastic healthcare planning and scheduling oftentimes only includes
stochastic service durations (e.g. White et al., 2011). However, in appointment scheduling,
no-shows, patient punctuality, length of stay and arrival processes are also commonly studied
sources of uncertainty. Dogru and Melouk (2019), amongst others, consider patient prefer-
ences as a source of uncertainty. These preferences are related to the appointment day and
time and physician resource, and are used to determine the set of appointment slots offered to
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the patient. In capacity planning literature, the demand for services is regularly considered as
a stochastic variable (e.g. Kim and Mehrotra, 2015). In this paper, we consider three types of
parameter uncertainties, i.e. patient cancellations, patients’ requests for rescheduling based
on their preferences, and no-shows. Patient preferences and especially no-show behaviour
have already been widely studied, whereas appointment cancellations and reschedules are
less common topics. Though, patient cancellations can be seen as a type of demand uncer-
tainty and, more precisely, as the amount of demand that is overestimated. To the best of
our knowledge, patient preferences for rescheduling requests have not been considered in the
literature before.

2.2.2 Modelling of stochastic multi-stage problems

Multi-stage stochastic optimisation problems assume some recourse decisions can be taken
after uncertainty is disclosed. The stages in a stochastic problem are related to before and
after a random experiment and may comprise different decision phases at different moments,
though they can coincide. Most studies focus on two-stage programming problems (e.g.
Dogru and Melouk, 2019; Jiang et al., 2019; Kim and Mehrotra, 2015; White et al., 2011;
Wu and Zhou, 2022; Zhang et al., 2020; Zhou and Yue, 2019). However, in reality, multiple
scheduling decisions are often made at different points in time and uncertainties are often
realised in between those decision stages, encompassing a multi-stage stochastic problem,
which can be represented via either a nodal or stage-scenario formulation with implicit or
explicit nonanticipativity constraints (Vitali et al., 2021). Many studies rely on a nested
decomposition structure that divides the planning horizon into multiple periods (e.g., days,
weeks) and enables the definition of a dynamic programming model or Markov Decision
Process (MDP) model (e.g. Diamant et al., 2018; Gocgun and Puterman, 2014). The downside
of these techniques is that they may suffer from the curse of dimensionality and only small-
sized stochastic problems can be solved efficiently. In an attempt to reduce the number
of states, proposed MDP models in the patient scheduling literature rely on the aggregate
numbers of patients related to specific classes, which is not suitable for the problem under
study because of individual patient preferences for rescheduling. Another common approach
is to reduce the number of stochastic stages. The latter has been observed in the literature,
for example in the domain of stochastic production planning and scheduling (Drexl and
Haase, 1995; Karimi et al., 2003), according to which so-called big-bucket and small-bucket
time-period models have been proposed considering the level of uncertainty respectively in
an aggregated manner relative to a larger period or in a detailed manner relative to smaller
time periods. For example, Gocgun and Puterman (2014) increase their time bucket size
by aggregating all patient arrivals of one day and, at the end of that day, assigning them
to appointments. In line with a big-bucket time-period model, an often-used benchmark
for multi-stage stochastic problems is the static approximation assuming perfect information
(e.g. Dogru and Melouk, 2019). In this study, we adopt a similar approach and rely on a big-
bucket time-period model with three stochastic stages to derive insights into specific features
of the BCSP (e.g. value of no-show mitigation strategies).

2.2.3 Solution methodologies

Different heuristic and exact methods have been proposed to solve multi-stage stochastic
scheduling problems that incorporate some parameter uncertainty. Aissaoui et al. (2020)
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present a DMILP that maximises a mitigation measure to schedule slack time between con-
secutive patients in order to make a robust schedule without the need for sampling. White
et al. (2011) and Dogru and Melouk (2019) propose both a simulation-optimisation method.
Simulation-optimisation methods use simulation as evaluation method, and can be applied
with many optimisation methods such as statistical ranking and selection methods, heuristics,
stochastic approximation, etc. Diamant et al. (2018) and Gocgun and Puterman (2014) both
apply Approximate dynamic programming to solve their formulated MDP for scheduling pa-
tients in a dynamic manner. Most methods to solve stochastic problems, however, comprise
the L-shaped method and the SAA method, which try to formulate a deterministic model
by sampling the stochastic variables. Kim and Mehrotra (2015), for example, apply the L-
shaped method enhanced with a heuristic branch-and-cut strategy to solve their two-stage
stochastic problem. Jiang et al. (2019) and Zhang et al. (2020) rely on SAA to reformulate
their two-stage stochastic problems and then apply a column-generation-based heuristic and
a Benders decomposition-based heuristic, respectively. It is also possible to combine SAA
and the L-shaped method (e.g. Wu and Zhou, 2022; Zhou and Yue, 2019). Wu and Zhou
(2022) enhance their L-shaped method with a Benders decomposition-based heuristic and a
variable-neighbourhood descent heuristic. Note these studies emphasise that the quality of
yielded solutions is highly dependent on the selected sample size. In this regard, Kim and
Mehrotra (2015) consider 1000 scenarios for a planning horizon of 18 weeks and Zhou and
Yue (2019) consider 5000 scenarios for smaller-sized instances of only 10 to 14 jobs. Zhang
et al. (2020) rely on 150 scenarios to solve instances up to 150 tasks and 5 workdays. Wu
and Zhou (2022) sample 100 scenarios to schedule at most 20 customers with 5 servers. Jiang
et al. (2019) consider 20000 scenarios with, on average, 20 patients who have to be assigned
an appointment time. Similar to Jiang et al. (2019), we reformulate our three-stage stochastic
optimisation problem using SAA and then solve it via a Benders decomposition algorithm
and a diving heuristic.

3 Problem description and formulation

In this paper, we study a multi-objective, multi-phase healthcare optimisation problem under
uncertainty integrating resource capacity planning and advance patient scheduling. The prob-
lem determines the required resource budget accurately by constructing a baseline resource
schedule and an operational patient schedule that assigns offline a set of elective patients over
a medium-term horizon to particular days and specific MU and CC resources. Section 3.1
presents a general problem description and the modelling assumptions. Section 3.2 provides
the stage-scenario formulation.

3.1 General problem description and assumptions

The preventive BCSP in Flanders (Belgium) involves two sequentially connected and inter-
related service processes, i.e. (i) the taking of a scan during an appointment with the patient
followed by (ii) the examination of the scan at a later moment. Accordingly, the underlying
patient scheduling problem encompasses a flexible flow-shop problem as each patient goes
through the service processes in the same order. In contrast to the scan appointment, the
scan examination does not require the presence of the patient. In order to complete these
two services, different resources are needed. Taking a scan requires a mammography machine
at a local MU . We assume that a MU disposes of enough personnel or other resources to
handle any appointment planned. A scan examination is performed by a specialist at the
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CC. Evidently, the output of the first service, i.e. the made scans, determines the demand
for the second service, i.e. examination of these scans. Because of their interrelationship,
these processes and associated resources should be scheduled and budgeted in an integrated
manner, such that the capacity is adequately coordinated to handle service demand. The
problem under study determines the required (strategic) capacity via the composition of a
(tactical) baseline resource schedule that is integrated with the planning of patients following
a multi-phase decision framework, accounting for different types of uncertainty, i.e. (i) can-
cellation of scans by patients, (ii) rescheduling of an appointment on the request of patients,
and (iii) no-show of patients. The realisation of these uncertainties (or stochastic variables)
at different points in time trigger three main decision phases T (index t ∈ T, T = {1, 2, 3}).
The first decision phase composes the baseline schedule before any of the uncertainties are
realised. The second and third decision phases represent adaptations to the schedule based
on changed input data resulting from the realised uncertainties. Section 3.1.1 comprises a
more detailed description of the phases and relevant assumptions taken.
The goal of this multi-phase scheduling problem is to optimise the expected values relative
to both patient- and resource-related objectives. The patient objectives encompass max-
imising the number of patients planned and minimising the patient flow time. The resource
objectives aim to minimise (i) the number of resources budgeted and the number of work
duties, (ii) adjustments made to the baseline resource schedules, (iii) idle time and overtime
of both the MU and the CC resources. The idle time and overtime are optimised through
patient overbooking and resource (re-)scheduling decisions throughout the decision phases.
The overbooking of scan appointments and examinations is possible because capacity re-
strictions are treated as soft constraints, and is used to counteract the negative effects of
cancellations and no-shows on resource usage. The budgeted number of resources and sched-
uled work duties, together with the consideration of minimising the amount of idle time and
overtime in the objective function introduces a natural upper bound to the used capacity.
The problem formulation of each phase includes related realised and expected objectives.
The realised objectives of a given phase can be calculated directly as they are determined
based on already-known uncertainty outcomes and decision variables of the given phase. The
expected objectives depend on uncertainties that will be realised in the future, and/or on
decisions that will be made in future phases.

3.1.1 Decision phases

Figure 2 gives an overview of the decision phases and timeline, i.e. relevant horizons and
moments when decisions are made and uncertainties are realised. The figure shows the hier-
archy in the decisions from top to bottom, whereas the expected objective values related to
lower hierarchical phases are taken into account in the decision-making of higher hierarchi-
cal phases, following a bottom-up approach. The figure illustrates the three-phase decision
process by displaying an example schedule for the different phases in response to the encoun-
tered uncertainty. The first main decision phase (t = 1) encompasses the composition of an
integrated baseline schedule relative to both resources and patients in a static manner. The
CC determines the appointments (time, date, and place) for a set of patients together in an
offline manner approximately 30 days in advance, for a future planning horizon. Apart from
the initial schedule of scan appointments, the baseline scheduling involves the preliminary
construction of a schedule for associated scan examinations together with the capacity plan-
ning of required resources and scheduling of the budgeted resources for the involved MUs
and CC. The resource schedule determines which and how many MU and CC resources
are used, and schedules the work duties for these resources over the entire planning horizon
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resulting in an accurate estimation of the resource budget. The following assumptions are
made related to the first decision phase:

(1) Patients are homogeneous in terms of resource usage.
We assume individual patients require the same service time related to their scan ap-
pointment and subsequent examination. As patients are interchangeable, it makes no
difference (i) which individual patients are planned on a particular day from the per-
spective of the resource organisation, and especially (ii) in which sequence patients are
scheduled and assigned to a time slot. Therefore, the problem under study only consid-
ers the advance planning of patients, assigning them to a particular day and resource,
and not to a particular time slot.

(2) The budgeted resources can be determined based on a static decision with a single
(reference) period as the planning horizon.
The considered set of patients to be scheduled over a specific planning horizon is deter-
mined by the CC based on very few parameters. Accordingly, the patient sets relative
to different planning horizons are more or less invariant in terms of size and composi-
tion. Taking into account the homogeneity of patients (cf. supra), the required number
of resources can be adequately determined based on a static decision that considers a
single planning horizon as reference period. Note that small fluctuations in the number
of patients (e.g., due to the rescheduling of patients to a later planning horizon) or
in the realised uncertainties (e.g., patient no-shows) are mitigated via changes in the
resource schedules and not via the postulated resource capacities.

After the first decision phase, patients are informed of their scan appointment and are allowed
to respond. Based on the patient cancellations and rescheduling requests submitted during
the patient response horizon, the second main decision phase (t = 2) is induced. In this phase,
the budgeted number of resources as well as the baseline MU schedule are fixed conforming
to the decisions made in the first stage. Adjustments to the schedules involving patient scan
appointments and examinations and the work duties of CC specialists, however, are possible.
The appointment rescheduling takes individual patient preferences into account, whereas scan
examinations at the CC can be rearranged almost freely as they do not require the patient’s
presence. The schedule of the CC specialists is modified by removing or adding work duties.
The following assumptions are made in view of this second decision phase:

(3) The probability of a cancellation or rescheduling request is independent of the patient
and of the appointment day and resource assigned in the baseline schedule.
Patients are heterogeneous with respect to their appointment preferences, which may
define a patient-specific probability to cancel or request a rescheduling. However, as we
assume the selected set of patients to be homogeneous (cf. supra), patient preferences
are considered as patient independent when constructing the initial baseline schedule,
similar to most studies in the literature (e.g. Dogru and Melouk, 2019; Wang and Fung,
2014). Correspondingly, the probability to cancel or request a rescheduling is considered
as independent of patients and their initial appointment set.

(4) Patients who request a rescheduling accept the first new appointment that is proposed.
When choosing to reschedule, patients are given the opportunity to indicate their pref-
erences for rescheduling their appointment relative to the date and MU and a new
appointment is set based on a negotiation between the CC and the patient. The CC
will always offer a new appointment fitting the preferences of the patient, even if this
means the patient must be planned in the next planning horizon. Conforming to previ-
ous literature (e.g. Dogru and Melouk, 2019), we assume patients will therefore accept
the first offered appointment.

9

                  



(5) Rescheduling requests and cancellations are treated in a batch-wise static manner.
Although cancellations and requests for rescheduling of different patients may arise at
different moments in time, the adaptations to the patient schedules and the resource
schedules for the relevant period are done for all patients simultaneously in a static
manner, i.e., a couple of days before the start of the considered period taking all in-
formation into account. Accordingly, we assume patients who request a rescheduling
receive their new appointment at the end of the response period. This assumption is
similar to many studies on surgery and specialty scheduling (Gupta and Denton, 2008).
In this way, (unnecessary) changes to the resource schedules for a particular period are
kept to a minimum and personnel and patients can still be informed in a timely manner
(Marynissen and Demeulemeester, 2019; Ouelhadj and Petrovic, 2009).

(6) Patients cannot concurrently request a rescheduling and cancel their appointment.
The CC does not allow patients who cancel their appointment, to request a new ap-
pointment in the same planning horizon. If this happens, patients are included in a
later planning horizon. Additionally, it very rarely occurs that a patient who requests
a rescheduling, also cancels the appointment later during the three-week response pe-
riod. This is assumed to be a consequence of the fact that the CC always offers a new
appointment consistent with the patient’s preference. Therefore, we assume patients
cannot request a rescheduling and cancel in the same patient response period. Note,
however, we do assume patients who requested to reschedule, may not show at the time
of the appointment.

During the execution of the planning horizon, patients may not show up to their appointment.
Based on the realised patient (no-)shows, the third main decision phase (t = 3) is triggered.
In this phase, the CC can adapt the schedules involving the patient scan examinations and
the CC specialists by adding or removing work duties. The following assumption is made to
manage this third main decision phase:

(7) The CC has perfect information relative to the realized patient no-shows at the start
of the considered planning horizon.
Due to the minimum time lag between the scan appointment and scan examination, the
CC can adjust the scan examination and specialist schedules as the planning horizon
progresses, based on the (no-)shows of patients at the end of each day when the scan
appointments realised on that day are known. To lower the computational complexity
for solving the problem under study, we approximate this complex MDP via its static
lower bound (cf. Section 2.2.2) and assume that the CC has complete knowledge,
i.e. perfect information, relative to the realized patient no-shows at the start of the
planning horizon. In this way, the consequential decisions in this phase are taken in
a static manner via a single scheduling decision, rather than tackling this phase via
multiple (daily) decisions and the patient no-show information becomes only gradually
known. This assumption is tested and further investigated in Online Appendix B.

The identification of the decision phases has been specifically based on assumptions (5) and
(7), which provide the rationale for the definition of only three decision phases, aggregating
the realised uncertainty over a larger period. Given the posed research questions, this mod-
elling approach has been found most efficient to derive relevant estimations for the complex
multi-stage or dynamic process.
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Figure 2: Illustration of the three-phase decision process.

3.2 Stage-scenario formulation

We present a stage-scenario formulation for the stochastic problem under study in which the
above-discussed decision phases are modelled as ‘decision stages’ and a ‘scenario’ denotes a
possible realisation of all stochastic variables (Birge and Louveaux, 2011). More precisely, a
scenario indicates for each patient if they cancel, request a rescheduling and/or do not show
up at the appointment time. Let ξ be the set of all possible scenarios for the stochastic
variables. As mentioned, these stochastic variables are realised at different points in time.
Patient cancellations and requests for rescheduling are realised between the first and second
decision phases and no-shows between the second and third decision phases. We assume
some dependency between uncertainties, i.e. (i) a patient cannot cancel and reschedule
and (ii) a patient cannot cancel and no-show, realised at the same or a different point in
time respectively during the decision process. Accordingly, the realised scenarios can be
represented in a discrete manner via a so-called scenario tree illustrated in Figure 3 and
the following notation. The scenario tree divides into branches corresponding to different
realisations of the random sources of uncertainty. Set St is the set of realised samples for stage
t (index st ∈ St, St = {0, ..., |St| − 1}). We define a realised sample of stage t as a collection
of one randomly sampled value per stochastic variable realised between decision stages t− 1
and t, given stages 1, ..., t− 1. To formulate the dependencies between uncertainties realised
at different points in time, we denote a node of stage t in the scenario tree with a vector
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−→st = (s1, ..., st) with parameters s1 ∈ S1, ..., st ∈ St indicating the history of realisations.
As no uncertainties are realised before the first stage, there is only one realised sample in
stage 1, i.e. S1 = {0}. A node of stage t can therefore be represented as −→st = (0, ..., st),
representing a (partial) path in the scenario tree between the root node and a node at level
t. The probability node −→st = (0, ..., st) occurs is equal to ρs2...st . In this way, a scenario
−→s3 = (0, s2, s3) corresponds to a complete path from the root node to a last-stage node of
the scenario tree and has the probability ρs2s3 . The number of possible scenarios is equal to
|S2| × |S3|.
In the following, we formulate the objective function and the constraints related to each
decision stage. The multi-stage problem under study considers minimisation objective (1)
subject to first-stage constraints (2)-(13), second-stage constraints (14)-(27), and third-stage
constraints (28)-(41). To define the variables associated with each stage, we specify the stage
number in the upper index and the related node is indicated by the lower indices. Note that
the first-stage decisions are taken without any information on the random events, whereas
decisions relative to decision stages 2 and 3 depend on realised uncertainties or samples.
Accordingly, we index both the realisations of uncertainties and the decisions related to
stages 2 and 3 by a sample index s2 and/or s3 representing the involved node (0, s2) or
(0, s2, s3), respectively. The decision variables related to stages 1 and 2 do not contain all
scenario indices as these decisions cannot anticipate every possible outcome. In this way, the
staged recourse decisions are modelled via a nodal representation and the non-anticipativity
of the decisions is implicitly embedded in the variable definition. Hence, no explicit non-
anticipativity constraints are required to model the multi-stage problem (Barro et al., 2006;
Menon et al., 2021). The following notation of symbols is used to formulate the stage-scenario
model for the problem under study:

𝑠! = (0)

𝑠! = (0,0) 𝑠! = (0,1) … 𝑠! = (0, 𝑆! − 1)

𝑠! =
(0,0,0)

𝑠! =
(0,0,1)

… 𝑠! =
(0,0, 𝑆! − 1)

𝑠! =
(0,1,0)

𝑠! =
(0,1,1)

… 𝑠! =
(0,1, 𝑆! − 1)

𝑠! =
(0, 𝑆" − 1,0)

𝑠! =
(0, 𝑆" − 1,1) … 𝑠! =

(0, 𝑆" − 1, 𝑆! − 1)

Figure 3: Scenario tree representation defining the set of possible scenarios ξ.

Deterministic sets
I Set of patients (index i ∈ I, I = {0, 1, ..., |I| − 1})
M Set of mammography units (MUs) (index m ∈M , M = {0, 1, ..., |M | − 1})
Mi Set of MUs accessible to patient i (index m ∈Mi, Mi ⊆M)
Rm Set of resources available in MU m (index r ∈ Rm, Rm = {0, 1, ..., |Rm| − 1})
Q Set of resources available at the CC (index q ∈ Q, Q = {0, 1, ..., |Q| − 1})
D Set of days within the planning horizon (index d ∈ D, D = {0, 1, ..., |D| − 1})
S2 Set of realised samples for stage 2 (index s2 ∈ S2, S2 = {0, 1, ..., |S2| − 1})
S3 Set of realised samples for stage 3, per realised sample of stage 2 (index s3 ∈ S3, S3 = {0, 1, ..., |S3| − 1})

Deterministic parameters
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c1 Cost per MU used (in euro)
c2 Cost per budgeted CC specialist (in euro)
c3 Cost per scheduled mammography machine per day (in euro)
c4 Cost per scheduled CC specialist per day (in euro)
c5 Cost per adaptation to the CC resource schedule in stage 2 (in euro)
c6 Cost per adaptation to the CC resource schedule in stage 3 (in euro)
c7 Cost per hour idle time for MU resources (in euro)
c8 Cost per hour overtime for MU resources (in euro)
c9 Cost per hour idle time for CC resources (in euro)
c10 Cost per hour overtime for CC resources (in euro)
wAP Weight to maximise number of scheduled patients in stage 2
wFT Weight per day of patient flow time in stage 3
wI Weight assigned to all patient-related objectives
wR Weight assigned to all resource-related objectives
gCC Maximum number of CC specialists planned per day
l Minimum number of days between the scan appointment and the scan examination
kMU
m Session duration at MU m (in hours)
kCC Session duration at the CC (in hours)
θ1 Average service duration of a scan appointment (in hours)
θ2 Average service duration of a scan examination (in hours)

Sampled values from stochastic sets and variables
Γis2 Set of appointment MUs and days acceptable to patient i in node (0, s2) (tuple (m, d), with m ∈Mi and d ∈ D)
δ
canc
is2 1, if patient i wants to cancel the scan appointment in node (0, s2); 0, otherwise
δ
resch
is2 1, if patient i wants to reschedule the scan appointment made in stage 1, in node (0, s2); 0, otherwise
δ
show
is2s3 1, if patient i showed up to the scan appointment in node (0, s2, s3); 0, otherwise

Decision variables related to decision stage 1
a1,1
m 1, if appointments are planned for MU m; 0, otherwise
a1,2
q 1, if CC specialist q is budgeted; 0, otherwise
y1,1
mrd 1, if machine r of MU m is deployed on day d; 0, otherwise
y1,2
qd 1, if CC specialist q is scheduled on day d; 0, otherwise
x1,1
imrd 1, if patient i is scheduled a scan appointment on day d on machine r of MU m ∈Mi; 0, otherwise
x1,2
iqd 1, if the scan examination of patient i is scheduled on day d for specialist q; 0, otherwise

Decision variables related to decision stage 2
y2,+
qds2

1, if an extra work duty is scheduled for specialist q on day d given node (0, s2); 0, otherwise
y2,−
qds2

1, if the work duty of specialist q on day d is removed given node (0, s2); 0, otherwise
x2,1
imrds2

1, if patient i is scheduled a scan appointment on day d on machine r of MU m ∈Mi given node (0, s2);
0, otherwise

x2,2
iqds2

1, if the scan examination of patient i is scheduled on day d for specialist q given node (0, s2); 0, otherwise
z2
is2 1, if patient i is scheduled given node (0, s2); 0, otherwise

Decision variables related to decision stage 3
y3,+
qds2s3

1, if an extra work duty is scheduled for specialist q on day d given node (0, s2, s3); 0, otherwise
y3,−
qds2s3

1, if the work duty of specialist q on day d is removed given node (0, s2, s3); 0, otherwise
x3,2
iqds2s3

1, if the scan examination of patient i is scheduled for specialist q on day d given node (0, s2, s3);
0, otherwise

it3,1mrds2s3
The amount of idle time on machine r of MU m on day d given node (0, s2, s3) (in hours)

ot3,1mrds2s3
The amount of overtime on machine r of MU m on day d given node (0, s2, s3) (in hours)

it3,2qds2s3
The amount of idle time for CC specialist q on day d given node (0, s2, s3) (in hours)

ot3,2qds2s3
The amount of overtime for CC specialist q on day d given node (0, s2, s3) (in hours)

3.2.1 Objective function

The objective of this multi-stage stochastic problem (eq. (1)) is to optimise the expected
objective value Z∗, which is calculated by taking the weighted average over all possible
scenarios (ξ). The different terms in the objective are dependent on different stochastic
variables and decision variables related to particular decision stages. In this way, the objective
can be split based on the stage after which they are realised (cf. Figure 2). The components
Z∗1 , Z∗2 (−→s2) and Z∗3 (−→s3) denote the (expected) objective values resulting from first, second
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and third-stage decisions, respectively, with Z∗t (−→st ) the objective value impacted by decisions
made in stages 1, ..., t, given the realised samples related to node −→st . The expected value of
Z∗t (−→st ) can be calculated by taking the weighted average over all nodes of stage t with the
weight equal to the node probability ρs2...st .

min Z∗ = Z∗1 +
∑

s2∈S2

(
ρs2 × Z∗2 (−→s2)

)
+
∑

s2∈S2

∑

s3∈S3

(
ρs2s3 × Z∗3 (−→s3)

)
(1)

Equations (2)-(4) indicate the functions of objective components Z∗1 , Z∗2 (−→s2) and Z∗3 (−→s3),
respectively. Z∗1 minimises fixed and variable resource costs for bothMUs and CC specialists.
Z∗2 (−→s2) maximises the total number of patients scheduled to stimulate rescheduling of patients
and minimises variable costs involving the number of work duties scheduled for CC specialists
and the number of adjustments made to the specialist schedule. Z∗3 (−→s3) aims to minimise
patient flow time, variable costs involving the number of work duties scheduled for CC
specialists, the number of adjustments made to the specialist schedule, idle time and overtime
relative to the usage of MU and CC resources. The flow time is defined as the positive
difference in days between day of scan examination and day of scan appointment if the
patient showed up. Note that the eventual day of a patient’s scan appointment is determined
in stage 2, whereas the day of scan examination can still be adjusted in stage 3.

Z∗1 = wR ×
(
c1 ×

∑

m∈M
a1,1
m + c2 ×

∑

q∈Q
a1,2
q + c3 ×

∑

m∈M

∑

r∈Rm

∑

d∈D
y1,1
mrd + c4 ×

∑

q∈Q

∑

d∈D
y1,2
qd

)
(2)

Z∗2 (−→s2) = wI ×
(

(−wAP )×
∑

i∈I
z2
is2

)

+ wR ×
(
c4 ×

∑

q∈Q

∑

d∈D
(y2,+

qds2
− y2,−

qds2
) + c5 ×

∑

q∈Q

∑

d∈D
(y2,+

qds2
+ y2,−

qds2
)

)
∀s2 ∈ S2 (3)

Z∗3 (−→s3) = wI ×
(
wFT ×

∑

i∈I

(
δ
show
is2s3 ×

(∑

q∈Q

∑

d∈D
(d× x3,2

iqds2s3
)−

∑

m∈M

∑

r∈Rm

∑

d∈D
(d× x2,1

imrds2
)
)))

+ wR ×
(
c4 ×

∑

q∈Q

∑

d∈D
(y3,+

qds2s3
− y3,−

qds2s3
) + c6 ×

∑

q∈Q

∑

d∈D
(y3,+

qds2s3
+ y3,−

qds2s3
)

+ c7 ×
∑

m∈M

∑

r∈Rm

∑

d∈D
it3,1mrds2s3

+ c8 ×
∑

m∈M

∑

r∈Rm

∑

d∈D
ot3,1mrds2s3

+ c9 ×
∑

q∈Q

∑

d∈D
it3,2qds2s3

+ c10 ×
∑

q∈Q

∑

d∈D
ot3,2qds2s3

)
∀s2 ∈ S2, ∀s3 ∈ S3 (4)

3.2.2 First-stage constraints

Constraints (5) - (7) are related to the scheduling of scan appointments for all considered
patients together. Equation (5) indicates each patient i must receive exactly one scan ap-
pointment, relying on variables x1,1imrd. These variables are only defined for the set of geo-
graphically accessible MUs (Mi) for a particular patient. Further, the baseline schedule for
MU resources reveals the required budget, i.e. number and specific MUs employed, relying
on variables a1,1m , and the specific mammography machines brought into service on certain
days, relying on the variables y1,1mrd. Constraint (6) stipulates that a machine can only be
scheduled (y1,1mrd = 1) if the associated MU is elected (a1,1m = 1). Moreover, constraint (7)
imposes that an appointment can only be scheduled (x1,1imrd = 1) if an (accessible) MU is
available and operating (y1,1mrd = 1), linking the appointment schedule to the baseline MU
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schedule. A mammography machine accommodates up to one session per day. In this way,
theMU resource schedule determines the fixed costs for openingMUs and the variable costs
for deploying machines. In the scheduling of scan appointments, we take into account the
available MU machines per day. There are no other (hard) capacity constraints imposed
restricting the number of patients planned per day.
Constraints (8)-(11) are related to the scheduling of scan examinations. Scan examinations
are planned by assigning each patient i to a specialist q and a day d via variables x1,2iqd, which
is enforced via equation (8). Constraint (9) indicates scan examinations can be scheduled no
sooner than l days after the associated scan appointment due to administrative reasons. The
scheduling of scan examinations drives the staff planning problem of CC specialists, which
determines the required number of specialists, relying on variables a1,2q . To that purpose,
a baseline schedule is composed by assigning specialists to days using variables y1,2qd . Con-
straint (10) stipulates that a CC specialist can only be scheduled (y1,2qd = 1) if (s)he is staffed
(a1,2q = 1). Constraint (11) indicates that at most gCC specialists can be assigned to the same
day due to limited workspace. Constraint (12) ensures that a scan examination can only be
assigned, if a CC specialist is scheduled, linking the examination schedule to the baseline
specialist schedule. In this way, the CC resource schedule determines fixed costs for staffing
specialists and variable staffing costs. Constraint (13) represents variable domains, stating
that all variables considered in this stage are binary.

∑

m∈Mi

∑

r∈Rm

∑

d∈D
x1,1
imrd = 1 ∀i ∈ I (5)

y1,1
mrd ≤ a1,1

m ∀m ∈M,∀r ∈ Rm, ∀d ∈ D (6)

x1,1
imrd ≤ y1,1

mrd ∀i ∈ I, ∀m ∈Mi, ∀r ∈ Rm, ∀d ∈ D (7)
∑

q∈Q

∑

d∈D
x1,2
iqd = 1 ∀i ∈ I (8)

∑

m∈Mi

∑

r∈Rm

∑

d∈D

(
(d+ l)× x1,1

imrd

)
≤
∑

q∈Q

∑

d∈D
(d× x1,2

iqd) ∀i ∈ I (9)

y1,2
qd ≤ a1,2

q ∀q ∈ Q,∀d ∈ D (10)
∑

q∈Q
y1,2
qd ≤ gCC ∀d ∈ D (11)

x1,2
iqd ≤ y1,2

qd ∀i ∈ I, ∀q ∈ Q,∀d ∈ D (12)

a1,1
m ∈ {0, 1} ∀m ∈M
y1,1
mrd ∈ {0, 1} ∀m ∈M,∀r ∈ Rm∀d ∈ D
x1,1
imrd ∈ {0, 1} ∀i ∈ I, ∀m ∈Mi, ∀r ∈ Rm∀d ∈ D
a1,2
q ∈ {0, 1} ∀q ∈ Q
y1,2
qd ∈ {0, 1} ∀q ∈ Q, ∀d ∈ D
x1,2
iqd ∈ {0, 1} ∀i ∈ I, ∀q ∈ Q, ∀d ∈ D (13)

3.2.3 Second-stage constraints

Constraints (14)-(18) are related to the scheduling of scan appointments. Constraint (14)
ensures variable z2is2

is equal to 1 if patient i is scheduled within the planning horizon (i.e.
∃m, r, d: x2,1imrds2

= 1). Constraints (15)-(17) implement the cancellation and rescheduling
of patients. A cancellation and request for rescheduling are indicated by respective binary
input parameters δcancis2

and δ
resch
is2

, which are sampled from the underlying probability dis-
tributions δcanci and δreschi . As a patient cannot cancel and request a rescheduling together,
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the probability Pr(δcanci , δreschi ) is modelled following a joint Bernoulli distribution for which
Pr(δcanci = 1, δreschi = 1) = 0. In case of a cancellation (δcancis2

= 1), constraint (15) imposes
the patient is not scheduled (z2is2

= 0). In case of a rescheduling request (δreschis2
= 1), con-

straint (16) ensures the new scan appointment (date and MU) is conform to the patient’s
preference set Γis2 . If this is not possible, the patient cannot be scheduled within this time
horizon as new preferences need to be queried (z2is2

= 0). For patients who do not wish
to reschedule or cancel, constraint (17) ensures their scan appointments set in the baseline
schedule remain unchanged regarding date and MU . In other words, if both δreschis2

and δcancis2

are 0 for patient i, the variable x2,1imrds2
should be equal to the variable x1,1imrd for all MUs

and days. The mammography machine at the MU of the appointment, however, can be
changed as this does not impact the schedule of the patient. Constraint (18) connects the
scan appointments with the MU resources.
Constraints (19)-(26) are related to the scheduling of scan examinations. Scan examinations
at the CC can be rescheduled almost without restrictions. Constraints (19) and (20) are
equivalent to constraints (8) and (9) of the first stage. In contrast to the budgeted number
of specialists that is fixed, adjustments to the CC resource schedule are possible by removing
or adding work duties for CC specialists, which is modelled via constraints (21)-(25). Con-
straints (21) and (22) are the equivalent of constraints (10) and (11) but include variables
y2,+qds2

and y2,−qds2
. Constraints (23)-(25) assure the correct addition and removal of specialist

work duties. Constraint (26) connect the scan examination schedule to the CC resource
schedule. The domain constraints (27) indicate all decision variables of this stage are binary.
Note, there are no specific capacity restrictions limiting the number of scan appointments
(examinations) planned per day and MU machine (CC specialist), so that the second-stage
decision always returns a feasible solution when the first-stage decision is feasible. As a re-
sult, the scheduling of scan appointments and examinations is primarily directed via objective
function Z∗, so that patients requesting to revise their planned appointments are rescheduled
as best as possible within the planning horizon.

∑

m∈Mi

∑

r∈Rm

∑

d∈D
x2,1
imrds2

= z2
is2 ∀i ∈ I, ∀s2 ∈ S2 (14)

z2
is2 ≤ 1− δcanc

is2 ∀i ∈ I, ∀s2 ∈ S2 (15)

δ
resch
is2 × z2

is2 ≤
∑

(m,d)∈Γis2

∑

r∈Rm

x2,1
imrds2

∀i ∈ I, ∀s2 ∈ S2 (16)

∑

r′∈Rm

x2,1
imr′ds2

≥ (1− δreschis2 )× (1− δcanc
is2 )×

∑

r∈Rm

x1,1
imrd ∀i ∈ I, ∀m ∈Mi, ∀d ∈ D,∀s2 ∈ S2 (17)

x2,1
imrds2

≤ y1,1
mrd ∀i ∈ I, ∀m ∈Mi, ∀r ∈ Rm, ∀d ∈ D,∀s2 ∈ S2 (18)

∑

q∈Q

∑

d∈D
x2,2
iqds2

= z2
is2 ∀i ∈ I, ∀s2 ∈ S2 (19)

∑

m∈Mi

∑

r∈Rm

∑

d∈D

(
(d+ l)× x2,1

imrds2

)
≤
∑

q∈Q

∑

d∈D
(d× x2,2

iqds2
) ∀i ∈ I, ∀s2 ∈ S2 (20)

y1,2
qd + y2,+

qds2
− y2,−

qds2
≤ a1,2

q ∀q ∈ Q,∀d ∈ D,∀s2 ∈ S2 (21)
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∑

q∈Q
(y1,2

qd + y2,+
qds2
− y2,−

qds2
) ≤ gCC ∀d ∈ D,∀s2 ∈ S2 (22)

y2,+
qds2
≤ 1− y1,2

qd ∀q ∈ Q,∀d ∈ D,∀s2 ∈ S2 (23)

y2,−
qds2
≤ y1,2

qd ∀q ∈ Q,∀d ∈ D,∀s2 ∈ S2 (24)

y2,+
qds2

+ y2,−
qds2
≤ 1 ∀q ∈ Q,∀d ∈ D,∀s2 ∈ S2 (25)

x2,2
iqds2

≤ y1,2
qd + y2,+

qds2
− y2,−

qds2
∀i ∈ I, ∀q ∈ Q,∀d ∈ D,∀s2 ∈ S2 (26)

z2
is2 ∈ {0, 1} ∀i ∈ I, ∀s2 ∈ S2

x2,1
imrds2

∈ {0, 1} ∀i ∈ I, ∀m ∈Mi, ∀r ∈ Rm, ∀d ∈ D,∀s2 ∈ S2

y2,+
qds2

, y2,−
qds2
∈ {0, 1} ∀q ∈ Q,∀d ∈ D,∀s2 ∈ S2

x2,2
iqds2

∈ {0, 1} ∀i ∈ I, ∀q ∈ Q,∀d ∈ D,∀s2 ∈ S2 (27)

3.2.4 Third-stage constraints

Constraints (28) - (41) are related to the scheduling of scan examinations. In this stage,
it is specified which patients did not show up to their scan appointment, indicated via
the binary parameter δshowis2s3

, and should not be considered in the planning of scan exam-
inations. Parameter δshowis2s3

is a sample from the underlying probability distribution δshowi .
Of course, a patient who cancels her appointment cannot realise a no-show. Accordingly,
probability Pr(δcanci , δshowi ) is modelled following a joint Bernoulli distribution for which
Pr(δcanci = 1, δshowi = 0) = 0. Taking the patients’ no-show behaviour into account, the scan
examination schedule and CC resource schedule may be adapted, affecting only patient flow
times and resource utilisation at the CC. Constraints (28) and (29) relate to the scheduling of
scan examinations for patients that showed (i.e. δshowis2s3

= 1), which are similar to constraints
(8) and (9) and constraints (19) and (20). Constraints (30)-(34) model the adjustments to
the CC resource schedule resulting from adding or removing work duties. These are similar
to constraints (21)-(25), but now modelling variables y3,+qds2s3

and y3,−qds2s3
.

Constraint (35) connects the scan examination and resource schedule and is similar to con-
straint (12) related to stage 1 but incorporates resource adjustment variables from stages 2
and 3. Constraints (36)-(39) calculate overtime and idle time for the MU and CC resources
via variables it3,1mrds2s3

, ot3,1mrds2s3
, it3,2qds2s3

and ot3,2qds2s3
, representing the negative or positive

difference between session duration (kMU
m and kCC) and scheduled number of working hours.

In this regard, we account for the service duration of a scan appointment (θ1) or scan ex-
amination (θ2), which are perceived as deterministic and known because these are standard
processes. Constraints (36) and (37) calculate the amount of idle time and overtime for ma-
chine r ofMU m on day d. Note that theMU resource schedule has been determined via the
first-stage decisions so that, throughout stages 2 and 3, the MU idle time and overtime are
solely influenced by the encountered uncertainty. Similar to the MU machines, constraints
(38) and (39) determine idle time and overtime for budgeted CC specialists, taking into
account all adjustments to the resource schedule. Constraints (40)-(41) state the domains
of the decision variables. This third stage provides always a feasible solution if decisions of
stages 1 and 2 are feasible, thanks to the flexibility in the CC resource schedule.

∑

q∈Q

∑

d∈D
x3,2
iqds2s3

= δ
show
is2s3 × z

2
is2 ∀i ∈ I, ∀s2 ∈ S2,∀s3 ∈ S3 (28)

δ
show
is2s3 ×

( ∑

m∈Mi

∑

r∈Rm

∑

d∈D

(
(d+ l)× x2,1

imrds2

))
≤
∑

q∈Q

∑

d∈D
(d× x3,2

iqds2s3
) ∀i ∈ I, ∀s2 ∈ S2,∀s3 ∈ S3 (29)

17

                  



y1,2
qd + y2,+

qds2
− y2,−

qds2
+ y3,+

qds2s3
− y3,−

qds2s3
≤ a1,2

q ∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (30)
∑

q∈Q
(y1,2

qd + y2,+
qds2
− y2,−

qds2
+ y3,+

qds2s3
− y3,−

qds2s3
) ≤ gCC ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (31)

y3,+
qds2s3

≤ 1− y1,2
qd − y2,+

qds2
+ y2,−

qds2
∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (32)

y3,−
qds2s3

≤ y1,2
qd + y2,+

qds2
− y2,−

qds2
∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (33)

y3,+
qds2s3

+ y3,−
qds2s3

≤ 1 ∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (34)

x3,2
iqds2s3

≤ y1,2
qd + y2,+

qds2
− y2,−

qds2
+ y3,+

qds2s3
− y3,−

qds2s3
∀i ∈ I, ∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (35)

it3,1mrds2s3
≥ kMU

m × y1,1
mrd −

∑

i∈{I|m∈Mi}

(
δ
show
is2s3 × θ

1 × x2,1
imrds2

)
∀m ∈M,∀r ∈ Rm, ∀d ∈ D,

∀s2 ∈ S2, ∀s3 ∈ S3 (36)

ot3,1mrds2s3
≥

∑

i∈{I|m∈Mi}

(
δ
show
is2s3 × θ

1 × x2,1
imrds2

)
− kMU

m × y1,1
mrd ∀m ∈M,∀r ∈ Rm, ∀d ∈ D,

∀s2 ∈ S2, ∀s3 ∈ S3 (37)

it3,2qds2s3
≥ kCC × (y1,2

qd + y2,+
qds2
− y2,−

qds2
+ y3,+

qds2s3
− y3,−

qds2s3
)−

∑

i∈I

(
θ2 × x3,2

iqds2s3

)
∀q ∈ Q,∀d ∈ D,

∀s2 ∈ S2,∀s3 ∈ S3 (38)

ot3,2qds2s3
≥
∑

i∈I

(
θ2 × x3,2

iqds2s3

)
− kCC × (y1,2

qd + y2,+
qds2
− y2,−

qds2
+ y3,+

qds2s3
− y3,−

qds2s3
) ∀q ∈ Q,∀d ∈ D,

∀s2 ∈ S2,∀s3 ∈ S3 (39)

it3,1mrds2s3
, ot3,1mrds2s3

≥ 0 ∀m ∈M,∀r ∈ Rm, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3

it3,2qds2s3
, ot3,2qds2s3

≥ 0 ∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (40)

y3,+
qds2s3

, y3,−
qds2s3

∈ {0, 1} ∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3

x3,2
iqds2s3

∈ {0, 1} ∀i ∈ I, ∀q ∈ Q, ∀d ∈ D,∀s2 ∈ S2, ∀s3 ∈ S3 (41)

4 Methodology

The multi-stage stochastic programming problem described in the previous section is char-
acterised by large numbers of decision variables and stochastic variables, leading to an ex-
ponential number of possible scenarios. Because solving the problem under study using an
exact stochastic approach is intractable, we approximate the stochastic problem by reducing
the scenario set using Monte Carlo simulation and estimating the expected objective function
by the sample average. However, even when relying on SAA, reasonably sized instances with
hundred patientsblack, two MUs, a planning horizon of five days and 100 different scenarios
per stage are characterised by large dimensions, counting nearly 11 × 106 (mostly binary)
decision variables and more than 13 × 106 constraints, of which a significant number are
equality constraints (cf. Online Appendix C.1). For that reason, we developed a heuristic
solution method that employs NBD to derive an optimal solution for the LPR of the problem
under study, and a diving algorithm and post-processing procedure to retrieve a high-quality
integer solution. Deriving an integer solution based on the (proxy) LPR solution has been
demonstrated to be a common and valuable optimisation strategy in literature (Sadykov
et al., 2019). Time limits are imposed to truncate the search in different steps and accelerate
the algorithm. Figure 4 denotes the flowchart of the proposed methodology.
When initialising the solution procedure, we apply Monte Carlo simulation to replace random
variables in the stochastic model with a limited set of randomly sampled values from the un-
derlying probability distributions to obtain a deterministic SAA problem, which corresponds
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to the model presented in Section 3 with only a subset of the possible scenarios. In other
words, the denumerable sets S2 and S3 are replaced by restricted sets S2 = {0, ..., |S2| − 1}
and S3 = {0, ..., |S3| − 1}. We assume each sample has the same probability of occurrence,
i.e ρs2 = 1

|S2|
and ρs2s3 = 1

|S2|×|S3|
. The SAA model approximates the expected objective

value of the stochastic problem by optimising the sample average estimate derived from these
random scenarios introduced in the multi-stage decision model. The quality of the solution
is dependent on the number of scenarios, which is indicated by the sample size (|S2| × |S3|).
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Figure 4: Overview of the solution methodology.
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To solve the resulting complex deterministic model, we apply three steps. In the first step,
we rely on the NBD method, also known as stochastic dual dynamic programming, which has
been found suitable to solve the continuous LPR of multi-stage stochastic problems (Reben-
nack, 2016). The NBD method applies Benders decomposition to each pair of adjacent stages
in a recursive manner. NBD views the scenario tree as a set of nested two-stage problems for
which the integer domain constraints have been relaxed. We refer to the dependency between
two nodes as a parent-child relation, i.e. each child node is dependent on one parent node.
Correspondingly, every problem associated with an inner node in the tree is both the master
problem to its children and a sub-problem of its parent. After solving the problems at a given
stage, primal information, i.e. a proposed higher-stage solution, is pushed down toward the
leaf nodes and dual information is passed up toward the root node, defining an optimality cut
to improve the solution yielded by higher-stage problems. In this way, NBD disintegrates a
large-scale problem into sub-problems that can be solved individually and then compounded
together. Note that to accelerate the NBD algorithm, we derive a good initial solution at the
start of each recursively applied Benders decomposition based on problem-specific knowledge
by introducing (i) minimum resource constraints and (ii) initial optimality cuts. Section 4.1
discusses the applied NBD algorithm in more details. The NBD algorithm is stopped either
when the gap between the calculated upper and lower bounds is closed or when the run-time
limit τ1 is reached. The best LPR solution found is used as input to the diving algorithm,
which comprises the second step of the algorithm and is detailed in Section 4.2. The diving
algorithm repetitively fixes particular variables to integer values and is alternated with the
NBD algorithm to find an (optimal) LPR solution given those fixed integer values. For a
particular LPR solution, the variable fixing is done based on specific threshold values for
the different sets of variables, which are gradually relaxed during the progress of the diving
algorithm, until a certain number of non-integer values (f∗) are fixed. The alternation be-
tween the NBD and diving algorithm is stopped when an integer solution is found or when
the run-time limit τ2 is reached. Whenever an integer solution is not yielded in time, a
post-processing procedure is invoked in the third step to obtain an integer solution. This
post-processing procedure solves the different stages with the diving constraints yielded in
step 2 in a consecutive manner, pushing a proposed higher-stage solution forward toward the
leaf nodes without recursion. Section 4.3 describes this procedure in more details.

4.1 The nested Benders decomposition

Decomposing the SAA model via Benders decomposition leads to one optimisation problem
per node of the restricted scenario tree. Hence, the formulated SAA model is split into
(i) a master problem (P1) representing the first decision stage involving constraints (5)-
(13), (ii) |S2| second-stage sub-problems (P2(

−→s2)) associated with second-stage nodes −→s2 =
(0, s2) involving constraints (14)-(27), and (iii) |S2| × |S3| third-stage sub-problems (P3(

−→s3))
associated with third-stage nodes −→s3 = (0, s2, s3) involving constraints (28)-(41). The LPR
of a specific node, denoted as PLPR

t (−→st ), is obtained by relaxing the relevant binary domain
constraints and replacing them by constraints bounding the equivalent relaxed variables to
the interval [0, 1]. The objective of each problem Pt(

−→st ) minimises the objective components
associated with node −→st in model (1)-(41) and the average objective value relative to all the
relevant child nodes. More precisely, the objective values of the master problem P1 (Z) and
the sub-problems Pt(

−→st ) (Zt(
−→st )) are calculated as follows:

P1 : Z = Z∗1 +
1

|S2|
∑

s2∈S2

E[Z2((0, s2))]) (42)
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P2((0, s2)) : Z2((0, s2)) = Z∗2 ((0, s2)) +
1

|S3|
∑

s3∈S3

E[Z3((0, s2, s3))] ∀s2 ∈ S2 (43)

P3((0, s2, s3)) : Z3((0, s2, s3)) = Z∗3 ((0, s2, s3)) ∀s2 ∈ S2,∀s3 ∈ S3 (44)

Given a solution of the parent node, a solution for the problem of a child node can be
constructed. The primal objective value of a child node provides an Upper Bound (UB)
for the expected objective value of the considered node, given the current solution of the
parent node. On top of that, dual information relative to the child node can be used to
calculate a Lower Bound (LB) for the expected objective value of the child node. This LB
is added to the parent-node problem as a Benders optimality cut. Algorithm 1 describes
the proposed NBD optimisation procedure. The algorithm iterates forward and backwards
between nodes of the scenario tree until all nodes are optimal, i.e. until the optimal objective
value ZLPR of the relaxed SAA model is found and each child node’s LB and UB are equal.
In each iteration, one node Pt(

−→st ) is visited, starting from the master problem (see Algorithm
1, line 1). If any changes were made to the underlying (sub-)problem, we re-optimise the
relaxed (sub-)problem PLPR

t (−→st ) using mathematical programming (see Algorithm 1, lines
3-7). These changes may include changes made to the model’s Right-Hand-Side (RHS) values
due to a different parent solution, or optimality cuts that were added or removed. Note, in
case the master problem P1(

−→s1) is considered, we solve the integer problem instead of the
relaxed problem, i.e. no dual information is retrieved nor optimality cuts are defined. If a
new optimal value ZLPR

t (−→st ) is found for the current node, the following three actions are
taken (see Algorithm 1, lines 8-15):

• If (i) t > 1, (ii) the expected objective value of this problem in the parent node
(E[Zt(

−→st )]) is smaller than the objective value ZLPR
t (−→st ), and (iii) all of the child

nodes of the current problem are optimal (E[Zt+1(
−−→st+1)] = ZLPR

t+1 (−−→st+1)), a Benders
optimality cut is added to the problem of the parent node. An optimality cut in
problem Pt−1(

−−→st−1), indicating a LB for the expected objective value E[Zt(
−→st )] of the

current node, is dependent on (i) the decision variables of problem Pt−1(
−−→st−1), (ii)

the known values of the decision variables of all previous nodes in the scenario tree
P1(
−→s1),...,Pt−2(

−−→st−2), and (iii) the dual variables of the child node Pt(
−→st ). Online Ap-

pendix C.2 discusses the formulation of the Benders optimality cuts in more details.
• The RHS values of all subordinate nodes in the scenario tree that involve resulting

values of decision variables related to the current node are updated.
• Optimality cuts in all subordinate nodes in the scenario tree are removed. As the RHS

values of subordinate nodes need to be revised, the associated dual information of the
cuts previously added to any of the subordinate nodes is no longer relevant, rendering
these cuts invalid for a new solution of the considered node.

Note, no feasibility cuts are needed as the master and sub-problems are formulated such that
they are always feasible despite being dependent on previous decision stages (cf. Section 3).
If the current node is the master problem (t = 1), its LB and UB are updated (see Algorithm
1, lines 16-17). The current LB is equal to the master problem’s objective value, i.e. ZLPR.
The current UB can be calculated using equation (45) as the sum of the first-stage objective
components (Z∗1 ) and the average objective value of the second-stage sub-problems, given the
considered first-stage solution.

UB = Z∗1 +
1

|S2|
×

∑

s2∈S2

Z2(
−→s2) (45)

The selection of the next node goes as follows (see Algorithm 1, lines 18-24). If not all
child nodes are optimal, we select the first child node of the current node and continue
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the procedure such that all subordinate nodes can be re-optimised if needed. If all of the
subordinate nodes of the current problem are optimal, i.e E[Zt+1(

−−→st+1)] = ZLPR
t+1 (−−→st+1)), we

move to the next node of the current stage. If all nodes related to the current stage are
optimal, we select the parent node. Note, if the current node is the master problem, the
optimal value ZLPR is found and the algorithm will terminate because LB is equal to UB.
The NBD procedure is accelerated via the construction of a good initial solution, which is
discussed in Section 4.1.1.

Algorithm 1 The NBD algorithm
1: Set t = 1, n = 0 and st = 0 such that −→s1 = (0) . Initialisation
2: While LB < UB
3: If any changes made to PLPR

t (−→st ) . (Sub-)problem re-optimisation
4: If t > 1
5: Re-optimise PLPR

t (−→st )
6: Else
7: Re-optimise P1(−→s1)
8: If new optimal value ZLPR

t (−→st )
9: If t > 1
10: and E[Zt(

−→st )] < ZLPR
t (−→st )

11: and E[Zt+1(−−→st+1)] = ZLPR
t+1 (−−→st+1) ∀−−→st+1 = (s1, ..., st, st+1) with st+1 ∈ St+1

12: Add optimality cut to PLPR
t−1 (−−→st−1) with −−→st−1 = (s1, ..., st−1)

13: For ∀−−→st+1 = (s1, ..., st, st+1) with st+1 ∈ St+1

14: Update the RHS values
15: Remove any cuts in PLPR

t+1 (−−→st+1) and set ZLPR
t+1 (−−→st+1) = +∞

16: If t = 1
17: Set LB = ZLPR

t (−→st ) and re-calculate UB
18: If E[Zt+1(−−→st+1)] = ZLPR

t+1 (−−→st+1) ∀−−→st+1 = (s1, ..., st, st+1) with st+1 ∈ St+1 . Next node selection
19: If st + 1 < |St|
20: Set st = st + 1 in −→st
21: Else if t > 1
22: Set t = t− 1
23: Else
24: Set −−→st+1 = (s1, ..., st, 0) and t = t+ 1

4.1.1 Construction of an initial solution

In order to solve the LPR faster, each recursively applied Benders decomposition is started
from a good initial solution, which is accomplished by calculating accurate LBs on the ex-
pected objective values and the minimum resources needed. In this way, better optimality
cuts can be included when initialising (sub-)problems. More precisely, constraints (46),(47)
and (48) are added to the master problem. Constraint (46) indicates a LB for the expected
objective values of the second-stage problems by assuming that (i) all patients are planned
but have a flow time of zero, and (ii) all specialist duties planned in the first stage are re-
moved in the second stage. Constraints (47) and (48) enforce a minimum number of working
duties for the MUs (eMU ) and specialists (eCC) in the master problem to avoid an extreme
amount of overtime in the third stage. eMU and eCC are based on average service duration
(θ1 and θ2), (minimum) session duration (kMU

m and kCC), and average number of patients
who show up to their appointment (|I|× (1− δ̂canc)× δ̂show, with δ̂canc and δ̂show the average
probability of cancellation and a patient show, respectively). In each second-stage problem,
constraint (49) is added to indicate the LBs for the expected objective values of the third-
stage problems. It assumes that (i) all patients have a flow time of zero, and (ii) all specialist
duties planned in the second stage are removed in the third stage. Note, the values of deci-
sion variables from stage t are parameters in subordinate stages t′ ∈ {t + 1, ..., |T |}. This is
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indicated by overlining the symbols of the decision variables. Constraint (49) is dependent
on the first-stage decisions related to variable y1,2qd , i.e on parameter y1,2qd .

E[Z(−→s2)] ≥ −wI × wAP × |I|+ wR × (−c4 + c5)×
∑

q∈Q

∑

d∈D
y1,2
qd ∀s2 ∈ S2 (46)

∑

m∈M

∑

r∈Rm

∑

d∈{0,...,|D|−1−l}
y1,1
mrd ≥ min

(
|M | × |Rm| × (|D| − l), eMU

)
(47)

∑

q∈Q

∑

d∈{l,...,|D|−1}
y1,2
qd ≥ min

(
|Q| × (|D| − l), eCC

)
(48)

E[Z(−→s3)] ≥ wR × (−c4 + c6)×
∑

q∈Q

∑

d∈D
(y1,2

qd + y2,+
qds2
− y2,−

qds2
) ∀s3 ∈ S3 (49)

with eMU =
⌈
|I| × (1− δ̂canc)× δ̂show × θ1/min

m
(kMU

m )
⌉

eCC =
⌈
|I| × (1− δ̂canc)× δ̂show × θ2/kCC

⌉

4.2 Diving algorithm

The diving algorithm is invoked each time an (optimal) LPR solution is obtained via the
NBD algorithm. In each call of the diving algorithm, multiple variables are selected and
fixed to binary values via the addition of so-called diving constraints. Every binary variable
can be fixed at most once. Note, not all binary variables have to be fixed by the diving
algorithm to yield an integer solution as some binary variables may turn out to be integer in
the LPR solution thanks to the fixing of other variables. For example, second-stage variables
z2is2

will be integer if all second-stage patient scheduling variables are integer (cf. constraints
(14)-(16), (19)). In the following, we denote requirements and conditions for fixing variables
and the functioning of the diving algorithm.

4.2.1 Requirements for fixing variables

In order to yield a feasible integer solution, the following requirements have to apply before
a specific variable can be fixed:

• A second-stage scan appointment, i.e. variable x2,1imrds2
, can only be fixed if (i) the

patient’s scan appointment is either scheduled on day d in MU m in the first stage,
or the involved patient requested to reschedule the appointment (cf. constraint (17)),
and (ii) the respective work duty for MU m, machine r and day d has already been
fixed in the first stage (cf. constraint (18)). When a second-stage scan appointment of
a patient is fixed, all other assignments of the scan appointment can be set to 0 (cf.
constraint (14)). Additionally, if the patient does not request for a rescheduling or does
not cancel the appointment, the first-stage scan appointment should be fixed as well
(cf. constraint (17)).
• A second- or third-stage scan examination, i.e. variable x2,2iqds2

or x3,2iqds2s3
, can only be

fixed if the second-stage scan appointment has already been fixed at least l days earlier
(cf. constraint (20) and (29)). When a second- or third-stage scan examination of a
patient is fixed, all other assignments of the considered scan examination can be set to
0 (cf. constraints (19) and (28)).
• When a specialist work duty added in the second or third stage, i.e. variable y2,+qds2

or
y3,+qds2s3

, is fixed, the specialist should be budgeted in the first stage, i.e. a1,2q = 1 (cf.
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constraints (21) and (30)). Moreover, the work duty should also not be selected in the
preceding decision stage, i.e. when y2,+qds2

(y3,+qds2s3
) is fixed, y1,2qd (y1,2qd + y2,+qds2

− y2,−qds2
)

should be fixed to 0 (cf. constraints (23) and (32)).

4.2.2 Conditions for fixing variables

On top of these requirements, following additional conditions are introduced to increase
probability of obtaining a high-quality integer schedule:

• A variable related to the scheduling of a scan appointment or examination in the second
or third stage, i.e. x2,1imrds2

, x2,2iqds2
, and x3,2iqds2s3

, can only be fixed if their fractional value
is larger than predefined threshold value w. Note, variables are processed in a logical
order and we fix the first variable that meets the threshold value to a value of 1. For
example, if w is equal to 0.5 and x2,1imrds2

= 0.8 and x2,1imrd′s2
= 0.2, only variable x2,1imrds2

is allowed to be fixed.
• Variables related to the scan examination in the second or third stage, i.e. x2,2iqds2

or
x3,2iqds2s3

, can only be fixed if the associated work duty has already been fixed.
• A variable related to the scheduling of a scan appointment or examination in the second

or third stage, i.e. x2,1imrds2
, x2,2iqds2

, and x3,2iqds2s3
, can only be assigned to a work duty for

which the average used capacity in the last stage would stay below h times the session
duration. Threshold parameter h indicates the maximum relative usage of a work duty
in the last stage and therefore ensures overtime is limited. The used capacity of a
work duty is averaged over all subordinated third-stage scenarios. For example, the
average used capacity of machine r of MU m on day d, given scenario (0, s2), is equal
to 1
|S3|
×

∑

s3∈S3

∑

i∈I
(x2,1imrds2

× δshowis2s3
× θ1). The expected usage is updated each time a

variable is fixed.
• A variable y1,2qd related to the work duty planned in the first stage can only be fixed if

its average used capacity is at least b times the session duration. Additionally, variables
related to the removal of a specialist work duty in the second (third) stage, i.e. y2,−qds2

and y3,−qds2s3
, can only be fixed to 0 when (i) the work duty is fixed in the preceding stage,

and (ii) its average used capacity is at least b times the session duration. Threshold
parameter b indicates the minimum relative used capacity of work duties in the last
stage and therefore ensures idle time is limited.

4.2.3 The diving procedure

Algorithm 2 describes the different steps of the proposed diving algorithm, for which the
following notation is used: number of non-integer variables f of the current LPR solution
fixed so far via diving, maximum number of non-integer variables f∗ to fix, threshold values
w, h and b, current diving iteration iter, and maximum number of diving iterations maxIter.
At the beginning of the algorithm, threshold parameters w, h and b are set equal to initial
values w∗, h∗ and b∗. In subsequent iterations, these thresholds are loosened until at least f∗

non-integer variables are fixed to an integer value or no more non-integer values can be fixed.
In each iteration, the binary variables are fixed in the following order if necessary requirements
and conditions stated above are fulfilled, i.e. (i) fix resources at the MUs (y1,1mrd), (ii) fix scan
appointments in second stage (x2,1imrds2

), (iii) fix CC specialist work duties in first stage (y1,2qd )
and remove work duties in second and third stages (y2,−qds2

and y3,−qds2s3
), and (iv) fix variables

25

                  



relative to scan examinations in second and third stages (x2,2iqds2
and x3,2iqds2s3

). Algorithms 5,
6, 7 and 8 in Online Appendix C.3 describe the respective procedures for fixing these variables
in more details. After fixing variables in this order, one of the threshold values w, h or b is
relaxed and set to a lower value in a step-wise linear manner using a constant, whereafter
the next diving iteration starts. If, after (maxIter − 1) iterations one or more non-integer
values have been fixed, the diving algorithm is stopped. If no variables have been fixed so
far, the thresholds are completely relaxed and a last diving iteration is performed. In that
case, parameters w and b are set to ε = 10−6, such that any strictly positive relevant variable
is a candidate to be fixed. Parameter h is set equal to the maximum possible relative usage
of a work duty, such that any patient can be added to a planned work duty. If, after this
last iteration, still no variables have been fixed (f = 0), the specialist work duties added in
the second and third stage, i.e. variables y2,+qds2

and y3,+qds2s3
, are candidates to be fixed, for

which the procedure is described in Algorithm 9 in Online Appendix C.3. These variables
are fixed only if no other variables can be fixed, as they block the respective specialist work
duty to be selected in the problem associated with the parent node of the considered node
(cf. constraints (23) and (32)).

Algorithm 2 The diving algorithm
1: Set f = 0, w = w∗, b = b∗ and h = h∗

2: While f < f∗ and iter < maxIter
3: Apply diving algorithm - MU resources (Algorithm 5)
4: Apply diving algorithm - scan appointments (Algorithm 6)
5: Apply diving algorithm - CC resources - A (Algorithm 7)
6: Apply diving algorithm - scan examinations (Algorithm 8)
7: If iter < maxIter − 1
8: Relax one of the threshold values, i.e. w = w − γ1 , h = h+ γ2 or b = b− γ3

(given constant values γ1, γ2 and γ3)
9: Else if f = 0
10: Set w = ε
11: Set b = ε
12: Set h = |I| ×max(θ1/max

m
(kMU

m ), θ2/kCC)

13: Else
14: iter = maxIter
15: iter = iter + 1
16: If f = 0
17: Apply diving algorithm - CC resources - B (Algorithm 9)

4.3 Post-processing

Algorithm 3 describes the post-processing steps to yield an integer solution without recursive
steps. The algorithm solves all (sub-)problems using mathematical programming but with
integer domain conditions and prevailing variable-fixing constraints imposed, derived via the
diving algorithm. As the master problem was already solved with integer domain conditions,
the post-processing procedure first re-optimises the master problem if any relevant changes
have been made (see Algorithm 3, lines 1-5). Next, all sub-problems are optimised, given the
integer solution of their parent node (see Algorithm 3, lines 6-10).
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Algorithm 3 The post-processing algorithm
1: If any changes made to P1(−→s1) . Re-optimise master problem
2: Optimise P1(−→s1)
3: For ∀−−→st+1 = (s1, ..., st, st+1) with st+1 ∈ St+1

4: Update the RHS values
5: Remove any cuts in Pt+1(−−→st+1)
6: For ∀Pt(

−→st ) with t ∈ T\{1},−→st = (s1, ..., st) and st ∈ St . Optimise sub-problems
7: Optimise Pt(

−→st )
8: For ∀−−→st+1 = (s1, ..., st, st+1) with st+1 ∈ St+1

9: Update the RHS values
10: Remove any cuts in Pt+1(−−→st+1)

5 Computational experiments

In this section, the computational experiments are described to validate the proposed method-
ology. In Section 5.1, we discuss the test design and input parameters characterising the test
data set and methodology. The considered data instances are based on real-life problem set-
tings regarding the BCSP in East Flanders, Belgium. Section 5.2 benchmarks the proposed
solution procedure to other methodologies and discusses the value of integrating different
stages. In Section 5.3, we investigate the benefits of stochastic optimisation and the options
for patients to cancel or reschedule their appointment as mitigation strategies. Section 5.4
discusses the managerial insights. Experiments are carried out using a 1.60 GHz Dual-Core
Intel Core i5 processor. The exact optimisation of a (sub-)problem is obtained via mathe-
matical programming using the commercial package Gurobi version 9.0.

5.1 Test design

In this section, we discuss the characteristics of the test instances used in the experiments.
This input data is deduced from discussions with stakeholders and aggregated data provided
by the CC, involving the years 2018 and 2019. In addition, we define performance mea-
sures to benchmark the proposed methodology and set the relevant values for parameters
characterising the solution methodology.

5.1.1 Input problem characteristics

In 2019, the CC coordinated the screenings at 41 hospitals and private practices and the
scan examinations by 10 specialists (Bevolkingsonderzoek.be, 2019c). The average number
of women invited each year, in 2018 and 2019, was 96 944 (Statbel.fgov.be, 2018, 2019).
Patients are assigned to an eligible MU based on their residence, taking into account travel
distance and public transport. Though, no strict rule exists for this assignment. As the hos-
pitals are geographically dispersed throughout East Flanders (see Online Appendix D.1) and
the planning is organised on a monthly basis, smaller instances are generated by decomposing
the large-scale BCSP problem with respect to both the planning horizon and the geographical
location of patients. This way, different instances are created in a structured and controlled
way. In the following, the input instance data related to the resources, care process, patients
and objective function are discussed. Online Appendix D.2 summarises these settings and
parameter values.
Resource data - Real-life data indicates that 44% of the available MUs are smaller and
have only one mammography machine, while the other 56% are larger and dispose of two
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machines on average (Bevolkingsonderzoek.be, 2019c). MU machines are made available
for, on average, three hours per day for the BCSP. Though, larger MUs tend to have more
personnel and are able to treat more patients per session than smaller MUs. Therefore, we
assume the sessions of the larger MUs to be longer to mimic this difference in efficiency.
Instances consider one smaller MU and one larger MU , composing the set M in a particular
region. Smaller (larger) MUs dispose of one (two) mammography machines (Rm), accessible
for three (four) hours per day (kMU

m ). As MUs are three or five days a week available to the
BCSP, we consider instances with a planning horizon of three and five days (D). In addition,
we also consider smaller instances with a planning horizon of two days to ensure adequate
benchmarking with other solution methodologies. Further, at the CC, at most 2 specialists
can work at the same time (gCC). A specialist session endures approximately 2.5 hours per
day (kCC).
Care process data - A scan appointment has a duration of 30 minutes (θ1), including
preparation time (Bevolkingsonderzoek.be, 2019b). As a CC specialist can examine approx-
imately 150 scans per session, a scan examination only takes 1 minute (θ2). These durations
are assumed to be deterministic. The minimum lag between appointment and examination
(l) is 1 day.
Patient data - Real-life data suggests that, on average, one smaller and one larger MU
can schedule 40, 61 and 101 patients for a planning horizon of, respectively, 2, 3 and 5 days.
Accordingly, we consider 50 or 100 patients (I) depending on the planning horizon. The
uncertainty related to the patient cancellations (δcanci ), rescheduling (δreschi ) and no-shows
(δshowi ) are modelled using a binomial distribution with respective probabilities of 3%, 30%
and 33% based upon real-life input data (Bevolkingsonderzoek.be, 2018, 2019a). Other pa-
tient characteristics involve sets Mi and Γi, which are modelled as follows:

– Set Mi: For each patient i, the set Mi is generated based on the city or town they are
residents. The number of MUs patients can access depends on the population density
of the considered region. Three density settings were tested: high, medium and low.
Online Appendix D.1 provides a map of East Flanders (Belgium), the available MUs
and examples of these density settings (Bevolkingsonderzoek.be, 2019c). The instances
with ‘high density’ have no geographical limitations, i.e. all patients are inhabitants of
a large city and both MUs are located in the vicinity so that all sets Mi include both
MUs. The instances with a ‘medium density’ represent a situation where patients and
MUs can be located in a neighbouring city. Based on the real-life data, 42% of the
patients can access both MUs whereas 58% of the patients can be assigned to only one
geographically close MU . The last setting, ‘low density’, involves patients and MUs
who are all widely spread in the region. For these instances, only 6% of the patients
can access both MUs. All other patients can access only a single MU (Statbel.fgov.be,
2018, 2019).

– Set Γi: When a patient requests rescheduling, she denotes her preference set (Γi) to the
CC, which is composed of the allowable day-MU combinations for rescheduling. These
sets include all combinations of days and MUs, with the exception of the combinations
associated with either one day or oneMU . According to the CC, day preferences occur
more often than MU preferences. Therefore, 75% of the preference sets exclude one
day of the planning horizon. The other 25% of preference sets exclude an MU .

Objective function data - Based upon the real-life data and estimations from field experts,
the variable cost per mammography machine shift for an MU is 400 (c3) and for specialists
900 (c4). There are no explicit fixed costs related to capacity decisions, i.e. employing a MU
or specialist in the CC. However, to use these resources efficiently, we assign a cost equal to
50 to the use of both types of resources (c1 and c2). In real life, no explicit costs are associated
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with adjusting the scheduled shift of a CC specialist. However, as this determines employee
satisfaction significantly, we assign a cost of 100 and 200 per change in the second and third
decision stages (c5 and c6), respectively. Idle time and overtime negatively impact employee
satisfaction as well, such that respective costs are defined as equal to 500 (c7 and c9) and
2500 (c8 and c10) per hour. Regarding the patient objectives, we set weight wFT equal to 10
and weight wAP equal to 100. The CC puts a higher priority on patient objectives compared
to resource objectives. Therefore, all resource objectives are multiplied by a weight of 0.1
(wR) and all patient objectives by 0.9 (wI). Note the stability of the yielded solution quality
and algorithm performance have been evaluated and validated via additional computational
experiments, for which the different objective function coefficients have been varied (see
Online Appendix D.3).

In summary, 9 instances have been generated, based on real-life data. The instances with
50 patients have a planning horizon of 2 or 3 days, while instances with 100 patients have a
planning horizon of 5 days. In addition, each of these instances is tested for a high, medium
and low-density area.

5.1.2 Performance measures

To evaluate the proposed methodology, eight performance measures are defined. The two
main performance measures are run time (in seconds) and objective value (Z∗) calculated
according to eq. (1). Other performance measures involve average number of patients treated,
i.e. number of planned patients that show up to their appointment (N), average flow time
per patient (FT , in days), average idle time and overtime per MU duty (ITMU and OTMU ,
in minutes) and average idle time and overtime per CC duty (ITCC and OTCC , in minutes),
resulting from optimising objective components relative to different stages.

5.1.3 Input solution methodology parameters

Based upon preliminary computational experiments, the values are set for parameters char-
acterising the methodology. SAA requires only two input parameters, |S2| and |S3|. To
determine the number of i.i.d. scenarios |S2| × |S3|, we account for the trade-off between
computation time and accuracy of the estimated objective values (Hu et al., 2020). A larger
number of scenarios leads to a higher accuracy but also induces a higher computation time.
Parameters |S2| and |S3| are set equal to |S|. Based on an analysis of the stability of the
objective value and associated confidence intervals (see Online Appendix D.4), we consider
two values for |S| ∈ {50, 100}, leading to 2500 or 10000 scenarios per SAA problem. For these
numbers of scenarios, the average margin of error for the objective components and tested
methods (cf. Section 5.2) amounts to 1.06%. Moreover, average results are observed to be
stable when the number of scenarios is increased from 50 to 100. Note in the presentation
and analysis of results below, we only mention results for individual instances with |S| = 100
as conclusions are similar for instances with |S| = 50. In addition, calculated averages are
displayed for (i) all test instances with |S| = 50, (ii) all test instances with |S| = 100 and (iii)
all test instances, i.e. with |S| ∈ {50, 100}. The individual results for |S| = 50 are provided
in Online Appendix D.5.
The diving algorithm is stopped when f∗ = |I| × |D| × |S|2/500 non-integer variables are
fixed. In addition, parameters w∗ and h∗ are set equal to 0.9 and 1, respectively. Parameter
b∗ is set equal to 0.9 and 0.7 for MU and CC duties, respectively. Parameter maxIter is set
equal to 4×10, such that each threshold variable (w, h, bMU and bCC) is modified at most 10
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times, plus one last iteration to fix variables under loose threshold values. All parameters are
adapted according to a linear function. Parameters w and b decrease in steps equal to their
original value (w∗ and b∗) divided by 10. Parameter h is increased in steps equal to h∗/20.
Furthermore, the time limit τ1 for calculating the LPR using NBD is equal to 2 hours. The
time limit τ2 for the diving heuristic intertwined with NBD is equal to 3.75 hours. On top
of that, time limits per (sub-)problem are set for the post-processing procedure, i.e. a time
limit of (i) 25 minutes for solving the master problem, (ii) 5 minutes for solving second-stage
sub-problems, and (iii) 5 minutes for solving third-stage sub-problems. The total run-time
limit for all steps is set equal to 4 hours.

5.2 Benchmark comparison and impact of integration

To benchmark the proposed methodology, the algorithm is compared to (i) solution method-
ologies that optimise the SAA model exactly, and (ii) decomposed solution methodologies
that optimise different single or multiple decision stages separately in a sequential manner.
The following five methodologies are compared.

• Exact 1 ] 2 ] 3: This methodology optimises the integrated formulation presented in
Section 3 relying on SAA using mathematical programming.
• Heuristic 1 ] 2 ] 3: This is the proposed methodology that optimises the integrated

SAA formulation using the proposed NBD and diving heuristic.
• Exact 1 ] 2→ 3: This method solves only the first two stochastic decision stages in

an integrated manner. The SAA formulation is decomposed into (i) the two first stages
and (ii) the third stage, which are solved as follows. First, the integrated SAA model
relative to the first two stages is optimised via mathematical programming. Note that
models of these two stages (cf. Section 3) do not take idle time and overtime, capacity
utilisation restrictions nor patient flow time explicitly into account. Thanks to the
fixed resource costs, idle time will be minimised without needing extra constraints.
Overtime is minimised via addition of soft constraints that impose an optimal amount
of overbooking for scan appointments and examinations. The maximum amount of
overbooking in the first stage is set to 1.53 times the session duration, based on the
average number of cancellations and no-shows. Likewise, the maximum amount of
overbooking in the second stage is 1.49 times the session duration. The objective is
modified accounting for a large penalty of 10000 per minute the maximum amount
is exceeded. The patient flow time is minimised by adding it explicitly to the first-
and second-stage objective function for all planned patients. Next, the third stage is
optimised separately given inputs from the first two decision stages, i.e. for each third-
stage scenario, a sub-problem is defined and solved via mathematical programming.
• Heuristic 1 ] 2→ 3: This solution methodology applies decomposition similarly to

previous method but solves the first two decision stages in an integrated manner rely-
ing on the proposed methodology, which is slightly modified. The NBD only iterates
between the master problem and the second-stage sub-problems, while the diving al-
gorithm only fixes variables relative to these problems. After the first two stages are
optimised, the third-stage problems are solved separately via mathematical program-
ming.
• Exact 1→ 2→ 3: In this methodology all three decision stages are optimised sequen-

tially. Each (sub-)problem, obtained after decomposing the DMILP into one problem
per scenario, is optimised individually via mathematical programming. Note that soft
constraints on the amount of overbooking and optimisation of the patient flow time
similar to previous methodologies have been added to first- and second-stage models.
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Results of the benchmark are provided in Table 1, which displays run time (in seconds),
objective value (Z∗) and objective value gap relative to the best objective value found for the
respective instance (%gap) between brackets. The best obtained objective value is indicated
in bold. The first column indicates type of instances, denoted as |D|-population density.
Population density is shown as low (l), medium (m) or high (h). The table reveals that
methodology Exact 1 ] 2 ] 3, operating on the integrated problem, cannot solve instances
to optimality within 4 hours for any instance. Performance of this method significantly
deteriorates when problem size increases. Moreover, the largest instances cannot be solved
with this methodology due to the amount of memory needed and, consequently, no integer
solution (n.i.s.) has been found for these instances. These findings confirm the appropriate
use of heuristics for solving the problem. Required run times increase significantly when (i)
instances are larger, (ii) more stages are integrated and (iii) the problem is solved using a
MILP solver. The impact on the objective value is highly dependent on instance size. The
following conclusions can be made:

• For small instances, i.e. |D| = 2, we observe that integration leads to a better average
objective value. Integrating all stages (1 ] 2 ] 3) leads to significantly better objective
values compared to (partially) sequential solution methodologies (1 ] 2 → 3 or 1 →
2 → 3), independent whether mathematical programming or the diving heuristic is
applied. For small instances, the proposed heuristic performs only slightly worse (0.84%
on average with |S| ∈ {50, 100}) compared to the use of mathematical programming,
which records far larger run times. This confirms that the proposed diving heuristic
produces high-quality integer solutions.
• For medium instances, i.e. |D| = 3, the proposed heuristic delivers significantly better

results than the exact method when all stages are integrated (1 ] 2 ] 3). However,
other solution methods relying on partial integration (1 ] 2 → 3) demonstrate a very
similar performance as the proposed heuristic (1 ] 2 ] 3). Comparison learns that the
method Exact 1]2→ 3 marginally outperforms the other methods, though needs more
computation time.
• For large instances, i.e. |D| = 5, (partially) sequential solution methodologies (1]2→ 3

or 1 → 2 → 3) yield better results. The best performance is recorded by the method
Heuristic 1 ] 2 → 3 in acceptable run times. The method Exact 1 → 2 → 3 yields
solutions of comparable quality, whereas the fully integrated proposed method Heuristic
1 ] 2 ] 3 performs significantly worse.

In general, Heuristic 1 ] 2 → 3 leads to better objective values (Z∗) and lower deviations
from the best objective values found (%gap). Moreover, when comparing results for different
instance sizes, we observe that this method leads to the most stable performance. Online
Appendix D.6 validates the beneficial performance and role of the introduced accelerators for
this method.
Figure 5 displays the objective component values averaged over all instances and the average
rank for each methodology. The latter is calculated by averaging the rank of each method over
the objective components, with the lowest rank number assigned to the method that scores
best. Component CC overtime is not reported because it is 0 for all instances. Additionally,
methodology Exact 1]2]3 is not included either, as not for every instance a feasible solution
has been found. Note that attained CC idle times are relatively high, which results from the
short processing times to examine a scan and limited number of patients considered in an
instance. The following conclusions can be made. The average flow times are acceptable and
are very similar for the different methods. The heuristic methods yield schedules in which
a significantly larger number of patients can be treated and the more when integrating all
stages (Heuristic 1 ] 2 ] 3), because this method takes all types of uncertainty into account
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relative to all stages in a unified manner (cf. Section 5.3). In addition, integrating all stages
leads to a significantly lower CC idle time, because in (partially) sequential methods this
objective is not considered in the first two stages. However, these (partially) sequential
methods attain significantly better values for the realised MU overtime, resulting from the
large penalty associated with exceeding the maximum amount of overbooking. The method
Heuristic 1 ] 2→ 3 leads to a significantly lower MU idle time compared to other methods.
Note, due to the complexity of the problem, a completely integrated method (1 ] 2 ] 3) and
a fully sequential method (1 → 2 → 3) obtain the same average rank with respect to the
different objective components. Overall, the partially integrated method (1] 2→ 3) obtains
the best average rank, which finds the right compromise between integration and empirical
problem complexity.
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5.3 Value of stochastic optimisation and no-show mitigation mechanisms

5.3.1 Value of information and the stochastic solution

To measure the potential benefits of stochastic optimisation, we evaluate the Expected Value
of Perfect Information (EVPI) and the Value of Stochastic Solution (VSS), i.e.

• The EVPI provides the upper bound of the improvement in the objective value if the
realisations of the stochastic variables would be known at the time of composing the
initial patient and resource schedule, comparing the so-called here-and-now and wait-
and-see approaches. More precisely, for minimization problems, EVPI is calculated
as the difference between the objective value using Stochastic Optimisation (SO) and
the average of the so-called Wait-and-See problems (WS), i.e. EVPI = SO - WS.
WS is calculated by optimizing the three-stage decision problem (1)-(41) per (realised)
scenario and taking the average of the yielded objective values over all scenarios (Avriel
and Williams, 1970; Escudero et al., 2007).
• The VSS indicates the profit from using SO rather than using the expected average

values. VSS is calculated as the difference between the Expected result of using the
Expected Value (EEV) and the objective value using SO, i.e. VSS = EEV - SO. The
EEV of the multi-stage stochastic problem under study is calculated using the approach
of Escudero et al. (2007).

Table 2 displays the yielded values SO, WS and EEV, and calculated metrics EVPI and VSS
in an absolute and relative manner. The value for SO corresponds to the best solution found
over all different versions of the (heuristic) algorithm compared in Section 5.2 because we
want to calculate the bounds EVPI and VSS as accurately as possible. The value for WS
is computed by solving |S2| × |S3| scenario problems, which is computationally demanding,
with a time limit of 10 seconds per scenario. In this way, the run times for computing the
value of WS amount to maximum 28 hours per instance. To calculate the value for EEV,
a time limit of 230 minutes is imposed for solving the three-stage average scenario problem
to determine the first-stage decision variables. No time limit was imposed on solving the
second-stage or third-stage problems. In this way, the run times for computing the value of
EEV are observed to amount to maximum 4 hours per instance.
The results denote that the EVPI averaged over all instances amounts to 426 and is similar
for all instance sizes, i.e. having perfect information on the patient cancellations, reschedul-
ing and no-show behaviour would lead to a significant improvement in the objective value of
10.81%. This endorses the need to gather more accurate information related to the patients’
preferences and no-show behaviour, e.g. based on patient characteristics to better specify
individual uncertainties (e.g. da Silva et al., 2021; Yan et al., 2022). Moreover, results rel-
ative to VSS show that using stochastic optimisation rather than the average scenario to
determine first- and second-stage decisions leads to a significant improvement of 17.67% in
the objective value. Obviously, the VSS is dependent on the instance size. More precisely,
for smaller instances the model using the expected average values provides a good approxi-
mation of the stochastic problem as the VSS is small. The VSS is higher for larger instances
having a longer planning horizon and a larger number of patients, better representing real-life
complexity.
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5.3.2 Impact of proactive mitigation strategies

To evaluate the benefits of the no-show mitigation strategies, we rely on the best-performing
method identified in Section 5.2, i.e. Heuristic 1 ] 2 → 3, and assess the outcome of the
yielded schedules after realisation of the uncertainties. As the problem under study consid-
ers three sources of uncertainty, 23 experiments are conducted for which different types of
uncertainty are included and/or excluded. In case the option to cancel (or reschedule) is
not considered, we assume a pessimistic but realistic scenario in which patients who would
normally cancel (or reschedule), do not show up to the appointment. During the optimisa-
tion, we consider these patients as being regular ones, who may or may not show up to their
appointment as a result of no-show uncertainty. In case we do not take into account no-show
uncertainty, overbooking of resource duties to mitigate the impact of patient no-shows is left
out in the design of the appointment and resource schedules. Figure 6 displays the average
results related to all instances, for both |S| = 50 and |S| = 100. The depicted graphs provide
the average objective component values and the associated average rank (cf. Section 5.2).
The legend table indicates the included sources of uncertainty per experiment.
The results reveal that considering all sources of uncertainty yields the best schedules in
terms of solution quality after the uncertainties have been realised. This is confirmed by the
average rank of the different solution methods and all objective components except for the
MU overtime. Most importantly, this scenario records the largest number of patients treated
and the lowest patient flow time. In contrast, neglecting all sources of uncertainty leads to
a schedule with inferior solution quality, showing the lowest number of patients treated, the
largest flow time and high resource idle times. Comparing the results of these two experi-
ments reveals the value of the mitigation strategies together.
In the following, we discuss the effect of implementing specific mitigation strategies to re-
duce (the impact of) patient no-show behaviour, i.e. the options to reschedule or cancel
appointments and patient overbooking, and associated sources of uncertainty. Comparison
is made to the case neglecting all sources of uncertainty. The results show that if the single
option to reschedule an appointment is offered, the number of treated patients increases sig-
nificantly by 62% (from 22.69 to 36.83) together with a decrease in the resource idle times
by 46% at the MUs (from 117.02 to 63.23) and 7% at the CC (from 132.27 to 123.13),
whereas the MU overtime increases by 59% (from 9 to 14.29). Installing the single option
to cancel appointments only slightly improves all objective components, except for OTMU ,
but observed improvements are considerably lower than in case of rescheduling. Taking into
account no-show uncertainty via overbooking leads to small improvements for each objective
component, similar to the ones observed for the option to cancel appointments. Only for
the MU overtime, we observe a significant reduction by 28% (from 9 to 6.45). The superior
performance of when considering the rescheduling of patients can be explained by the large
percentage of patients (30%) requesting a rescheduling that is granted, whereas in the other
scenarios rescheduling is not possible and these patients do not show up.
Excluding one type of uncertainty provides insight in the complementarity and added value of
a particular mitigation strategy. Results demonstrate that excluding the option to resched-
ule significantly lowers the number of patients treated by 40% (from 40.14 to 23.92) and
increases resource idle times by 290% at the MUs (from 25.39 to 98.95) and 7% at the CC
(from 122.84 to 131.87). Not allowing the patients to cancel their appointment or omitting
patient overbooking leads to smaller decreases in performance, indicating a smaller added
value for these options. However, overbooking to mitigate cancellations and/or no-shows
does install additional flexibility to schedule patients who request a rescheduling. As a conse-
quence, considering all mitigation strategies together leads to an increased number of patients
treated and lower patient flow times and resource idle times. On the other hand, the amount
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of overbooking does have to be monitored closely as it significantly increases MU overtime.

Figure 6: The impact of mitigation strategies on the objective components and average rank.

5.4 Managerial findings

This paper provides managers with guidance on how to manage the BSCP to achieve better
system performance. In this paper, we have demonstrated the benefits of the proposed ap-
proach with respect to the organisation of the process, the patient demand, and the resources.
First, the BCSP is more efficiently and effectively organised when managers approach the
different decision phases in an integrated manner and proactively mitigate the impact of
uncertainty compared to tackling the different decision phases in a sequential manner, com-
posing schedules based on expected values and/or responding to the realised uncertainty in
a reactive manner. Neglecting the uncertainty in the patient behaviour significantly reduces
the number of patients treated, increases the patient flow time and leads to inefficient utili-
sation of involved resources. Managers should preserve the possibilities for patients to cancel
their appointment and especially formulate rescheduling requests in advance to mitigate the
impact of no-shows as these options improve performance, i.e. the number of treated pa-
tients increases whereas the idle times of the resources decrease. Moreover, managers should
be eager to gather more accurate information on no-show behaviour based on individual pa-
tient characteristics to further improve the process organisation. Second, substantial patient
overbooking is suggested when composing the initial patient schedule, but the extent should
be monitored closely to limit overtime. This overbooking is preferably slightly lower than
the expected number of no-shows as a result of the higher costs associated with overtime
compared to idle time and the complicated structure of the multi-stage healthcare scheduling
problem under study. The overbooking rate is independent of the day in the scheduling hori-
zon and the MU considered. Note that, apart from being a mitigation strategy in response
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to no-shows, overbooking allows for some flexibility to reschedule patients. Third, managers
should link the resource schedules to the patient treatment schedules to improve the resource
organisation, realising a more efficient deployment and effective utilisation of resources. In
this way, the budgeted number of resources, incurred idle time and overtime ofMU resources
are kept to a minimum and patients’ flow times are acceptable. The latter is important to
reduce patient anxiety toward the clinical outcome. For that purpose, scan appointments are
planned in a (more or less equally) distributed manner over the horizon as a function of the
number of MU sessions scheduled. The duties of CC specialists, which are fewer in number
because of the lower capacity unit requirements, are attuned to these and are to some extent
balanced in a likewise manner over the time horizon.

6 Conclusions

The contribution of this study is fourfold. First, we studied the coordination of BCSP in Flan-
ders, integrating patient scheduling and resource planning to minimise both patient flow time
and resource costs. The provided patient service embodies a two-stage healthcare process,
involving both patient scan appointment and subsequent examination by skilled personnel.
Second, the problem is modelled as a three-stage stochastic optimisation model as patients
are given the option to reschedule or cancel their appointment after the first decision stage to
mitigate impact of large patient no-show rates. Additional changes to the CC resource sched-
ule can be done after scan appointments are realised and patients’ (no-)shows are known.
Third, we propose a diving heuristic operating on the linear relaxation of the problem under
study, calculated viblacka sample average approximation and nested Benders decomposition.
The diving heuristic fixes the variables in a specific order when problem-specific requirements
and conditions are met. Results reveal that integrating only the first two stages and applying
the proposed heuristic yields the best and most stable performance. Fourth, we demonstrate
the value of stochastic optimisation to tackle the problem under study and the complemen-
tarity of different mitigation strategies, i.e. the options to reschedule or cancel appointments
and patient overbooking, to reduce the impact of no-shows on system performance.
In future research, this study can be extended in different directions relative to both problem
definition and solution methodology. First, the proposed model assumes that patients are ho-
mogeneous relative to their resource usage and their cancellation, re-scheduling and no-show
probabilities, leaving room for improvement by incorporating patient-specific information
based on history. This information could be taken into account during decision-making and
the design of efficient and effective overbooking strategies to schedule an appropriate case-
mix of patients to single MU sessions. Second, the construction of the patient and resource
schedules and associated adaptations embody a dynamic process and can be studied in fu-
ture research using Markov decision processes rather than via static decision phases, because
of the interrelationship between subsequent periods. Unfulfilled rescheduling requests may
impact the set of considered patients for the next horizon. Adaptations to the schedule are
driven by the arrival rate of the cancellations and rescheduling requests during the patient
response horizon and the patient no-shows during the processing of the planning horizon.
However, because the application of Markov decision processes for scheduling individual pa-
tients may severely increase the size and complexity of the model, it may be beneficial to
study the decision phases separately as suggested by our experiments. Third, the proposed
approach is based on stochastic optimisation, optimising the expected flow time and resource
costs, but does not ensure that these objectives may worsen substantially in specific scenarios.
A suitable solution approach to prevent the potential deterioration of the realised schedule
quality is, for example, adjustable robust optimisation in concordance with the multi-stage
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character of the problem. Robust optimisation optimises worst-case performance to protect
the system against worst-case scenario realisations.
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