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CHAPTER 1

Introduction

1.1 Research motivation and scope

Radiotherapy (RT) is a treatment modality in cancer care that uses ionizing ra-
diation to kill tumor cells. In external-beam RT, a machine called "linear acceler-
ator" (linac) is used to deliver high-energy radiation beams onto the tumor area
while minimizing the exposure of surrounding healthy tissue. To achieve this, a
number of preparation steps (e.g. computer tomography (CT) scan, tumor con-
touring, treatment planning) need to be performed as a “pre-treatment" phase
before the treatment is delivered in a series of (usually daily) irradiation ses-
sions. Several health professionals are involved in the delivery of RT treatments.
Imaging scans, treatment planning, and irradiation sessions are conducted by
radiation therapy technologists (RTTs), while first consultation, tumor contour-
ing, and follow-up appointments are performed by radiation oncologists (doc-
tors).

With the increase in cancer rates [14] and given that around half of all can-
cer patients receive radiotherapy as part of their treatment [28], demand for RT
services has been continuously growing [94]. This makes the efficient planning
and control of resources and patients’ care pathways especially important in
order to ensure timely and quality treatments. In RT, delays in the start of treat-
ment can negatively affect the patient’s outcome and quality of life [64]. Not
only have delays been associated with an increased risk of local recurrence and
tumor progression [20], it has also been shown that patients experience higher
levels of psychological distress and prolonged symptoms when they are subject
to longer waiting times [63]. Therefore, achieving timely RT is essential in on-
cologic care. In the Netherlands, timeliness standards are defined by the Dutch
Society for Radiation Oncology (NVRO), which recommends a maximum wait-
ing time between referral and start of treatment of 10 calendar days for subacute
(semi-urgent) patients, and 28 days for regular patients [68]. Acute (urgent) pa-
tients should receive treatment on the referral day. However, several complex-
ities make an efficient organization of resources in RT especially difficult. Due
to factors such as fluctuations in patient inflow, highly specialized treatment
pathways, variability in the processing times required by certain activities, and
partial availability of highly specialized personnel, bringing supply into line

1
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Chapter 1. Introduction

with demand has become increasingly difficult for RT centers. With the increase
in the dimension and complexity of RT logistical problems, research questions
arise: Would an optimal allocation of radiation therapy technologists to the sev-
eral tasks they perform increase the number of patients starting their treatment
within the desired targets? What is the impact of scheduling the start of treat-
ment right after the first consultation instead of at the end of treatment planning
on waiting times? Can all patient preferences regarding appointment times be
satisfied in the linacs’ weekly schedules? These are types of questions that we
intend to answer using the most advanced analytical methods for the benefit of
cancer patients and health professionals.

Operations Research (OR) is a discipline that focuses on the efficient design,
control, and optimization of processes using techniques such as mathemati-
cal programming, computer simulation, queuing theory and (meta)heuristics
[84]. Integer linear programming methods have proven effective for optimally
solving problems of combinatorial nature with several resource constraints and
multiple objectives. Metaheuristics are suitable for complex processes and/or
large instances where exact (optimal) solutions are hard to achieve in reason-
able computation time. Computer simulation and queuing theory are useful for
modeling stochastic processes where the uncertainty inherent to certain inputs
(e.g. patient arrivals and care content) is high. Several OR-based tools have been
successfully developed for decision-making support in the context of healthcare
logistics [83]. Resource capacity planning in healthcare processes is especially
complex due to the high number of constraints that usually need to be satisfied,
the inherent stochasticity in patient inflow, care trajectories, and activities’ pro-
cessing times. In RT, several additional complexities such as time constraints
between the pre-treatment and treatment stages, or the combination of RT and
other treatment modalities (chemotherapy and/or surgery) arise. This makes
the application of OR methods for planning and control purposes even more
important and challenging.

In this thesis, OR methods are used to research how RT operations, person-
nel and equipment can be efficiently coordinated considering the variability in
the amount and type of demanded care. The main goal is to prevent delays in
the start of treatment while optimizing other KPIs related to timeliness, patient-
centeredness, and quality of labor. We demarcate our scope on the tactical and
operational levels (see [40]) of the RT organizational structure, and propose in-
novative OR-based methods for optimized decision-making in problems such
as staff allocation, patient scheduling, capacity dimensioning and other resource
planning problems commonly faced by RT centers. Moreover, by working to-
gether with managers and clinicians of collaborating RT centers in the Nether-
lands, we have designed and validated models and corresponding solutions in
order to facilitate the translation of the obtained knowledge into clinical prac-
tice.

This research work focuses on external-beam photon RT using linacs as the
treatment device, and thus any kind of internal RT (e.g. brachytherapy) or other

2
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1.2. Operations research and radiotherapy logistics

types of external-beam RT (e.g. orthovolt) treatments are not dealt with. Also,
we only consider care pathways of patients that have already been referred to re-
ceive radiotherapy, i.e. any diagnosis/treatment activities held before the start
of the radiotherapy chain of activities are excluded from our scope. Further-
more, while there are interesting medical problems in RT (such as the optimiza-
tion of the radiation angles and intensity for treatment planning) that can highly
benefit from OR knowledge, we focus on the logistical aspects of the RT process
only.

1.2 Operations research and radiotherapy logistics

In the last two decades, several OR methods have been proposed to solve logis-
tics problems in RT. In Chapter 2 we present an in-depth overview of the state
of the art in the development and application of OR models for RT logistics with
a thorough categorization in terms of, e.g., hierarchical level and extent of im-
plementation. Among OR methods, literature shows that computer simulation
is the most popular method for solving problems at the strategic and tactical
levels where patient flow analysis and capacity allocation problems are the sub-
ject of research. Werker et al. [110], Crop et al. [26] and Joustra et al. [52] used
discrete-event simulation (DES) to model the pre-treatment phase of the RT pro-
cess and test “what-if” scenarios that could potentially reduce patients’ waiting
times. While Werker et al. [110] showed that shorter oncologist-related delays
decrease the overall planning time by more than a day, Joustra et al. [52] found
that the outpatient department was the main bottleneck hampering RT patient
flows in the Amsterdam Medical Center, the Netherlands. They then devel-
oped a queuing model to reduce fluctuations in the capacity of the outpatient
department to increase the number of patients complying with the waiting time
targets from 39% to 92%. Crop et al. [26] were able to increase the control over
the work-in-progress by proposing a method that only allows a new patient to
enter the system after another patient leaves. Their strategy is evaluated using
DES, which showed that a 32% increase in the total number of treatments was
attainable while relieving workload-related stress for personnel. Monte Carlo
simulation modeling was used by Thomas et al. [97] to estimate the number of
linacs needed to cover the expected demand in RT centers and calculate the per-
centage of spare capacity required to keep waiting times low. Amongst other
insights, they found that about a 10% of spare capacity is needed to ensure that
86% of patients start radiotherapy up to one week after the treatment planning
is finished.

Mathematical programming techniques are the most used techniques in the
literature to address logistical problems at the operational level, with an empha-
sis on treatment scheduling problems. Conforti et al. [22–24], Leite-Castro et al.
[18] and Burke et al. [15] developed mixed-integer linear programming (MILP)
models to find optimal weekly schedules for irradiation sessions amongst the
available linacs for a known pool of patients. Their models can find (near-

3
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Chapter 1. Introduction

)optimal solutions in reasonable computation time for real-world size instances
considering several medical and technological constraints. Legrain et al. [59]
proposed a two-step mathematical model to optimize the scheduling of RT treat-
ments on a patient-by-patient basis. By considering scenarios of future patient
arrivals to predict upcoming workload, their method showed an average de-
crease of patients breaching the waiting time targets by 50% for acute patients,
and 81% for subacute patients when comparing to clinical practice of a Cana-
dian RT center. A combination of mathematical programming and computer
simulation is proposed by Bikker et al. [5] to optimally align the doctors’ agen-
das with demand regarding contouring and consultation activities. They used
DES to evaluate the solution obtained by the MILP model and found that wait-
ing times before the start of treatment could potentially be reduced by 15% for
regular patients.

Metaheuristics and constructive heuristics are mainly proposed in the liter-
ature for optimizing the pre-treatment phase, and for larger instances of the RT
treatment scheduling problem where MILP models become intractable in terms
of computation time. Genetic algorithms are used by Petrovic et al. [73, 74, 77] to
optimize pre-treatment patient flows by efficiently scheduling treatment plan-
ning and physics-related operations. Their methods showed a potential de-
crease of the average waiting times for radical (from 35.0 to 21.5 days) and pal-
liative (from 15.0 to 13.1 days) patients. They have also found that enabling
doctors to approve treatment plans right after they have been finished has a
significant impact on the average waiting times in all patient categories (35%
reduction). Constructive heuristics are high-level procedures that allow to iter-
atively build solutions based on the empirical knowledge of the system being
optimized. Petrovic et al. [75, 76, 78] proposed four different constructive ap-
proaches for scheduling treatment sessions at the Nottingham University Hos-
pitals Trust (UK). A decrease in the percentage of late patients of up to 40% for
palliative patients and 4% for radical patients was achieved by using a just-in-
time algorithm that assigns the latest feasible start date of the first treatment to
each patient from a prioritized list.

Most of the studies presented in the literature focus on the scheduling of
RT treatment sessions. Fewer studies optimize the pre-treatment workflow, de-
spite the potential benefits that can be achieved in reducing waiting times before
treatment. Although staff members often perform several activities during a
workday, only one study has been found to optimize the allocation of staff (doc-
tors) to the several operations they perform. No studies have been found for
the allocation of RTTs to multiple operations. As for the scheduling of treatment
sessions on linacs, there is a vast literature of many well-performing models
that have been developed considering a variety of operational constraints and
objectives. Nevertheless, no studies showed to e.g. integrate patient preferences
into the scheduling routines or minimize empty time periods between sessions
in the linacs’ schedules. We address these problems in this thesis using OR-
based methods for the efficient management of RT resources and patients. Since

4
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1.3. A survey on the logistics of 6 radiotherapy centers

the rate of implementation of OR methods in healthcare settings is rather low
when compared with other industries [11, 100], we work in close collaboration
with managers and clinicians of real-world RT departments. To avoid that opti-
mization tools are developed for a specific case, we have set-up a collaboration
with six Dutch RT centers and performed a survey on their logistics in order to
bring the validation and implementation of the developed tools one step closer
to clinical practice, as we describe next.

1.3 A survey on the logistics of 6 radiotherapy cen-
ters

Several OR models have been proposed for the efficient management of RT pro-
cesses such that personnel and equipment can be efficiently coordinated with
the demanded care to ensure patient-centeredness and timely treatments. How-
ever, the generalization of these models is not always straightforward, as RT
centers may have different strategic positions which impact the way they or-
ganize their processes to optimize logistics according to their goals. There-
fore, studies comparing the logistics environment amongst diversified RT cen-
ters are crucial for the development of innovative planning tools for sustained,
analytical-based decision-making that can be representative of current clinical
practice. To this end, we have conducted a survey on several logistical aspects
of the RT process amongst six collaborating RT centers in the Netherlands. In-
formation has been gathered by means of a series of meetings and correspon-
dence exchange held with managers and clinicians of the collaborating centers
over three years (2015-2017). The survey covers subjects such as the size and
resources of each center, patient flow, workflow analysis, and the study of the
most important key performance indices (KPIs) to be optimized in clinical prac-
tice.

1.3.1 The collaborating RT centers

The following six RT centers have collaborated with our survey:

− The Netherlands Cancer Institute (NKI)

− Bernard Verbeeten Instituut (BVI)

− Amsterdam Universitair Medische Centra (AUMC)

− Radiotherapeutisch Intituut Friesland (RIF)

− Radiotherapiegroep - Arnhem (ARTI)

− Radiotherapiegroep - Deventer (RISO)

Table 1.1 presents the size and number of existing resources in each of the
RT centers involved in our study. The RT department of the NKI is the largest

5
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Chapter 1. Introduction

Table 1.1 Comparison of the number of new treatments, personnel and equipment be-
tween the different RT centers by 2017.

Description NKI BVI AUMC RIF ARTI RISO
Annual no. new treatments ∼5100 ∼4300 ∼2500 ∼2500 ∼2850 ∼2200
No. satellite locations 1 2 1 0 1 0
No. CT scanners 2 2 2 1 1 1
No. MRI scanners 1 0 1 0 0 0
No. PET-CT scanners 1 1 1 0 0 0
No. linear accelerators 9 8 6 4 6 4
No. radiation oncologists
(FTE)

26
(21)

11
(n.a.)

12
(12)

10
(8)

11
(10)

11
(10)

No. radiation therapy technologists
(FTE)

115
(100)

65
(n.a.)

70
(50)

65
(43)

62
(50)

44
(36)

center, treating over 5000 new patients per year using nine linacs. The NKI pro-
vides high-quality treatments with patient-specific care pathways. The RT de-
partment of the AUMC hospital treats around 2500 patients using six linacs. By
having easy access to other resources (e.g. MRI, PET-CT) and treatment modal-
ities (e.g. surgery) available within the hospital, they have been able to provide
good-quality, personalized treatments while keeping waiting times within the
required targets, similarly to the NKI. The BVI, RIF, ARTI and RISO are inde-
pendent groups dedicated to providing RT services in the provinces of North
Brabant, Friesland, Arnhem, and Deventer, respectively. With mainly standard-
ized treatment pathways, they aim for timely, patient-friendly treatments while
ensuring quality of labor by, e.g., avoiding overtime work. As we can see in
Table 1.1, all centers have at least one CT scanner, while only the NKI and the
AUMC are provided with an MRI scanner. When non-existent resources (e.g.
MRI and PET-CT) are needed by some centers, the required capacity is con-
tracted through agreement with nearby hospitals. Moreover, four RT centers
have at least one satellite location, i.e. a secondary physical location where part
of the linacs (and corresponding staff) operate.

The involvement of RT centers with varied sizes and value propositions have
allowed us to design, develop, and validate tools such that the obtained solu-
tions are robust enough to accommodate logistical differences between centers.
We describe these in more detail in the next section.

1.3.2 The radiotherapy process

The RT treatment chain is characterized by a sequence of operations, which de-
pends on the characteristics of the tumor (such as tumor site, level of advance-
ment, etc.), urgency level, amongst other factors. Figure 1.1 depicts a possible
deployment flowchart of the RT process and specific operations involved which
captures the variations encountered amongst the workflows of the surveyed RT
centers.

Patients are normally referred to receive radiotherapy upon indication by

6
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Figure 1.1 Overview of the RT process considering the logistical differences between
centers.

a group of specialists during multi-disciplinary meetings undertaken together
with referring hospitals. After referral, patients are scheduled for a consultation
with a radiation oncologist. Based on the available diagnostic and patient in-
formation, the doctor defines a preliminary treatment protocol that includes the
dose and the fractionation scheme, and decides upon the urgency level (acute,
subacute, or regular) and specific care pathway intended for the patient. This
includes, for instance, the necessary pre-treatment imaging scans and the treat-
ment planning modality. The scanning phase always includes a CT scan, but it
may also include an MRI scan and a PET-CT scan. Before the CT scan, several
additional appointments may be needed. These may include molding, blood
analysis, dentist, dietician, etc. In case of multiple imaging modalities, image
post processing (IPP) is necessary for matching and/or optimizing the scanned
images. Afterwards, delineation of the tumor and the organs-at-risk (OAR)
takes place. While in some centers (AUMC, BVI, ARTI, RISO) the delineation
of OAR, undertaken by an RTT, takes place before contouring, in other cen-
ters (NKI and RIF) it is done in conjunction with treatment planning, after the
doctor has contoured the tumor volume. The contouring is then either peer-
reviewed or discussed with a group of physicians, which may indicate the need
for changes for improvement. Once contouring is approved, treatment plan-
ning follows. In this step, the angles and intensity of the irradiation beams are
optimized to deliver the desired dose in the target area while minimizing the ex-
posure of surrounding healthy tissue. Each treatment plan needs to be revised
and approved by the doctor(s) and a medical physicist. After approval, the plan
is uploaded to the linear accelerator scheduled for the patient before the first
irradiation session, as a preparation stage. A pre-defined number of irradiation
sessions follows, among which a cone-beam CT may be required for position
verification purposes. If there are significant anatomical changes or dosimetry
deviations, a medical physics expert in consultation with a radiation oncologist

7

1

143707 Vieira BNW.indd   13 03-06-20   16:14



Chapter 1. Introduction

may indicate that the process needs to be re-started from the scanning stage with
a new CT. After the last irradiation session has been delivered, the treatment is
finished and a follow-up period starts.

As for the scheduling moments, it has been verified that acute and subacute
patients are scheduled their start of treatment date right at referral/consultation
in all centers, while the (first) treatment sessions of regular patients may be ei-
ther booked right after consultation (AUMC, ARTI, RIF) or only when treatment
planning has been completed (NKI, BVI, RISO). It is common practice to inform
the patients about the scheduled irradiation sessions on a weekly basis.

1.3.3 Key Performance Indicators (KPIs)

Performance indicators make it possible to evaluate the logistical performance
of a center with respect to its specific goals. To ensure that the objectives to be
optimized by the analytic models proposed in this thesis are in line with the ob-
jectives of most RT centers, we have surveyed the key performance indicators
(KPIs) that are consistently monitored and optimized by RT managers and plan-
ners. To this end, we used a restricted short list of KPIs selected from an interna-
tional benchmarking of cancer centers involved in research and training under-
taken by van Lent et al. [99]. Such KPIs include waiting times, utilization levels,
or patient preference satisfaction levels. In our study, we have assessed which
of the selected KPIs are considered by the managers and planners of the collab-
orating centers (Table 1.2). As we can observe, timeliness is a major concern,
with all RT centers attempting to minimize waiting times before treatment. The
fulfillment of the national waiting time standards is constantly monitored by all
centers. Moreover, machines’ idle times and overtime labor have been identi-
fied as the main objectives to be minimized in at least 3 centers. From a patients’
perspective, two centers have indicated that patients preferences regarding ap-
pointment times are concurrently considered during scheduling (NKI and RIF),
and two centers (BVI and RIF) mentioned having the goal of keeping the time
patients wait in the waiting room as short as possible.

Table 1.2 Main Key Performance Indicators (KPIs) monitored and optimized by the
collaborating RT centers by 2017.
KPI Description NKI BVI AUMC RIF ARTI RISO

Waiting times Time between referral (or consultation)
and first fraction x x x x x x

Access times Time between specific operations
(e.g. consultation – CT scan) x x x x x

Wait-in-room times Amount of time a patient waits in the
waiting room x x

Patient preferences Satisfaction of patients’ preference requests
regarding appointment times x x

Utilization levels Ratio between the total time a machine is
utilized and the total available time x x x x

Overtime Amount of time that doctors and RTTs
work overtime x x x

‘
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1.4. Thesis outline

1.3.4 Conclusions

Working in collaboration with managers and planners of the six RT centers has
allowed to understand that, although some logistical differences amongst RT
centers exist (e.g. the moment of delineating OAR, the peer-review process of
contouring / treatment planning), the sequence and resources involved in the
main steps of the RT process follows a similar structure. Consultation, imaging,
treatment planning, and treatment execution are standard sequential steps in all
surveyed centers. Radiation oncologists are responsible for the first consulta-
tion, contouring, and reviewing of the treatment planning activities, while RTTs
guide the patients through imaging scans and treatment sessions, and perform
basically all treatment planning activities. As for the objectives to be optimized
by the collaborating centers, we found that timeliness is the main objective. All
centers work towards timely delivery of treatments according to national wait-
ing time standards. Patient-centeredness (satisfy patient preferences and mini-
mize wait-in-room times) and other indicators of efficiency (minimize overtime
and machine idle times) are also relevant KPIs to be considered.

The efficient coordination between patients, machines and staff is crucial to
be able to provide quality RT treatments that meet the necessary medical and
technical requirements. In this regard, information about the way RT centers
plan and organize the delivery of RT treatments is necessary such that the pro-
posed solutions can be generally applicable in RT, thus increasing the chances
for implementation. This survey allowed us to assess the most relevant logis-
tics problems in RT, which originated research questions for Chapters 3, 4, and
5. The involvement of RT centers allowed for the adjustment and fine tuning
of solutions to their specific needs or desires. Thus, the OR models developed
within this thesis aim to represent and optimize RT processes considering the lo-
gistical characteristics and goals found within the surveyed centers. However,
the logistical problems and case studies in this thesis are largely inspired by the
NKI.

1.4 Thesis outline

Chapter 2 presents a literature review on the development and application
of OR methods for logistics optimization in RT, at various managerial levels.
By means of a literature search performed in six databases covering several
disciplines, we categorize studies in terms of the subject of research, the OR
methods used, the extent of implementation according to a six-stage model and
the (potential) impact of the results in practice.

Chapter 3 proposes a stochastic MILP model that optimizes the allocation
of RTTs to multiple operations in RT over a set of scenarios of patient inflow.
Multiple scenarios are generated from historical patient data, and the final RTT
allocation covers the workload associated with all scenarios. The goal is to

9
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Chapter 1. Introduction

maximize the (expected) number of patients completing pre-treatment within
their maximum waiting time targets according to national standards.

Chapter 4 uses discrete-event simulation to model the patient flow of the
radiotherapy department of the NKI. A staff survey, interviews with managers,
and historical data are used to generate model inputs, in which fluctuations
in patient inflow and resource availability are considered. The objective of the
study is to assess the impact of using pull and push strategies on workflow
control and explore alternative interventions for improving timeliness in
radiotherapy.

Chapter 5 proposes a MILP model for scheduling and sequencing treat-
ment sessions on the available linacs. The objective of the model is to maximize
the number of sessions scheduled within the time window preferences given
by patients for a one-week planning horizon. To use the model for larger
(three or more linacs) centers in acceptable computational time, we propose a
heuristic method that pre-assigns patients to linacs to decompose the problem
in subproblems (clusters of linacs) before using the MILP model to solve the
problem in a sequential manner.

Chapter 6 we use the MILP model proposed in Chapter 5 to generate
schedules for the RT treatment scheduling in two Dutch RT centers in view of
the practical implementation of the model. In this study, the theoretical model
is iteratively adjusted to fulfill the specific technical and medical constraints of
each center until a valid model was attained. Real patient data was collected
for the planning horizon of one week, and the feasibility of the obtained
(final) schedules was verified for applicability by the staff of each center.
The optimized solutions are compared with the ones manually developed in
practice.
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CHAPTER 2

Operations research for resource planning
and -use in radiotherapy: a literature review

2.1 Background

Due to the growing numbers of cancer patients, demand for RT has been con-
tinuously increasing [94]. According to Delaney et al. [27, 28], the optimal rate
for the use of RT in some part of the treatment in cancer care should be around
50%, although this figure has not yet been achieved in practice [91]. In addition,
RT has proven to be at least as cost-effective as both chemotherapy and surgery
when all costs across the life cycle of patients are considered [91], making it more
likely that demand for RT will keep growing over the coming years. In RT, time-
liness is crucial and literature shows that delays in the start of treatment increase
the risk of local recurrence and tumor progression [20]. In both breast cancer [47]
and radical cervix cancer [29], longer radiotherapy waiting times were found to
be associated with diminished survival outcomes, and previous research has
shown that delay in initiation of radiotherapy may be associated with a clini-
cally important deterioration in local control rates [63]. Besides, unavailability
of medical staff was pointed out as one of the main causes for patient dissat-
isfaction regarding pain management [79]. In RT resources are expensive and
limited in capacity, and treatments are prepared and delivered by a multidis-
ciplinary group of specialists with multiple functions and restricted time avail-
ability [111]. In addition to variable patient inflows, medical and technologi-
cal progress makes treatments more and more specialized. Therefore, resource
planning and control in RT are complex and time-consuming activities. In this
context, advanced analytical models from fields such as systems engineering or
applied mathematics have been proposed to help managers of RT centers make
better decisions. A recent report published by the Institute of Medicine claims
that using systems engineering, timeliness and patient-centeredness in health-
care delivery can be significantly increased [57]. This paper reviews the extent
to which operations research techniques have been used to support decision-
making in RT, evaluates their (potential) added value and draws lines for future
research.
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Chapter 2. Operations research for resource planning and -use in
radiotherapy: a literature review

2.1.1 Operations research and healthcare

Operations research (OR)1 is a discipline that combines knowledge from fields
such as applied mathematics, computer science, and systems engineering. It
encompasses a wide range of techniques for improved decision-making, com-
monly for real-world problems [84]. Originally, OR emerged as a way to im-
prove military material production during the second world war but methods
have continuously grown to model and solve problems in business and indus-
try since then. During the last decades, a wide range of problems have been
addressed to support strategic decision making, facilitate day-to-day hospital
management, and solve medical problems related to the healthcare practice
[83]. Among the existing OR applications for hospital management and logis-
tics optimization, well-known problems include appointment scheduling [39],
staff rostering [34] and operating room planning and scheduling [16]. Given
the growing acceptance of OR models to solve problems in healthcare, research
on modeling emerging problems receives increased attention, and both a tax-
onomy for resource capacity planning and control decisions in healthcare and
algorithms to solve the most relevant ones have been proposed [44].

2.1.2 The radiotherapy treatment chain of operations
The RT treatment chain is characterized by a sequence of operations, which de-
pends on the characteristics of the tumor (such as location, level of advance-
ment, etc.). Figure 2.1 depicts a deployment flowchart of the operations in-
volved in external-beam RT. After referral, patients have a consultation with
a radiation oncologist, who prescribes one or more diagnostic examinations,
such as a computer tomography (CT) scan, a magnetic resonance imaging
(MRI) exam, or a positron emission tomography-computer tomography (PET-
CT) scan. Thereafter, in most cases the target area is contoured, and the de-
lineation of organs-at-risk takes place in a digital planning system. Once the
treatment plan is completed and approved, it is transferred to a linear accel-
erator (linac) before the first irradiation session. In some other cases, a “beam
set-up” is done instead. Here, a skilled RTT defines the angles and intensities of
the beams to be irradiated in a certain location, similarly to treatment planning.
After a specified number of irradiation sessions, a follow-up period takes place.
Although in most types of external-beam RT irradiation sessions can be deliv-
ered by a single machine working independently, in other types, such as proton
therapy, delivery rooms have a more complicated logistics structure that is not
captured by the deployment flowchart of Figure 2.1.

The flow of both patients and information is usually influenced by medical
and technological constraints. Medical constraints arise when RT is dependent
on other forms of treatment such as chemotherapy and/or surgery. In such
cases, a time constraint that encompasses a planned delay in the start of treat-

1Sometimes referred to as Management Science.
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Figure 2.1 Deployment flowchart of the RT process

ment emerges. An example is when a patient has surgery before RT and radi-
ation can only be delivered when the wound has healed. Or when a patient
receives chemotherapy and a time window for radiation must be followed to
ensure the effectiveness of the combined treatment. Technological constraints
might occur when only some radiation therapy technologists (RTTs) are trained
to carry out a novel treatment or when only a subset of the available linear accel-
erators (LINACs) is technically capable of delivering RT to a particular cancer
type. Moreover, as shown in Figure 2.1, staff members (radiation oncologists,
RTTs, etc.) are responsible for performing several operations throughout the RT
chain, raising the question of how much of their available time should be allo-
cated to each of these operations. In addition, other appointments (e.g. dentist,
dietitian) that depend on the availability of the corresponding professionals and
can only be undertaken during certain time slots may be needed before the scan-
ning stage, implying increased waiting times for some patients’ throughput. Be-
sides, RT is subject to a considerable number of uncertainties. Daily inflow of
new patients, duration of treatment planning activities, and a large number of
variables affecting individual care pathways throughout the RT chain appear to
be the most significant. Due to this complex logistic environment, the relation
between supply and demand in different steps of the chain is not straightfor-
ward, and factors limiting the performance of the system - “bottlenecks” - may
not always be easy to find. All these factors make the delivery of RT a process
with particular characteristics, which brings the need for the development of ‘ad
hoc’ approaches to support recurrent decision-making. Nevertheless, knowl-
edge from the OR community can provide the starting point to optimizing RT
logistics through the development of innovative, but yet effective decision sup-
port systems [38].
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Chapter 2. Operations research for resource planning and -use in
radiotherapy: a literature review

2.1.3 Research aims
There is a wide range of OR applications to solve problems related to medical
physics in radiation oncology. A popular example is the design of fluence maps
in intensity modulated radiotherapy, i.e. find a fluence pattern over a collection
of angles that minimizes the deviation from the desired dose. These applica-
tions are discussed by Ehrgott and Holder in [32], but in their review as few
as 3 papers covering the logistics aspect of RT treatments are cited. Kapamara
et al. [56] showed that patient scheduling in RT can be seen as a special case
of job-shop scheduling. However, their paper focuses on methods for solving
job-shop problems rather than reviewing the application of OR to the RT de-
livery process. Although OR methods have been extensively applied to solve
problems in RT, literature reviews focusing on resource planning problems are
scarce, despite the practical relevance of these problems. To fill this gap, in this
paper we identify, study and classify OR models that aim to support managerial
decision-making in RT. To that end, the research aims of this study are defined
as follows:

1. Identify research papers that cover managerial problems in RT using OR
methodologies with at least some empirical material.

2. Position the literature by classifying the studies based on several factors
such as the subject of research, the hierarchical nature of decision making
and the OR technique(s) employed.

3. Examine the maturity level of implementation of the models and the (po-
tential) impact they have created in practice.

4. Identify the shortcomings in the current literature and provide guidelines
for future research.

2.2 Methods

2.2.1 Scope
Radiotherapy encompasses a wide range of problem types that can benefit from
the OR knowledge. According to the framework proposed by Hans et al. [40],
managerial decisions can be divided in four areas: medical planning, resource
capacity planning, materials planning and financial planning. In this work, we
focus on resource capacity planning problems. Our goal is to investigate how
resources, staff and patients can be efficiently coordinated to optimize objectives
such as the minimization of waiting times, or the maximization of capacity use.
Therefore, medical or financial problems are excluded from the scope of this
study. On the other hand, we focus on OR methods that quantitatively model
those problems with measurable performance indicators. While the spectrum of
OR methods is wide and not always consistent amongst researchers [96, 112], we
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classify the methods in six categories: computer simulation, constructive heuris-
tics, metaheuristics, queuing theory, mathematical programming and Markov
decision processes. A list of abbreviations and a short description of these meth-
ods can be found in Table 2.1.

Table 2.1 Description of the OR methods.
OR method (abbreviation) Description

Computer simulation (CS)
Process of building an abstract model that mimics the behavior of a real-world
or theoretical system, executing the model on a computer and analyzing the
output [58].

Constructive heuristics (CH)
Heuristic methods to create and/or improve a candidate solution, step by step,
according to a set of rules defined beforehand, which are built based on the
specific characteristics of the problem to be solved [93].

Metaheuristics (MH)

General-purpose heuristic algorithms that iteratively improve a candidate so-
lution, designed to solve a wide range of hard optimization problems without
having to deeply adapt to the problem at hand [6]. Contrary to CH, MH are
problem-independent techniques that can be used as ‘black boxes’. CH and MH
are approximation methods, i.e. they do not guarantee that an optimal solution
is found. They are used when exact approaches take too much computational
time, or when feasibility (or speed) are more important than optimality.

Markov decision processes (MDP)
Mathematical methods to model complex multi-stage decision problems in sit-
uations where outcomes are partly random and partly under the control of a
decision maker [82].

Mathematical programming (MP)

Optimization methods that aim to mathematically represent a decision problem
by defining a set of constraints that bound the values of a set of decision vari-
ables, and an objective function to be either minimized or maximized until an
optimal solution is found [10].

Queuing theory (QT)
Mathematical methods to model the arrival and departure processes of waiting
lines (queues), in order to analyze the congestion and decide the amount of
resources required to provide a certain service [113].

2.2.2 Data sources and search strategy
We performed searches in 6 databases, divided in three categories: medical,
technical and multidisciplinary. To find papers within the medical field, we
searched EMBASE and PubMed. To look for literature more geared towards en-
gineering approaches, we searched EBSCO Business Search Elite (BSE). In ad-
dition, we carried out searches in two multi-disciplinary databases: Web of Sci-
ence and Scopus. Besides, a search was performed in ORchestra [43], a database
created and maintained by the Center for Healthcare Operations Improvement
and Research (CHOIR) containing references from the fields of OR and health-
care categorized by medical and mathematical subject. The full strategy and
search terms are provided in Additional file 1. As a means to achieve relevant
publications not covered by the chosen databases we also checked the references
list of the selected papers for snowballing.
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Table 2.2 Inclusion and exclusion criteria.
Inclusion criteria Exclusion criteria
Journal paper, conference paper or book chapter Paper published before 2000
Paper uses an OR method or technique Paper written in other languages than English
Paper addresses one or more logistics problem in RT Paper tackles a medical problem

Paper focuses on macro-planning
Abstract not available online

2.2.3 Inclusion/exclusion criteria and paper selection method
Inclusion and exclusion criteria are presented in Table 2.2. In the aforemen-
tioned database search we restricted the search to journal/conference papers
and book chapters, and limited the results to papers written in the English lan-
guage. Besides, due to the fast evolution of both information technologies and
algorithms for decision support, we consider that literature studies published
before the year 2000 are not likely to be relevant for the purpose of this work.
The literature search resulted in 163 different abstracts, from a total of 301 re-
sults. Two authors participated in the selection of papers according to the re-
maining inclusion/exclusion criteria presented in Table 2.2. We decided to ne-
glect papers focusing on macro-planning, i.e., papers proposing analytical mod-
els that support decision making for large scale planning, e.g. involving several
RT centers at a regional or national level. Instead, this review focuses on models
that aim at solving managerial problems of a single RT center.

The first author read the title and abstract of all the 163 papers and selected
30 relevant papers. Thereafter, the fifth author read the title and abstract of a
random sample of 25% of the 163 papers (41). The matching rate between the
authors was 98% (40 in 41), thus the selection procedure undertaken by the first
author was considered valid. We were able to obtain, online, the full text of all
papers but 3. These 3 papers were submitted to conference proceedings that we
were not able to track. The cross reference checks of the remaining 27 papers
resulted in 6 additional papers. Therefore, a total of 33 papers were included in
this review. Figure 2.2 depicts an overview of the selection process.

2.2.4 Data extraction
For each paper included in the review we extracted the following information:
1) Subject of research; 2) Hierarchical level; 3) OR method(s); 4) Extent of im-
plementation and 5) (Potential) impact on performance. The subject of research
states the type of intervention expected to be taken in practice by the proposed
study. It may refer to the problem(s) verified in practice that may have caused
the need for a research study, for example. The hierarchical (or organizational)
structure was defined in four levels [44]: strategic, tactical, operational offline
and operational online. To evaluate the extent of implementation of the models
proposed in the literature, we further apply a six stage maturity model as seen
in Figure 2.3. The maturity model includes the stages through which OR models
typically undergo from the end of the development phase to the observation of
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practical operations improvement.

2.2.5 Categorization of results
Managerial decisions for planning and control in RT may vary in purpose, scope
or objectives, and may be oriented to the long-term, mid-term or short-term
operation. We grouped our findings in four sections according to the structure
of the decision problems being tackled: 1) Strategic managerial decision making;
2) Resource capacity planning; 3) Patient prioritization; 4) Scheduling.

Strategic managerial decision making refers to finding the best policies that
enhance the long-term operation of an RT center. These decisions are commonly
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linked to the organization’s mission and strategic direction, involving problems
such as capacity dimensioning, or the definition of the healthcare delivery pro-
cess. Strategic decisions usually involve capital investment and are therefore
made by on top-level positions of the center’s administration. Because there is
a high degree of uncertainty at this level, decisions have a long term planning
horizon based on highly aggregated (forecasted) information.

Models for resource capacity planning aim to find the best policies to manage
the available capacity of existing machines and staff. These usually cover made
for a mid-term planning horizon, and involve the combination of forecasted and
known information. Decisions on capacity planning guide and restrict the de-
cisions made at lower levels of the center’s hierarchy. This can be achieved, for
instance, by efficiently assigning the available time slots of machines to certain
patient groups in order to guide the appointment office when booking appoint-
ments for patients, or optimizing the throughput time of a specific process (e.g.
the time slot duration for a CT scan). At this level there is a limited flexibility
for capacity expansion.

Patient prioritization models attempt to maximize the tumor control prob-
ability (TCP) by making decisions on the urgency levels assigned to patients
undergoing treatment; certain patients require shorter access times than oth-
ers. This stratification is related to the characteristics of the tumor and risk of
metastasis. Thus, a proper patient prioritization results in a maximized level of
satisfaction for the overall population of patients in a waiting list, even if some
patients have their waiting time extended in detriment of others.

Scheduling models aim to generate scheduling decisions for patients
throughout the RT chain. The goal is to make an efficient planning of the ma-
chines’ available capacity by organizing patients in such a way that overall ac-
cess and waiting times are minimized, delays are avoided, and utilization rates
of machines are maximized. Contrary to the previous sections, scheduling deci-
sions typically have a short-term planning horizon, aiming to support the exe-
cution of the healthcare delivery process. Although there is a low flexibility on
the supply side, at this level the amount of information available is high. The
end goal is to balance the workload in such a way that it can be covered by the
available capacity. Studies within this section may be oriented towards a specific
operation, or integrate scheduling decisions for a part of the chain of operations,
such as the pre-treatment stage, i.e. from referral to the first fraction.

2.3 Results

2.3.1 Strategic managerial decision making
Table 2.3 shows the 8 papers that fall within the category of strategic manage-
rial decision making. The subject of research varies among the different sci-
entific publications, with throughput optimization problems being studied the
most (50%). Because the majority of the papers address problems at the strategic
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level (7 in 8), computer simulation is the predominant methodology. Potential
improvements were reported, such as the combination of computer simulation
and queuing theory performed by Joustra et al. [52], which has proven to be
capable of increasing the percentage of patients complying with waiting time
targets from 39% to 92%. With a similar subject of research, Werker et al. [110]
presented results that could potentially reduce patients’ waiting times by 20%.
Results of both studies were accepted by the corresponding clients, implemen-
tation was not reported upon.

Table 2.3 Results for strategic managerial decision making.
Reference Subject of research Hierarchical

level
OR
method(s)

Extent of
implementa-
tion

(Potential) Impact on performance

Thomas [97] LINACs’capacity
dimensioning

Strategic CS II 86% patients begin treatment within 10
days for a spare capacity >= 10%

Proctor et al.
[81]

Patient flow analysis Strategic CS III 82% of patients begin treatment within
14 days

Kapamara et
al. [54]

Patient flow analysis Strategic CS II 2% reduction in patients’ waiting times

Werker et al.
[110]

Throughput op-
timization in RT
(pre-treatment stage)

Strategic CS IV 20% reduction in patients’ waiting
times

Joustra et al.
[52]

Throughput optimiza-
tion in RT

Strategic CS + QT IV Percentage of patients treated within
21 days increase from 39% to 92%

Aitkenhead
et al. [1]

Throughput optimiza-
tion in a proton ther-
apy facility

Tactical CS III Deliver over 100 fractions per working
day with 4 delivery rooms

Shtiliyanov
et al. [90]

Evaluation of radio-
therapy centers

Strategic MP + CS III Not mentioned

Price and
Wasil [80]

Throughput optimiza-
tion in a proton ther-
apy facility

Strategic CS II Average increase of 2.1 patients treated
per hour

2.3.2 Resource capacity planning
Five papers tackling resource capacity planning problems were found (see Table
2.4). Results show that queuing theory and mathematical programming tech-
niques may be very useful to find appropriate solutions within a reasonable
time. By efficiently planning of the capacity of treatment machines using these
techniques, Li et al. [61] were able to reduce the number of weekly time slots
needed by 12%. At the tactical level, Bikker et al. [5] developed a mixed-integer
programming model to allocate the doctors’ capacity for consultation and con-
touring tasks, as a function of the workload predicted for a mid-term planning
horizon. The authors showed a potential access times’ reduction of 15% for reg-
ular patients and 16% for subacute patients. These results have been validated
by a University Medical Center, and the model is under consideration for im-
plementation. No other implementation reports were found.
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Table 2.4 Results for resource capacity planning.
Reference Subject of research Hierarchical

level
OR
method(s)

Extent of
implementa-
tion

(Potential) Impact on performance

Ogulata et al.
[69]

Capacity planning of a
cobalt device

Operational
offline

CE + CS III No delays in the start of treatment if
slack capacity >= 4 patients per day

Joustra et al.
[53]

Waiting lists manage-
ment

Tactical QT + CS III Separate queues require 50% less ca-
pacity to achieve targets

Li et al. [62] LINACs’ capacity
planning

Tactical QT + MP I Not mentioned

Li et al. [61] LINACs’ capacity al-
location

Operational
Offline

MP + QT I Reduction of number of required
weekly time slots from 125 to 110

Bikker et al.
[5]

Doctors’ capacity allo-
cation

Tactical MP + CS IV Access times reduction of 15% for reg-
ular patients and 16% for subacute pa-
tients

2.3.3 Patient prioritization
Two papers for patient prioritization were found (see Table 2.5). Ebert et al. [30]
presented a non-linear programming model that applies a utilitarian prioritiza-
tion for patients being treated with curative intent. Their results demonstrated
large gains in TCP for some groups of patients at the expense of small reduc-
tions in TCP for other groups. However, the simulations revealed to be com-
putationally unrealistic for direct application in a clinical setting. To tackle this
drawback, Ebert et al. [31] developed an analytical solution that quickly priori-
tizes patients on a waiting list under the same circumstances as in [30], but using
a Lagrangean Multiplier method [85] that leads to the same solution in a much
faster way. However, this research is still in a very early stage.

Table 2.5 Results for patient prioritization.
Reference Subject of research Hierarchical

level
OR
method(s)

Extent of
implementa-
tion

(Potential) Impact on performance

Ebert et al.
[30]

Patient prioritization Operational
offline

MP I 55% patients with TCP increase

Ebert et al.
[31]

Patient prioritization Operational
offline

MP I Computational time reduction from 1
hour to 1 min

2.3.4 Scheduling
The literature search returned 18 papers addressing scheduling problems (see
Table 2.6). Because both the degree of flexibility and the level of uncertainty are
low, these models fall within the operational level of a center’s hierarchy. Most
authors apply mathematical programming techniques (9 in 18), thus achieving
(near) optimal solutions. However, (meta)heuristic methods appear as a viable
supplement or alternative (8 in 18). Optimizing the overall RT chain using both
constructive heuristics and metaheuristics, Petrovic et al. [72] achieved consider-
able reductions in waiting times for palliative (34%) and radical patients (41%).
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Focusing on the pre-treatment stage, Petrovic et al. [73] explored similarities be-
tween radiotherapy and job-shop scheduling problems commonly encountered
in industrial processes, using genetic algorithms to minimize both the average
waiting times and the average delays in the start of treatment. Results showed
that these indicators were reduced by 35% and 20%, respectively. From the 18
papers found, 12 (67%) propose models for scheduling patients on LINACs.
Sauré et al. [88] formulated the problem as a discounted infinite-horizon Markov
decision process to identify policies that can better allocate the LINACs’ capacity
to reduce waiting times. The percentage of treatments initiated within 10 days,
for a clinical data-set provided the British Columbia Cancer Agency increased,
on average, from 73% to 96%. In contrast, Legrain et al. [59], in collaboration
with the Centré Integré de Cancérologie de Laval (CICL), proposed a two-step
stochastic algorithm for optimal scheduling in an online fashion. Results of
computational experiments undertaken using real data instances provided by
the CICL showed an average decrease in the number of patients breaching the
standards of 50% for acute patients and 81% for subacute patients. As in the pre-
vious sections, none of the papers reported a full implementation of the results,
with 56% of the studies performing computational experiments only, either with
fictitious or real data.

2.4 Discussion

We observed that there is a growing trend towards applying OR methods for im-
proved decision making in RT over the last 15 years: one paper was published
between 2000 and 2005, 13 papers in 2006-2010 and 19 papers in 2011-2015. A
total of 33 papers met the inclusion criteria, covering a wide range of problems
at various organizational levels with promising results. As for strategic man-
agerial decision making a total of 8 papers were found. At this level, machines’
capacity dimensioning and throughput optimization are the most studied prob-
lems with computer simulation as the preferred technique. The 5 papers on
resource capacity planning show that suggestions for potential improvements
mainly refer to increasing the flexibility by, e.g. implementing a dynamic way
of reserving time slots for different patient types, allowing breaks between frac-
tions, or letting treatments start in any weekday. For this type of problems,
finding a good balance between demand and supply is of special importance to
ensure timely treatments.

We found that scheduling problems are the most studied, with 18 out of the
33 papers (55%). Mathematical programming and (meta)heuristics are the pre-
ferred OR methods for patient booking throughout the whole RT chain of opera-
tions. We presume that decision makers prefer to get approximate (not optimal)
solutions in less computational time, as solutions need to be implemented in a
daily/weekly basis. However, the problem structure is usually too complex for
applying mathematical programming techniques, which require a high compu-
tational effort. From the 18 papers focusing on scheduling problems, 12 (36% of
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Table 2.6 Results for scheduling.
Reference Subject of research Hierarchical

level
OR
method(s)

Extent of
implementa-
tion

(Potential) Impact on performance

D. Petrovic
et al. [73]

Pre-treatment
scheduling

Operational
offline

MH III Reduction of average waiting times
and tardiness by 35% and 20%, respec-
tively

Kapamara
and D.
Petrovic [55]

Radiotherapy
scheduling

Operational
offline

CH +
MH

II Average waiting times of 1.6, 19.1 and
19.4 days for emergency, palliative and
radical patients, respectively

S. Petrovic
and Castro
[77]

Pre-treatment
scheduling

Operational
offline

MH II Not mentioned

Castro and
Petrovic [18]

Pre-treatment
scheduling

Operational
offline

MP + CH II 11% of all patients exceed the waiting
time targets, in average

D. Petrovic
et al. [74]

Pre-treatment
scheduling

Operational
offline

MH II Reduction of average waiting times for
radical (35 to 21.48 days) and palliative
(15 to 13.10) patients

D. Petrovic
et al. [72]

Radiotherapy
scheduling

Operational
offline

CH +
MH + CS

III Average waiting times of palliative
and radical patients reduced by 34%
and 41%, respectively

S. Petrovic et
al. [76]

Treatment scheduling Operational
offline

CH II Decrease in the percentage of late pa-
tients of up to 40% for palliative pa-
tients and 4% for radical patients

S. Petro-
vic and
Leite-Rocha
[75, 78]

Treatment scheduling Operational
offline

CE + MH I Average weighted tardiness of 0.935
days

Conforti et
al. [23, 24]

Treatment scheduling Operational
online

MP III Increase of 47% in the number of
booked treatment sessions

Conforti [22] Treatment scheduling Operational
offline

MP I LINACs’ utilization rates of 95%, in av-
erage

Jacquemin
al. [49]

Treatment scheduling Operational
offline

MP I Admission rate of 25.4 patients per
week in a fictitious center with 2
LINACs

Burke et al.
[15]

Treatment scheduling Operational
offline

MP V 27% of patients breaching the norms

Jacquemin et
al. [50]

Treatment scheduling Operational
offline

MP I 4% increase on the percentage of pa-
tients treated

Sauré et al.
[88]

Treatment scheduling Operational
offline

MDP +
MP

III Increase the average percentage of new
patients treated within 10 days, from
73% to 96%

Cares et al.
[17]

Treatment scheduling Operational
offline

MH I Not mentioned

Legrain et al.
[59]

Treatment scheduling Operational
offline

MP IV Decrease on the average number of pa-
tients breaching the standards by 50%
for acute patients and 82% for subacute
patients
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the total papers) address the problem of scheduling patients on treatment ma-
chines. An elegant example of finding a proper balance between the processes’
workload and smooth patient flows is a model that focuses on the scheduling of
patients throughout the entire RT chain. To demonstrate that, Petrovic et al. [72]
achieved impressive reductions in waiting times for palliative (34%) and radi-
cal (41%) patients using heuristic algorithms and computer simulation together.
We found only two papers integrating scheduling decisions for the overall RT
chain. The enormous complexity of the optimization models bringing all these
scheduling decisions together might explain the low rate of development of sci-
entific studies within this context.

Table 2.7 summarizes the extent of implementation of the papers included
in the literature review. No paper reported a full implementation and perfor-
mance evaluation of recommendations or software tools, with only one paper
referring to a practical implementation being undertaken at the time of publica-
tion. Moreover, only four studies had their results validated by the client. Earlier
research also reported low levels of actual implementation [100] but publication
bias can also play a role. Although we recognize that the extent of implementa-
tion of the (scientific) interventions reviewed in this paper may be higher than
those reported in the articles, it is also clear that there are many reasons that
hamper the translation of theoretical models into practice. First, there are still
major issues in getting OR models accepted by clinicians, even when (potential)
benefits of innovations are evident [11]. Another factor concerns the develop-
ment of software tools to be used in the clinic. We found promising models re-
sulting from “in silico” or desk research and/or modelling whereas the transla-
tion of the models into a reliable, user-friendly, and bug-free software tool is not
straightforward as this part usually falls outside the OR experts’ background.
A joint teamwork between software developers and operations researchers is
needed to overcome this issue. Data availability may be another reason for the
low implementation rates; 9 papers were tested using fictitious data rather than
real data. Thus, both the verification and validation of the results become an
issue that hampers the acceptance of the model by managers. Further clinicians
and OR researchers have different publishing routes and priorities; the former
aim at improving effectiveness and efficiency directly in practice, whereas pub-
lishing new theoretical findings or innovative algorithms is often sufficient for
the latter. A last very practical reason for limited findings of implementation
may be that generating evidence on operations improvement is not common
practice in healthcare and many incremental improvements are implemented in
rapid improvement cycles or by trial and error.

Although not within the focus of our study, we verified the topic of facil-
ity planning on macro level in an additional search. Decisions on long term
capacity need and size of RT centers can be of great influence on cost effective
allocation of funds. We could only find one study by Shukla et.al. [91], as re-
ferred to in the background section, so it is clear that further research on the
application of OR methods in RT macro-planning is very relevant.
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Table 2.7 Results for the extent of implementation.
Extent of implementation Number of papers
I - Computational experiments with fictitious data 9
II - Computational experiments with real data 8
III - Computational experiments show benefits to client 9
IV - Results of computational experiments validated by client 4
V - Intervention implemented in practice 1
VI - Performance evaluation after intervention 0

2.4.1 Research limitations
We may have missed relevant papers, possibly due to the fact that it concerns
an interdisciplinary field. The fact that we found six papers by snowballing
demonstrates this.

Although we recognize that more papers within the defined scope might be
publicly available, we decided to exclude non-peer reviewed articles in this re-
view. Firstly because a search strategy for these papers may be hard to design,
and secondly because these may lack scientific rigor. Yet, we made no distinc-
tion between papers based on other factors such as the journal’s impact factor
or the quality of the design and data management in the paper.

Implementation stages were scored according to the reported stages in the
papers, and no follow-up investigation has been done in this review. This is
a laborious exercise and has shown to reveal limited response [100]. It is thus
not possible to report on the most actual extent of implementation, but we have
no indications that implementation in practice is very different from what we
found.

Further, there is no deterministic way to define exactly what constitutes an
OR methodology, or what the main results of a complex and detailed research
work are. Therefore, the data extraction process may have a bias towards the
authors’ perspectives.

Still, we believe that this review provides a good overview of the application
of scientific knowledge from OR, applied mathematics and systems engineering
to operations improvement in RT.

2.4.2 Future research
Although the range of OR applications in RT is broad and promising results
have been reported and some achieved, there is room for future improvement in
many directions. Due to new scientific findings related to cancer treatment and
technological progress, treatments are getting more specialized and the number
of possible care pathways is constantly increasing. This issue creates the need
for research in clustering care plans based on the similarities encountered on the
corresponding care pathways. Moreover, new devices for improved imaging
(such as positron emission tomography–computed tomography) or enhanced
radiation delivering (such as the magnetic resonance-LINAC) have been devel-
oped. These machines have their own features and limitations, raising the need
for new capacity allocation models, as well as the adaption of current models
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to these new devices. Besides, optimization models should be tested for several
real-world data instances in order to strengthen the evidence found by the scien-
tific approaches and ensure the generalization of the models to many different
RT centers.

This research produced only one paper proposing a model for scheduling
patients in an operational online manner. An investigation area could be the de-
velopment of innovative models to book patients’ sessions on-site immediately
after referral or during consultation. These approaches usually involve the use
of stochastic programming methods to find good solutions in the presence of
the patient, integrating his/her preferences [36].

Another line for further research is the development of more thorough ma-
turity models to assess the extent of implementation, and identify the main
causes of the low implementation rates of OR studies in the healthcare field.
Due to the assumptions and simplifications of reality usually done in scientific
approaches, it would be interesting to see how the implemented solutions per-
form in comparison with the theoretical findings. The real extent of implemen-
tation could be surveyed by approaching the original authors; earlier experience
showed however that this requires creativity and perseverance as organizations
and staff positions change frequently, and research is published years after the
actual projects took place.

2.5 Conclusions

We show that the literature on OR applications in RT covers a wide range of
problems, and considerable benefits can be achieved in terms of both waiting
times and resource utilization. But there are still major lines for further research,
such as the improved coordination of imaging tests, or the development of on-
line models that enable on-site scheduling of patients immediately upon arrival.
With respect to the daily flow of patients, results indicate that scientists and
managers tend to believe that bottlenecks are most likely to occur on treatment
machines. However, research studies have shown that large gains in waiting
times reduction can be achieved if the pre-treatment stage is optimized jointly.

Despite the potential benefits of applying OR methods in RT, implementa-
tion rates are still low. We provide suggestions for further development of meth-
ods as well as for research priorities.
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CHAPTER 3

A mathematical programming model for
optimizing the staff allocation in

radiotherapy under uncertain demand

3.1 Introduction

Radiation therapy (RT) is a treatment method for cancer care that involves ion-
izing radiation to kill cancerous cells. External-beam RT uses a machine called
“linear accelerator” (linac) to deliver high-energy radiation beams onto the tar-
get area in a series of (usually daily) treatment sessions. As a result of the grow-
ing number of cancer patients, demand for RT has been increasing over the years
[94], and the global use of radiotherapy in cancer care is estimated to be around
50% [28].

In RT, delays in the start of treatment increase the risk of local recurrence and
tumor progression [20], and patients experience greater psychological distress
and prolonged symptoms when subject to longer waiting times [63]. For these
reasons, standards for maximum waiting times 1 have been set by the Dutch So-
ciety for Radiotherapy and Oncology (NVRO) [68]. Besides, resources are highly
expensive and RT centers are encouraged to contain their overhead costs by lim-
iting the acquisition of extra capacity. As a result, RT centers aim to organize
their resources in the most efficient manner, by promoting policies that smooth
patient flow and provide quality of labor while maintaining waiting times low.
However, the relation between demand and supply is not straightforward. The
RT process is subject to a considerable number of uncertainties, such as the in-
flow of patients and care pathways, and the time spent on treatment planning
activities. On the supply side, staff members, and in particular radiation therapy
technologists (RTTs), are multi-skilled highly specialized technicians who com-
bine clinical duties with research and administrative activities. The variety of
competences, together with their rotation needs, partial availability and unfore-
seen no-shows make the planning of RTTs a complex task, potentially leading
to situations of overstaffing, understaffing, and jeopardizing the fulfillment of
the waiting time standards. In fact, unavailability of staff is found to be one

1time between referral and first irradiation session.
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of the main causes for patient dissatisfaction regarding pain management in RT
[79]. All these factors bring the need for the development of advanced analytical
approaches to support recurrent decision making of staff planning in RT.

Operations research (OR) methods have been proposed to optimize resource
planning and control in RT, as shown by Vieira et al. [107]. In their review, it is
shown that although most of the published studies focus on the scheduling of
treatment sessions (such as [22], [88], and [59]), greater benefits in terms of wait-
ing time reduction and resource utilization can be achieved if the pre-treatment
stage is optimized jointly. Nevertheless, the problem of planning RTTs through-
out the RT chain of operations has not been addressed so far.

In this paper, we focus on the tactical planning of RTTs throughout the
pre-treatment process of the RT treatment chain considering stochastic patient
arrivals. We propose a stochastic mixed-integer linear programming (MILP)
model that is able to integrate actual and future demand and maximizes the
number of patients finishing the radiotherapy pre-treatment stage within the
maximum waiting time target. Our method allows RT centers to optimally allo-
cate RTTs on a mid-term planning horizon, and get insights in the staffing levels
that should be allocated to each of these operations, while satisfying the capacity
constraints and avoiding the need for RTTs to work overtime.

3.2 Problem statement and background

3.2.1 Radiotherapy process
The RT treatment chain can be divided into two stages: the pre-treatment and
the treatment stage. In the former, the patient is scanned, the specific area to
be treated is localized and a treatment plan is generated. As for the latter, ion-
izing radiation is delivered in a pre-defined number of fractions. The delivery
of the first fraction determines the start of treatment. The care pathway of a
given patient throughout the pre-treatment stage is characterized by a sequence
of operations that depends on the characteristics of the tumor (e.g. tumor site,
level of advancement, etc.) and urgency level of the patient. Generally, there are
three urgency levels: acute (emergency), subacute (urgent), and regular (rou-
tine) patients, which determine the recommended maximum waiting time be-
tween referral and first fraction. Table 3.1 shows the maximum waiting times in
the Netherlands, as recommended by the NVRO.

Table 3.1 Waiting time targets defined by the NVRO, in calendar days.

Category Target standards Maximum waiting time
Acute - 1 day
Subacute 80 % of patients treated within 7 days 10 days
Regular 80 % of patients treated within 21 days 28 days

Figure 3.1 depicts a typical deployment flowchart of the main operations
involved in external-beam RT. At referral, patients are scheduled for a consulta-
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tion with a doctor (radiation oncologist). During the first consultation, the doc-
tor fills a medical form (hereby denoted as “PlanRT”) which includes, amongst
others, the urgency level and the care content of the patient. For acute and
subacute patients, the first fraction of the patient is determined directly after
consultation and all the pre-treatment operations have to be done before the
scheduled day. For the imaging of the tumor, a patient may be prescribed one
or more examination scans, such as computer tomography (CT), magnetic reso-
nance imaging (MRI), or positron emission tomography-computer tomography
(PET-CT). Depending on the care plan, other appointments (e.g. moulding, den-
tist, dietitian ...) may be needed before the scanning process. In case of multiple
imaging scans, an image post-processing (IPP) is needed to match and process
the images. Thereafter, the target area is delineated (contoured) by the doctor
and subsequently a treatment plan is generated in a digital planning system.
Depending on the tumor site and urgency level of the patient, a beam set-up
(BSU) may be done instead or in addition to treatment planning (TP). In BSU
a skilled RTT defines the angles and determines the intensities of the irradia-
tion beams. BSU can be seen as a straightforward TP step in which simpler
techniques such as the two-field technique called “anterior-posterior-posterior-
anterior” (AP/PA) are applied. The more elaborate planning techniques such
as VMAT and IMRT are applied in TP. Thus, RTTs who can perform TP can also
perform BSU, but not all RTTs who are able to undertake BSU can perform TP.
Once the final plan is completed, the medical physics unit checks the treatment
plan, which is then uploaded to the linac before the treatment can start. After a
specified number of irradiation sessions, the treatment finishes and a follow-up
period takes place.
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Figure 3.1 Deployment flowchart of the RT process.

3.2.2 The RTT planning problem
RTTs are health professionals who prepare, plan and administer RT treatments,
thereby playing a key role throughout the RT chain of operations (see Figure
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3.1) and are responsible for the imaging stage, by operating the scanners and
performing post-processing of multiple imaging scans. As for the planning
part, they are responsible for the execution of BSU and treatment planning, and
provide support to the patient while operating the linacs during the irradia-
tion fractions. From a managerial viewpoint, making a schedule for RTTs is
not straightforward as several operational restrictions need to be satisfied. For
instance, some RTTs with multiple skills have certain rotation requirements to
ensure that they remain capable of performing these activities. Also, there is
a minimum number of RTTs needed to operate machines (scanners and linacs)
to ensure that minimum standards are kept. Moreover, some RTTs combine
clinical duties with research projects, patient preparation sessions and other ad-
ministrative tasks and are only partially available to the clinic.

In practice, RT managers produce a mid-term master schedule with a plan-
ning horizon varying between one and six months, in which, apart from having
enough RTTs to cover the workload in each operation, all the resource-related
constraints are met. However, this is usually done manually, and estimations
regarding current and future workload are not fully taken into account. This
may lead to suboptimal solutions (overstaffing and understaffing), particularly
when fluctuations in workload occur, especially for treatment planning opera-
tions. The RT managers often perform last-minute adjustments to the schedule.
This may increase the stress and dissatisfaction levels of RTTs and jeopardizes
the fulfillment of the waiting time targets. With the growing demand for RT and
the resulting increase in the number of RTTs employed, the problem is becoming
increasingly relevant to the RT community. Thus, the development of advanced
analytical models producing efficient and stable solutions is needed to support
the planning of RTTs.

In this paper we propose a stochastic MILP model that aims to optimize the
number of patients fulfilling the waiting time standards by allocating RTTs, at
the tactical level, to cope with the workload generated from several scenarios of
patient arrivals. We start with an overview of the related research studies found
in the literature and highlight the contributions of our study. In Section 3.3 we
present our innovative solution methodology designed to solve the RTT plan-
ning problem. Section 3.4 presents the computational experiments designed to
test our methodology using real data. In Section 3.5 we present the results ob-
tained from the case study and elaborate a discussion of the results, and in Sec-
tion 3.6 we draw the conclusions of this study and elaborate on future research
lines.

3.2.3 Related literature
The problem of assigning RTTs to multiple operations in RT has not been stud-
ied in the literature. However, other problems such as resource allocation and
scheduling of the (pre-)treatment activities of the RT process have been ad-
dressed by the OR community [107]. Bikker et al. [5] proposed a MILP model to
optimize the doctors’ agenda regarding consultation and contouring operations,
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and evaluated the output solutions in a stochastic environment using discrete-
event simulation (DES). Although presenting promising results, which include a
potential waiting time reduction of 15%, the stochasticity inherent to patient ar-
rivals is not taken into account in the model, which reduces the robustness of the
final solutions. Mathematical programming and heuristics have been used by
Castro and Petrovic [18] to solve the pre-treatment scheduling problem. Their
method is able to minimize the number of patients exceeding the waiting time
targets while minimizing the lateness of these patients under resource (doctors
and machines) capacity constraints. However, the model is deterministic as the
patients are assumed to be known in advance. Legrain et al. [60] combined a ge-
netic algorithm with constraint programming to schedule patients for dosimetry
(i.e. treatment planning) and linacs, respectively. They generate several scenar-
ios of patient arrivals to estimate future workload and minimize the expected
number of patients being delayed for the first fraction. Despite their positive
results, many key operations in the pre-treatment part are not modeled and
RTT allocation is not optimized simultaneously. Petrovic et al. [74] propose a
multi-objective genetic algorithm approach for daily scheduling of categorized
patients. Innovative coding and decoding procedures and appropriate opera-
tors are proposed, however additional metrics and performance evaluations are
needed to prove the effectiveness of the proposed method. At the strategic level,
Werker et al. [110] used DES to mimic the workflow throughout the entire pre-
treatment process of the RT department of the British Columbia Cancer Agency
(BCCA), and provided sensitivity analysis to identify potential improvements.
They found that reducing the variability and the length of the oncologist-related
delays reduces the average access time by 25%. Joustra et al. [52] hybridized
computer simulation and queuing theory to reduce the fluctuations in the out-
patient department capacity and increased the number of patients complying
with the waiting time targets from 39% to 92%.

Resource allocation and staff rostering problems with a comparable struc-
ture have been addressed in other healthcare settings [83]. Hulshof et al. [42]
proposed a MILP model for allocating hospital resources which copes with mul-
tiple patient groups with various uncertain treatment paths. Their results lead
to more balanced distribution of resources without jeopardizing patient access
times and the number of patients served. Nevertheless, their model is designed
to optimize the allocation of resources healthcare settings in which waiting lists
arise between care processes. Jerié and Figueira [51] proposed a method for
scheduling medical treatments with allocation of physicians’ capacity. The prob-
lem is formulated as a multi-objective MILP model, and three types of meta-
heuristics are proposed to solve it: a variable neighborhood search method,
scatter search-based method and a non-dominated sorting genetic algorithm.
However, their approach is deterministic as the number of treatments and cor-
responding procedures are assumed to be known in advance. Monte Carlo sim-
ulation was used by van Lent et al. [101] to reduce the access time between con-
sultation and CT in a radiology department by changing the allocation of CT
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capacity to different patient groups. By simulating a series of interventions, at
the strategic level, they were able to increase the number of patients completing
the diagnostic track by 52%.

We conclude that models specifically designed to solve the RTT planning
do not exist in the literature, despite the complexity and practical relevance of
the problem. Existing decision support models for resource allocation in RT
mainly optimize the doctors’ agenda, and appear to be deterministic. On the
other hand, scheduling models show potential improvements in patient wait-
ing times but do not optimize staffing decisions simultaneously. To fill in this
gap, we develop a mixed integer linear program to solve the problem of allo-
cating RTTs to multiple operations in RT that achieves a (near) optimal solution
in acceptable computation time. We integrate the stochasticity inherent to the
patient inflow in cancer care by optimizing the allocation decisions over a set of
scenarios of patient arrivals, and test the effectiveness of our method by apply-
ing it to a real-world comprehensive cancer center.

3.3 A mathematical programming model for the RTT
allocation problem

We propose a stochastic MILP model that takes into account the patients that
are already undergoing the RT pre-treatment process (actual patients), and sce-
narios of future patient arrivals and corresponding care content. We assume
that each patient is aimed to start treatment within the maximum waiting time,
which is in accordance with the waiting time standards for his/her urgency
level (Table 3.1). The solutions found by our method comply with the practical
constraints verified in the pre-treatment process, both for patient throughput
and resource (RTTs) planning, and are able to accommodate the fluctuations in-
herent to the inflow of patients and care content. The goal is to maximize the
(expected) number of patients finishing the pre-treatment stage within a pre-
defined waiting time target. RTT allocation decisions are optimized to cover
the expected demand in the imaging and planning processes, while the num-
ber of RTTs needed to operate linacs is given as input. Thus, we model the
scheduling of patients to six different operations: CT, MRI, PET-CT, IPP, BSU,
and TP. Operations are divided in “continuous” and “non-continuous” opera-
tions. Continuous operations are the ones in which the patient is present, and
therefore cannot be interrupted and resumed at a later period (CT, MRI and
PET-CT). Non-continuous operations can be interrupted and completed in later
time periods (IPP, BSU, and TP). In addition, we include the occurrence of a
randomly-generated delay between the last imaging operation and the plan-
ning process, different per patient group, to account for the time needed by the
doctors of the corresponding specialty to perform and discuss the delineation.
Similarly, a safety time margin to account for the time that might be needed for
other appointments before the imaging process is included. The planning hori-
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zon is discretized in time periods of one day length. In this section, we present
the assumptions, formal description, and the mathematical formulation of the
problem.

3.3.1 Assumptions
In our model, we make the following assumptions regarding the RT delivery
process:

1. Patients joining the system have already had a consultation with the doc-
tor and are assigned a maximum waiting time target, a patient group (tu-
mor site) and the operations included in his/her care pathway.

2. Each patient is assigned a date from which they can start the imaging pro-
cess. A delay may be needed for other appointments (e.g. dentist, blood
analysis, etc.).

3. Each patient has a preparation target time, which is known at the moment
of the PlanRT. This corresponds to the date by which the patient is aimed
to have finished the RT preparation stage for a timely start of the RT treat-
ment.

4. A care pathway includes at least one imaging operation (CT, MRI, PET-
CT), and at least one planning operation (BSU, TP).

5. Operations are delivered in sequence, in the order presented in Figure 2.1.

6. Continuous operations are processed by one machine (number of RTTs per
machine is known) and non-continuous operations are processed by one
RTT.

7. Processing times of operations vary per patient group.

8. Imaging machines (CTs/MRIs/PET-CTs) are always functional (no break-
downs).

9. Imaging rooms of the same type are interchangeable, i.e. there are no tech-
nical differences between the same type of machines.

10. The number of RTTs needed to operate linacs is known in advance.

3.3.2 Notation
The sets, subsets and indices used in the MILP model can be found in Tables 3.2
and 3.3. The list of input parameters is presented in Table 3.4.
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Table 3.2 Sets and indices of the MILP model.

Set Description
P set of all (current and future) patients (p ∈ P)
O set of operations (i ∈ O)
R set of RTTs (r ∈ R)
M set of machines (m ∈ M)
T set of time periods (workdays) (t ∈ T )
G set of patient groups (g ∈ G)
Ω set of scenarios (ω ∈ Ω)

Table 3.3 Subsets of the MILP model.

Subset Description
PA set of actual patients
Pω set of future patients in scenario ω
P g set of patients of patient group g
Op set of operations to be performed for patient p
OC set of continuous operations (OC ⊂ O)
ON set of non-continuous operations (ON ⊂ O)
Oi set of operations preceding operation i
Mi set of machines available for performing operation i

3.3.3 Decision variables
Decisions regarding the allocation of RTTs are modeled by variables Xrit and
Lrt. We define Xrit to be 1 if RTT r is allocated to work in operation i in time
period t and 0 otherwise, and Lrt to be 1 if RTT r works on linacs in time period
t and 0 otherwise. To model patient scheduling decisions, we use a combination

Table 3.4 Input parameters of the MILP model.
Parameter Description
Integer
bp time period from which patient p is ready to start the RT process, ∀p ∈ P
lt length, in minutes, of each time period t, ∀t ∈ T
dp target date for finishing the RT pre-treatment process of patient p, ∀p ∈ P
ki number of RTTs needed to operate one machine of continuous operation i, ∀i ∈ OC

ft number of RTTs needed to operate linear accelerators in time period t, ∀t ∈ T
trari minimum number of time periods that RTT r has to work on operation i, ∀r ∈ R, ∀i ∈ O
linr minimum number of time periods that RTT r has to work on linear accelerators, ∀r ∈ R
cp waiting time, in time periods, between imaging and planning for contouring of patient p, ∀p ∈ P
pgi processing time, in minutes, of operation i of patient group g, ∀g ∈ G, ∀i ∈ O
hi minimum amount of time, in minutes, spent in a non-continuous operation i per period ∀i ∈ ON

dlp delay, in time periods, between planning and the first fraction of patient p, ∀p ∈ P
Binary
ravrt 1 if RTT r is available during time period t, 0 otherwise, ∀r ∈ R, ∀t ∈ T
capri 1 if RTT r is capable of performing operation i, 0 otherwise, ∀r ∈ R, ∀i ∈ O
qr 1 if RTT r is capable of operating linear accelerators, 0 otherwise, ∀r ∈ R
Continuous
mavimt time, in minutes, that machine m of operation i works during period t, ∀i ∈ Oc, ∀m ∈ Mi, ∀t ∈ T
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of binary variables and continuous variables. We let Ypit be 1 if operation i of
patient p is performed during time period t, and 0 otherwise, and define the
continuous variables Tpit as the time, in minutes, spent on operation i of patient
p during period t. In addition, we introduce the auxiliary variables Wpt to model
the completion of the pre-treatment stage for each patient. Binary variables Wpt
take the value 1 if patient p has finished the RT pre-treatment stage before or
during t, 0 otherwise. A formal description of the decision variables used in our
model can be found in Table 3.5.

Table 3.5 Decision variables of the MILP model.
Variable Description
Binary
Xrit 1 if RRT r is allocated to work in operation i in time period t, 0 otherwise, ∀r ∈ R, i ∈ O, ∀t ∈ T
Lrt 1 if RTT r is allocated to work on linacs in time period t, 0 otherwise, ∀r ∈ R, ∀t ∈ T
Ypit 1 if operation i of patient p is performed in time period t, 0 otherwise, ∀p ∈ P , ∀i ∈ O, ∀t ∈ T
Wpt 1 if patient p has completed pre-treatment before or during t, 0 otherwise, ∀p ∈ P , ∀t ∈ T
Continuous
Tpit time, in minutes, spent on operation i of patient p during period t, ∀p ∈ P , ∀i ∈ O, ∀t ∈ T

3.3.4 Constraints

Constraints for patient scheduling

The scheduling component assigns the demand that is expected at each time
period to operations of the RT process. The problem structure has similarities
with the hybrid flow-shop scheduling problem [87]. All constraints have to be
met for all patients already in the system and for future patients included in
each scenario ω ∈ Ω. Constraints (3.1) ensure that patient operations can only
be scheduled once the patient is ready for RT. Constraints (3.2) ensure that each
continuous operation is performed in at most one time period. Precedence rela-
tions for continuous operations and non-continuous operations are modeled by
Constraints (3.3) and (3.4), respectively. Inequalities (3.5) ensure that the time
needed for processing operations for a given patient during the same time pe-
riod do not exceed the period’s length lt. Precedence relations for operations
performed within the same time period are not guaranteed by the model, but re-
main feasible due to Constraints (3.5). Constraints (3.6) force a delay cp between
the imaging planning processes for contouring of the tumor by the doctor(s).
Finally, Constraints (3.7) and (3.8) bound the values of the continuous variables
Tpit.
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Ypit = 0, ∀p ∈ P , ∀i ∈ Op, ∀t = 1..bp − 1 (3.1)

∑
t∈T

Ypit ≤ 1, ∀p ∈ P , ∀i ∈ {Op ∩OC} (3.2)

t

∑
n=1

Ypi′n ≥ Ypit,

∀p ∈ P , ∀i ∈ Op, ∀i′ ∈ {Oi ∩Op ∩OC}, ∀t ∈ T (3.3)
t

∑
n=1

Tpi′n ≥ Ypit.pgi′ ,

∀g ∈ G, ∀p ∈ P g, ∀i ∈ Op, ∀i′ ∈ {Oi ∩Op ∩ON}, ∀t ∈ T (3.4)

∑
i∈{Op∩ON}

Tpit + ∑
i∈{Op∩OC}

Ypit.pgi ≤ lt, ∀g ∈ G, ∀p ∈ P g, ∀t ∈ T (3.5)

(1 − Ypi′t).|T | ≥
min{|T |,t+cp}

∑
n=t

Ypin, ∀p ∈ P , ∀t ∈ T ,

i′ = max{a ∈ Op ∩ {1..4}}, i = min{b ∈ Op ∩ {5..6}} (3.6)

0 ≤ ∑
t∈T

Tpit ≤ pgi, ∀g ∈ G, ∀p ∈ P g, ∀i ∈ {Op ∩ON} (3.7)

Ypit.hi ≤ Tpit ≤ Ypit.lt, ∀p ∈ P , ∀i ∈ {Op ∩ON}, ∀t ∈ T (3.8)

Constraints for RTT allocation

We aim to satisfy the restrictions encountered by RT managers when produc-
ing RTT master mid-term schedules. Constraints (3.9) assign each RTT to at
most one operation, if he/she is available in the corresponding time period.
Inequalities (3.10) and (3.11) ensure that an RTT is not assigned to an opera-
tion that he/she cannot perform. Relations (3.12) match demand and supply
restrictions for non-continuous operations in terms of RTT availability, and Con-
straints (3.13) serve the same purpose but for continuous operations as a func-
tion of machines’ availability. Constraints (3.12) and (3.13) ensure that there is
enough supply to cover the estimated workload, per operation and time period,
in all scenarios. Restrictions (3.14) and (3.15) assign the necessary number of
RTTs to operate imaging machines and linacs, respectively.
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∑
i∈O

Xrit + Lrt ≤ ravrt, ∀r ∈ R, ∀t ∈ T (3.9)

Xrit ≤ capri, ∀r ∈ R, ∀i ∈ O, ∀t ∈ T (3.10)
Lrt ≤ qr, ∀r ∈ R, ∀t ∈ T (3.11)

∑
p∈{PA∪Pω}

Tpit ≤ ∑
r∈R

Xrit.lt, ∀i ∈ ON , ∀t ∈ T , ∀ω ∈ Ω (3.12)

∑
g∈G

( ∑
p∈{P g∩(PA∪Pω)}

Ypit.pgi) ≤ ∑
m∈Mi

mavimt,

∀i ∈ OC, ∀t ∈ T , ∀ω ∈ Ω (3.13)

∑
r∈R

Xrit = ∑
m∈Mi

ki. min{mavimt, 1}, ∀i ∈ OC, ∀t ∈ T (3.14)

∑
r∈R

Lrt = ft, ∀t ∈ T (3.15)

Constrains (3.16) set the values of the variables Wpt to be 0 if a patient p
has not completed the planning process (BSU or TP) before or during period t,
and constraints (3.17) ensure that variables Wpt are equal to 1 if a patient p has
completed the planning process (BSU or TP) before or during period t.

pgi −
t

∑
n=1

Tpin ≤ (1 − Wpt).pgi,

∀g ∈ G, ∀p ∈ P g, i = max{i′ : i′ ∈ Op}, ∀t ∈ T (3.16)
t

∑
n=1

Tpin − pgi ≤ Wpt − 1,

∀g ∈ G, ∀p ∈ P g, i = max{i′ : i′ ∈ Op}, ∀t ∈ T (3.17)

3.3.5 Objective function
The objective function (3.18) aims to maximize the number of actual patients
(PA) and the expected number of future patients (Pω) amongst scenarios ω ∈ Ω
finishing the pre-treatment stage within the waiting time target dp.

max ∑
p∈PA

Wp,dp +
1
|Ω| ∑

ω∈Ω
∑

p∈Pω
Wp,dp (3.18)

3.3.6 Model extension - RTT rotation needs
RTTs who are capable of performing multiple activities have certain rotation re-
quirements to ensure that they keep having enough practical experience to keep
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performing them. However, rotation requirements can in practice be relaxed or
satisfied in a long (strategic) planning horizon. Nevertheless, the integration of
constraints ensuring enough rotation between operations for RTTs might be rel-
evant for RT managers producing their schedules. Thus, we introduce as model
extensions the constraints (3.19) and (3.20), which model the rotation needs for
pre-treatment operations and linacs, respectively.

∑
t∈T

Xrit ≥ trari, ∀r ∈ R, ∀i ∈ O (3.19)

∑
t∈T

Lrt ≥ linr, ∀r ∈ R (3.20)

3.4 NKI case study

3.4.1 Experiment data
We tested our model using data from the radiotherapy department of the
Netherlands Cancer Institute (NKI), a comprehensive cancer center located in
Amsterdam, the Netherlands. Since our contribution is at the tactical level, i.e.
the model is to be run in the beginning of a mid-term planning horizon, we ran
our experiments for the month of November 2016. We chose this month since
it was the most recent one without public holidays. Thus, the whole data-set
used in our experiments is from November 2016. The scenarios for future pa-
tient arrivals and care content were generated based on historical data measured
in practice during the year 2016. In addition to the 22 workdays of November
2016, we included a cool-down period of 12 workdays to ensure that operations
of patients whose maximum waiting time target date falls after November were
also performed. Thus, the length of the planning horizon is 34 time periods of
one day. The clinic is open on workdays from 08h30 to 17h30, with a 1-hour
break time. Thus, each time period has a length of 8 hours, i.e. 480 minutes.
At the beginning of the planning horizon there are 132 patients who did not
complete the pre-treatment process. The care plan, urgency level, specific care
pathway and the date of the first fraction of those 132 patients are given as input.
Patients are categorized in 53 different patient groups, which are related to the
tumor type. The precedence relations between the six modeled operations are
as follows: CT, MRI and PET-CT have no precedence relation, and are precedent
to IPP, BSU, and TP. IPP is precedent to both BSU and TP.

The studied department has 2 CT scanners, 1 MRI scanner, and 1 PET-CT
scanner. The PET-CT is shared with the radiology department. The total time,
in minutes, that each machine is available per weekday for the department is
shown in Table 3.6. Each working CT requires at least 2 RTTs, while the MRI and
the PET-CT require one RTT each from the RT department to operate. There are
9 linacs functioning on a daily basis, with 4 RTTs each. Continuous operations
(CT, MRI and PET-CT) have a time slot length that is independent of the patient
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group, as follows: 25 minutes for a CT, 45 minutes for an MRI, and 45 minutes
for a PET-CT. According to the managers, an IPP operation is also expected to
take around 45 minutes, independent of the patient group. Standard processing
times for BSU and TP vary considerably per patient group, ranging from 60
(e.g. bone metastasis) to 120 (e.g. breast) minutes for a BSU, and from 150 (e.g.
prostate) to 960 (e.g. head-and-neck) minutes for creating a treatment plan. If an
RTT works in a non-continuous operation on a given day, then he/she should
do it for at least 15 minutes, i.e. hi = 15.

Table 3.6 Daily availability, in minutes, of the imaging machines of the RT department
at the NKI.

Weekday CT1 CT2 MRI PET-CT
Monday 480 0 180 135
Tuesday 480 240 300 0
Wednesday 480 240 420 0
Thursday 480 240 420 180
Friday 480 240 300 135

The department has a total of 109 full-time and part-time RTTs, correspond-
ing to 75 in full-time equivalence (FTE). The availability of each RTT in each
time period is subject to a no-show probability of 4%, according to historical
data. From the whole group of 109 RTTs, the break down of RTTs’ capabilities
per operation is as follows: 22 are trained for CT, 8 for MRI, 5 for PET-CT, 7 for
IPP, 27 for BSU, 24 for TP, and 92 for linacs. Table 3.7 shows the skills for a subset
of the RTTs of the NKI.

Table 3.7 RTT skils in the RT department of the NKI for a subset of RTTs.

CT MRI PET-CT IPP BSU TP linacs
RTT 1 x x x
RTT 2 x x
RTT 3 x x x x
... ... ... ... ... ... ... ...
RTT109 x

3.4.2 Scenario generation
Scenarios of patient arrivals (PlanRTs) and corresponding care content during
the whole planning horizon are generated according to probability distributions
and corresponding parameters calculated using historical data gathered from
MOSAIQ [33], a patient information management system for radiation oncol-
ogy.

We used data from the year 2016 to estimate probability distributions and
parameters to generate patient data for future time periods. We studied the
historical records of PlanRTs filled in by the doctors after consultation over the
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year, excluding weekends and public holidays, in a total of 5531 records. Since
doctors have their own agenda and work routines, we started by performing an
analysis of variance (ANOVA) with post-hoc Bonferroni test to study whether
there were statistically significant differences on the number of new patients
between workdays. Results (see Table 3.8) showed that Tuesday, Wednesday
and Thursday are not significantly different from each other. However, Mon-
day has significantly fewer new patients compared to Tuesday and Wednesday,
and Friday has significantly fewer patients compared to Tuesday, Wednesday
and Thursday. Monday and Friday are comparable. Due to the identified dif-
ferences, we analyzed patient arrivals per weekday independently.

Table 3.8 ANOVA of the patient arrivals in the NKI during the year 2016.

(I) Weekday (J) Weekday Mean
Diff. (I-J)a Sig. 95% Conf. Interval

Lower B. Upper B.
Monday Tuesday -5.4* 0.0 -8.7 -2.1

Wednesday -4.4* 0.0 -7.7 -1.0
Thursday -31.0 0.1 -6.4 0.2
Friday 12.3 1.0 -2.1 4.5

Tuesday Wednesday 10.4 1.0 -2.2 4.3
Thursday 23.0 0.5 -1.0 5.6
Friday 6.6* 0.0 3.4 9.9

Wednesday Thursday 12.6 1.0 -2.0 4.5
Friday 5.6* 0.0 2.3 8.9

Thursday Friday 4.3* 0.0 1.1 7.6

aThe mean difference is statistically significant below the 0.05 level (*).

A statistical analysis using a Kolmogorov-Smirnov test with a cut-off value
of 0.05 showed that patient arrivals can be represented by a Poisson distribu-
tion on each workday. Table 3.9 shows the mean, standard deviation and corre-
sponding p-values of the test. As can be seen, Monday and Friday have consid-
erably fewer incoming patients in comparison to the other three weekdays. All
p-values are above 0.05, which indicates that the hypothesis of the patterns of
patient arrivals following a Poisson distribution cannot be rejected. Therefore,
we use a Poisson distribution to generate a random number of new patients, per
time period, with a mean equal to the corresponding weekday.

Table 3.9 Statistical analysis of the patient arrivals of the NKI, per weekday, during the
year 2016.

Weekday Sample size Prob. Dist. Mean Std. Dev. p-value
Monday 49 Poisson 19.4 4.9 0.42
Tuesday 52 Poisson 24.8 6.4 0.25
Wednesday 51 Poisson 23.7 5.7 0.19
Thursday 51 Poisson 22.5 6.0 0.09
Friday 52 Poisson 18.1 6.1 0.66
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The care content of each patient includes i) the patient group, ii) the ur-
gency level, iii) the specific operations to be performed, iv) the delay to start
the RT process (due to medical reasons), v) the delay needed for contouring,
and vi) the delay needed for the start of treatment due to the scheduling on the
linacs. These data are generated according to empirical distributions built from
measurements performed in the clinic during the year 2016. The patient group
of each patient is generated independently of the remaining parameters, while
the remaining data are generated proportionally to the empirical measurements
from the sample that corresponds to his/her patient group. Table 3.10 shows the
distribution of patients amongst the five largest patient groups and the corre-
sponding distribution of urgency levels. Similarly, for each patient we generate
the (possible) delay for the start of the pre-treatment (0,5,..,40 workdays for reg-
ular patients only), the delay for contouring (0,..,3 workdays for subacute and
0,..,5 for regular patients, 0 for acute patients), and the delay needed for the first
fraction due to the scheduling on the linacs (0,..,3 workdays for subacute and
0,..,5 for regular patients, 0 for acute patients) according to the measurements
for the sample of his/her patient group and urgency level.

Table 3.10 Distribution of patients for the five largest patient groups in 2016 as a per-
centage of the total number of patients, and corresponding distribution in terms of ur-
gency level per patient group.

Patient group % Total % Acute % Subacute % Regular
Bone metastasis 24.9% 5.7% 87.9% 6.5%
Mamma 15.2% 0.0% 0.6% 99.4%
Lung 5.6% 0.0% 3.6% 96.4%
Head-and-neck 4.2% 0.4% 2.2% 97.4%
Prostate 3.7% 0.0% 2.0% 98.0%

3.4.3 Solution generation approach
The RT department of the NKI aims to fulfill the quality standards defined by
the NVRO, as presented in Table 3.1. There are two distinct recommended stan-
dards for timely delivery of the RT in the Netherlands: i) a maximum waiting
time for 100% of the patients of each urgency level, hereby referred to as “100%-
target”, and ii) a maximum waiting time for (at least) 80% of the patients of each
urgency level, hereby called “80%-target”. After a number of interviews with
the department managers, it was agreed that both targets should be considered
in the optimization, as both are crucial for the quality assessment of RT centers
in the Netherlands. Also, it was agreed that it is more important to ensure that
patients start treatment within the maximum waiting time standard, i.e. objec-
tive i) has priority over objective ii). Besides, since it is not possible to know
in advance how many patients can be actually processed given the existing re-
sources, and given that not all patients will be able to finish pre-treatment within
the planning horizon (e.g. those arriving in the last time periods), a preliminary
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stage is needed to maximize the number of patients finishing pre-treatment.
Following this, we apply the model presented in Section 3.3 in three sequen-
tial stages, as a hierarchical optimization approach (see Figure 3.2). In the first
stage, we aim to maximize the number of patients completing the pre-treatment
stage within the planning horizon. Therefore, in the first stage we solve the
following MILP program:

max z1 = ∑
p∈PA

Wp,|T | +
1
|Ω| ∑

ω∈Ω
∑

p∈Pω
Wp,|T |

subject to: (3.1)− (3.16)
(3.21)

In the second stage, we add the objective value z∗1 obtained by solving prob-
lem (3.21) as a new constraint, and solve the MILP model setting as target date
(d1

p) of each patient p the maximum waiting time corresponding to his/her ur-
gency level (see Table 3.1) minus the access time needed due to the scheduling
on the linacs (dlp). Thus, we solve the following problem:

max z2 = ∑
p∈PA

Wp,d1
p
+ 1

|Ω| ∑
ω∈Ω

∑
p∈Pω

Wp,d1
p

subject to: (3.1)− (3.16), z1 ≥ z∗1.
(3.22)

In the third stage, the objective value z∗2 obtained by solving the program
(3.22) is passed as an additional constraint to another MILP problem, which has
as target date (d2

p) of each patient p the 80%-target corresponding to his/her
urgency level minus the delay needed to access the linacs, as follows:

max z3 = ∑
p∈PA

Wp,d2
p
+ 1

|Ω| ∑
ω∈Ω

∑
p∈Pω

Wp,d2
p

subject to: (3.1)− (3.16), z1 ≥ z∗1, z2 ≥ z∗2.
(3.23)

When the model is to be used on a certain frequency basis (e.g. monthly)
in practice, new scenarios must be generated in the beginning of the planning
horizon (first day of the month) and used in conjunction with the available sys-
tem data (e.g. patients undergoing pre-treatment) to feed the model and apply
the solution methodology, obtaining a new RTT allocation for the whole month.
The process is then repeated every month. The output allocation solution given
by the model will thus be optimized to cover the workload associated with the
system patients and the future patients of all generated scenarios.

Scenarios and input-output validation

The waiting times of patients throughout the RT chain are heavily influenced
by the highly variable patient inflow. Therefore, considering only one scenario
of patient arrivals per day may not give a sufficiently realistic representation of
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System data

Stage 1
max z1 = ∑

p∈PA
Wp,|T | +

1
|Ω| ∑

ω∈Ω
∑

p∈Pω
Wp,|T |

subject to: (3.1)-(3.16)

Scenario
generator

Stage 2
max z2 = ∑

p∈PA
Wp,d1

p
+ 1

|Ω| ∑
ω∈Ω

∑
p∈Pω

Wp,d1
p

subject to: (3.1)-(3.16), z1 ≥ z∗1

with d1
p =

⎧⎪⎨
⎪⎩

1 day, if p acute
(10 − dlp) days, if p subacute
(28 − dlp) days, if p regular

Stage 3
max z3 = ∑

p∈PA
Wp,d2

p
+ 1

|Ω| ∑
ω∈Ω

∑
p∈Pω

Wp,d2
p

subject to: (3.1)-(3.16), z1 ≥ z∗1, z2 ≥ z∗2

with d2
p =

⎧⎪⎨
⎪⎩

1 day, if p acute
(7 − dlp) days, if p subacute
(21 − dlp) days, if p regular

best solution z∗1

best solution z∗2

Figure 3.2 Overview of the solution approach designed for the NKI case study.

the possible variation of patient inflow between consecutive days. To define the
minimum number of scenarios needed in our experiments, we analyzed how
much variability increases with the increase of the number of scenarios through-
out the one-month period. To this end, we ran the scenario generator for 1,
2,...,100 scenarios (100 runs per scenario number), and calculated the maximum
variation in patient arrivals between two consecutive periods within a scenario.
The results showed that the steepest variation occurs between the use of 1 sce-
nario and 6 scenarios (from 15.4 to 21.6), whilst the increase of the maximum
variation in the number of patient arrivals between consecutive periods from 6
scenarios to 100 scenarios is not as significant (from 21.6 to 27.0). In addition,
we ran a set of computational experiments by solving the model using the NKI
data-set, starting with 2 scenarios and increasing the number of scenarios one
by one until the solver reached a CPU time limit of 4 hours. We observed that
the time limit would be exceeded when using more than 5 scenarios. Therefore,
a total of 5 training scenarios were used for generating solutions as described
in Section 3.4.3. As a validation step, we performed an accuracy check of the
scenario generator by comparing the generated patient data with both the input
parameters used to generate them and the data recorded in the real system (Ta-
bles 3.9 and 3.10). Figure 3.3 depicts the number of patient arrivals per scenario
over the 22 time periods (solid lines), and the daily number of new patients
measured in practice during the month of November 2016 (dashed line). As we
can see, there are considerable variations in the patient inflow between consecu-
tive days (from 18 to 31, and from 31 to 17 patients between periods 15 and 17),
which are hard to predict. Nevertheless, we can see that, overall, the diversity
introduced by the scenarios cover the fluctuations associated with the patient
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inflow during a one-month period.

0

5

10

15

20

25

30

35

40

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Pa
tie

nt
 a

rr
iv

al
s

Time period

Scenario 1
Scenario 2
Scenario 3
Scenario 4
Scenario 5
Actual (Nov 2016)

Figure 3.3 Patient arrivals, per time period, for the scenarios created by the scenario
generator (solid lines) for generating the RTT allocation solution, and patient arrivals
measured in practice during November 2016 (dashed line).

The number of patient arrivals and distribution of patients per urgency level
can be seen in Table 3.11. The average number of arrivals (492.2) is above the
monthly average throughout 2016 (460.9), but close to the patient arrivals dur-
ing November 2016 (480). This is because the evaluation month of November
2016 has 22 workdays, while the number of monthly labor days in 2016 aver-
aged 20.6. Analyzing Table 3.11 per scenario, we confirm the validity of the
generated data. The scenario generator introduces variability on the number
of patients between scenarios in each urgency category, with the average over
all scenarios approaching the records measured in practice. For instance, the
proportion of subacute patients varies between 29.17% (scenario 1) and 35.55%
(scenario 2), but the average over scenarios is only 0.7% away from the corre-
sponding proportion verified in 2016. Similarly, Table 3.12 shows the distribu-
tion of patients per patient group, per scenario, from which comparable con-
clusions may be drawn. Additional checks for the remaining input data were
performed, reaching similar conclusions.

The scenario generator and the MILP model were programmed in C++ us-
ing Visual Studio 2015 and the Concert Technology of CPLEX v12.7.0, which
was used as a solver. Experiments were run in a desktop computer with a pro-
cessor Intel i7 3.6 GHz and 16 GB of RAM using up to 8 threads, running on
a 64-bit version of Windows 10. To speed up the search process, the solution
obtained on each stage was passed to the next stage as an initial solution for a
warm MILP start. In addition, we set an optimality gap tolerance of 5% and a
CPU time limit of 14400 seconds per stage. Table 3.13 presents the performance
of the proposed methodology in achieving the final solution within the defined
tolerances in each stage. The optimality gap for stages two and three are be-
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Table 3.11 Patient arrivals and distribution of patients per urgency level per scenario,
and the average measured in practice in 2016.

Sample Arrivals Acute Subacute Regular
Scenario 1 521 1.7% 29.2% 69.1%
Scenario 2 481 1.5% 35.6% 63.0%
Scenario 3 477 0.8% 34.8% 64.4%
Scenario 4 479 0.6% 34.7% 64.7%
Scenario 5 503 1.0% 34.2% 64.8%
Total (avg.) 492.2 1.1% 33.7% 65.2%
Practice - Year 2016 (avg.) 460.9 1.7% 33.0% 65.3%

Table 3.12 Distribution of patients amongst the five largest patient groups for the sce-
narios created by the scenario generator, corresponding average, and the average mea-
sured in practice throughout 2016.

Sample Bone met. Head&Neck Lung>44Gy Mamma Prostate
Scenario 1 23.8% 4.6% 5.2% 15.9% 4.0%
Scenario 2 26.4% 3.3% 5.8% 16.0% 2.7%
Scenario 3 25.2% 3.6% 6.9% 15.5% 3.6%
Scenario 4 26.3% 4.4% 5.8% 15.0% 2.7%
Scenario 5 23.7% 5.0% 6.4% 14.5% 4.8%
Total (avg.) 25.1% 4.2% 6.0% 15.4% 3.6%
Practice - 2016 (avg.) 24.9% 4.2% 5.6% 15.2% 3.7%

low 2%, which means that output solution is very close to optimal. In terms of
computational time, we can see that there is some variability between the op-
timization problems associated with the different stages. Stage 3 took around
one minute to be completed, which may be a result of receiving the final so-
lution from stage 2 as a warm MILP start. The computational experiments for
generating the RTT allocation solution using 5 scenarios took a total wall-clock
time of approximately 33 minutes. As the proposed model is designed to be
used on a tactical (mid-term) level and the time to achieve a final solution can
in practice go up to several hours, this computational time is considered accept-
able. The RTT allocation solution output by running the solution generation
approach with the described data-set can be found in Table 3.14.

Table 3.13 Solver information for the solution generation.

Stage
Wall-clock
time (min)

CPU total
time (min) Objective value Opt. gap

1 9.5 24.4 787.2 3.41%
2 22.4 43.8 772.4 1.27%
3 1.1 1.5 760.2 1.89%
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Table 3.14 Results of the allocation of RTTs for the NKI case study.
Period 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
Weekday Tu We Th Fr Mo Tu We Th Fr Mo Tu We Th Fr Mo Tu We Th Fr Mo Tu We
CT 4 4 4 4 2 4 4 4 4 2 4 4 4 4 2 4 4 4 4 2 4 4
MRI 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
PET-CT 0 0 1 1 1 0 0 1 1 1 0 0 1 1 1 0 0 1 1 1 0 0
IPP 1 1 1 2 1 1 1 1 2 1 1 1 1 1 2 1 1 1 1 1 1 1
BSU 1 1 1 2 2 2 2 1 2 1 1 2 2 2 1 1 1 2 1 2 2 1
TP 12 10 7 8 6 11 7 12 15 10 15 15 12 10 10 13 11 13 13 11 13 10
LINACs 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36 36
Total 55 53 51 54 49 55 51 56 61 52 58 59 57 55 53 56 54 58 57 54 57 53
Available 68 65 68 71 68 69 64 68 68 71 71 65 71 71 71 69 65 71 68 65 67 66
Difference 13 12 17 17 19 14 13 12 7 19 13 6 14 16 18 13 11 13 11 11 10 13

3.4.4 Solution evaluation
To evaluate the generated RTT solution, we re-run the solution framework de-
picted in Figure 3.2 for a new set of test scenarios, but restricting the values of
decision variables Xrit and Lrt to the RTT allocation solution found in the solu-
tion generation run. By reducing the number decision variables associated with
the MILP model, we were able to run the method for a total of 10 test scenarios
without exceeding the CPU limit time of 14400 seconds per stage with a reduced
maximum optimality gap of 1%. The test scenarios used for the evaluation of the
RTT allocation solution are presented in Figure 3.4. The number of total patient
arrivals varies from 461 (scen. 8) to 527 (scen. 3), with an average of 490.6. Val-
idation steps were performed for the remaining patient data as in Section 3.4.3,
reaching similar conclusions. The remaining parameters were kept the same as
in the solution generation experiments.
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Figure 3.4 Patient arrivals, per time period, for the scenarios created by the scenario
generator (solid lines) for evaluating the RTT allocation solution, and patient arrivals
measured in practice during November 2016 (dashed line).
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3.5 Results and discussion

Table 3.15 shows the results, regarding patient throughput, obtained by run-
ning the solution approach with the (fixed) RTT allocation solution for the 10
new generated scenarios (Figure 3.4), and the performance measured in prac-
tice both as the average throughout 2016 and the month of November 2016. The
experiment results refer to the performance during the month of November, i.e.
the first 22 time periods of the planning horizon. In the evaluation run, the
optimality gap was found at 0.64%, 0.76%, and 0.96% for stages 1, 2, and 3, re-
spectively. Analyzing the results of Table 3.15, we can see that with our model
significant improvements in terms of timeliness can be achieved. The average
number of patients completing the pre-treatment stage (458.0) is higher than
both the records from November of 2016 and the average throughout 2016. Yet,
the average percentage of patients completing the pre-treatment stage within
the maximum waiting time target (100%-target) increases from 90.0% to 99.1%.
Comparing with the performance in the clinic over the same one-month period,
we can see that similar improvements could be achieved, with the percentage
of patients breaching the main target going down from 9.1% to approximately
0.9%. In fact, results show that, with our solution, at most 11 patients would
breach the 100%-target (scenario 7) for the used data set, while in scenario 8
all patients would be able to start the treatment within the recommended time
standards. Regarding the 80%-target, potential improvements are similar. The
NVRO recommends that at least 80% of subacute and regular patients start
treatment within 7 and 21 days, respectively. Although the clinic was already
fulfilling these standards, performance regarding these targets can potentially
increase from 82.4% to 98.9%, on average. Figure 3.5 shows the distribution of
waiting times amongst all patients. The circles mark the average waiting times,
the dark bars indicate the standard deviation, and the grey bars represent the
minimum/maximum waiting times. Even though the average waiting times
from our models are similar to the ones measured in practice, the maximum
waiting times are significantly lower using our approach. In fact, the maximum
waiting time can decrease from 25 workdays (Nov. 2016) to, at most, 17 work-
days (scenarios 6 and 7) by using our model. The standard deviation in each
scenario is also slightly smaller when comparing to practice.

Figures 3.6, 3.7, and 3.8 show the results regarding the fulfillment of the wait-
ing time standards for acute, subacute and regular patients, respectively. As
shown in Figure 3.6, acute patients would be able to receive treatment within a
day in at least 66.7% of the times (scenario 7), with the average over all scenarios
(91.9%) outperforming the average of around 70.8% verified in practice in 2016
and the percentage of about 50.0% measured during November 2016. Similarly,
subacute patients (Figure 3.7) can benefit significantly from our model according
to the NKI case study results. In 2016, the department had approximately 91.3%
of patients within this category finishing pre-treatment within the maximum
waiting time target, while the proposed solution approach performed at an av-
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Table 3.15 Comparison of the theoretical results per scenario and the corresponding
average, with the performance measured in practice (November 2016 and the average
throughout 2016).

Sample
Patients

completed (z1)
Within

100-target (z2)
Within

80-target (z3)
Scenario 1 459 455 99.1% 455 99.1%
Scenario 2 460 459 99.8% 459 99.8%
Scenario 3 465 457 98.3% 456 98.1%
Scenario 4 460 459 99.8% 458 99.6%
Scenario 5 459 452 98.5% 450 98.0%
Scenario 6 465 459 98.7% 458 98.5%
Scenario 7 478 467 97.7% 465 97.3%
Scenario 8 442 442 100.0% 441 99.8%
Scenario 9 436 434 99.5% 434 99.5%
Scenario 10 456 454 99.6% 454 99.6%
Total (avg.) 458.0 453.8 99.1% 453.0 98.9%
Practice - Nov. 2016 449 408 90.9% 360 80.2%
Practice - Year 2016 (avg.) 443.1 398.9 90.0% 365.2 82.4%

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Total
(avg.)

Prac.
(Nov16)

Prac.
(avg16)
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Figure 3.5 Distribution of average waiting times (in workdays) and corresponding
standard deviation and maximum/minimum values of the computational results and
the samples measured in practice (November 2016 and the average throughout 2016).

erage of 97.9% amongst scenarios, with a worst-case scenario of 95.0% (scenario
7) fulfillment of the 10 calendar days target. For the 80%-target, the performance
can potentially grow from 77.9% to 97.6%. As for regular patients (Figure 3.8),
although the results show that improvements can be achieved, they are not as
impacting as for subacute patients. This is because the clinic is performing best
for this urgency category, with 96.3% of the patients starting treatment within
the 28 days target, and 91.0% of them starting treatment within 21 days, on aver-
age, in 2016. Still, the number of patients who are able to start treatment within
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the recommended maximum waiting time can increase to 100.0% for regular
patients, while the percentage within the 80%-target can still rise up to 99.9%.

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Total (avg.) Prac.
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Figure 3.6 Comparison of the theoretical results per scenario and the corresponding
average, with the performance measured in practice (November 2016 and the average
throughout 2016) in terms of target satisfaction for acute patients.

The number of RTTs allocated to each operation in the final solution and the
total RTT availability in the clinic are presented in Table 3.14. We can observe
that the number of staff members allocated to imaging machines and linacs on
each day is as low as the minimum number of people required to operate them.
However, the number of people assigned to non-continuous operations is not
as straightforward. For instance, there are considerable variations in the num-
ber of people needed for TP amongst workdays, ranging from 6 (period 5) to
15 (periods 9, 11, and 12). In practice, the number of people assigned to work
on TP is often more stable, which leads to situations of understaffing and over-
staffing when peaks and valleys in workload occur. A similar situation may be
encountered, to a lesser extent, for IPP and BSU (range between 1 and 2), which
is in accordance with the number of RTTs working daily on those operations
at the NKI. We believe that such a dynamic scheme would be beneficial to RT
centers. In addition, we observe that, according to the output solution given by
the model, the number of RTTs assigned to the modelled operations could be re-
duced by 6 and there would still be enough staff members to cover the demand
in all time periods. This represents a possible reduction of 5.5% in RTT capacity.
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Figure 3.7 Comparison of the theoretical results per scenario and the corresponding
average, with the performance measured in practice (November 2016 and the average
throughout 2016) in terms of target satisfaction for subacute patients.
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Figure 3.8 Comparison of the theoretical results per scenario and the corresponding
average, with the performance measured in practice (November 2016 and the average
throughout 2016) in terms of target satisfaction for regular patients.
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3.5.1 Rotation needs
Rotation requirements for RTTs usually need to be satisfied on a yearly basis.
However, if the proposed methodology is to be used in a systematic way with
shorter planning horizons (e.g. one month), then the constraints regarding RTT
rotation needs ((18)-(19)) have to be considered. For instance, the resource allo-
cation provided by our framework resulted in RTTs 53 and 80 not being assigned
to CT scanning in the whole period, although they are capable of operating CT
scanners. Similarly, RTTs 23 and 30 are not allocated to work on MRI scanning
in any day of the month even though they are eligible to do so. However, ac-
cording to the managers’ input, each RTT has to work, on average, one day per
month in each operation he/she can perform. To test the effect of including
the constraints regarding training needs of RTTs in the model, we ran the same
methodology using exactly the same input data, training scenarios (5), and tol-
erances of the experiments described in Sections 3.4.2 and 3.4.3, but integrating
constraints (18)-(19) into the MILP models of stages 1, 2, and 3 of the solution
approach. With the inclusion of constraints (18)-(19), the total CPU time in-
creased slightly from 69.7 to 72.0 minutes, and the optimality gap values were
1.47%, 0.19%, and 2.59% for stages 1, 2, and 3, respectively. We then fixed the
(new) RTT allocation and re-ran the experiments using the same 10 test scenar-
ios as presented in Section 3.4.4. Results are presented in Table 3.16. Comparing
these with the results for the base case (Table 3.15) we observe that, although the
number of patients finishing pre-treatment and the waiting times have slightly
worsen as a whole, the inclusion of constraints (18)-(19) does not decrease per-
formance regarding the achievement of the waiting time targets. The fulfill-
ment of the 100-target has actually increased from 99.1% to 99.2%, while the
percentage of patients able to receive the first fraction within the 80%-target has
increased from 98.9% to 99.9%, on average. Similar results were obtained per
urgency category. For the evaluation run, the optimality gap was 0.69%, 0.79%,
and 0.54% for stages 1, 2, and 3, respectively.

3.5.2 Research limitations
Despite the promising results hereby presented, there are some research limi-
tations of this study. First, the presence of the doctor may be needed during
some operations, for example, to oversee a CT scan with intravenous contrast
in case complications arise, or during TP to assist RTTs performing complicated
treatment plans. However, the doctor may not be available when needed, delay-
ing the execution of these operations. Second, additional imaging scans may be
required before or during treatment, and treatment planning may be required
to be re-done after the verification performed by the doctors and the medical
physics unit. Nevertheless, both of these occurrences are not common in prac-
tice (less than 1%). Third, the conducted experiments lead to a rather strict roster
that, by not considering overtime or the possibility of working only half days,
may not fully represent the actual practice of the clinic. In addition, the model
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Table 3.16 Results for the NKI case study including RTT training needs constraints.

Sample
Patients

completed (z1)
Within

100-target (z2)
Within

80-target (z3)
Scenario 1 449 446 99.3% 446 99.3%
Scenario 2 441 440 99.8% 440 99.8%
Scenario 3 447 440 98.4% 439 98.2%
Scenario 4 453 453 100.0% 453 100.0%
Scenario 5 461 456 98.9% 454 98.5%
Scenario 6 461 456 98.9% 454 98.5%
Scenario 7 463 453 97.8% 452 97.6%
Scenario 8 419 417 99.5% 415 99.0%
Scenario 9 425 422 99.3% 422 99.3%
Scenario 10 440 438 99.5% 438 99.5%
Total (avg.) 445.9 442.1 99.2% 441.3 99.0%
Practice - Nov. 2016 449 408 90.9% 360 80.2%
Practice - Year 2016 (avg.) 443.1 398.9 90.0% 365.2 82.4%

does not take into account RTTs that may start or finish a long-term sick leave
during the planning horizon. Another limitation relates to the uncertainty in-
herent to the time needed for treatment planning. Although these processing
times per technique are usually standardized, for some complicated tumors the
treatment optimization may take up to several days to be completed. Finally,
unavailability of imaging machines due to breakdowns or maintenance actions
are also not considered, although downtime rates verified in practice are also
low (around 1%).

3.6 Conclusions and further research

This research proposes a stochastic MILP-based approach for RTT allocation to
improve timeliness in the delivery of the RT treatment while taking into account
the stochasticity inherent to the RT process. With our model, allocation decisions
cover the demand represented by a sufficient set of scenarios of patient inflow
and care content. The proposed approach optimizes the number of patients
finishing the pre-treatment stage before the maximum waiting time target for
two different quality standards in a hierarchical manner.

Results for a case study using real data from the NKI, a large cancer center in
the Netherlands, over an evaluation period of one month show that an adequate
allocation of RTTs to multiple operations in RT can considerably reduce waiting
times. The number of patients finishing the pre-treatment stage within the pri-
mary target (100%-target) increases from 90.0% to 99.1%, on average, while the
fulfillment of the secondary target (80%-target) rises from 82.4% up to 98.9%. Per
urgency level, the average percentage of acute patients able to receive the first
fraction in a timely manner increases from 70.8% to 91.9%, while for subacute
patients this percentage can increase from 91.3% to 97.9%. The proportion of
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regular patients starting treatment within their recommended maximum wait-
ing time target can grow from 96.3% to 100.0%. In addition, the RTT capacity
needed to cover the expected demand in the modeled operations can be reduced
by 5.5%.

The obtained results suggest that the proposed model can be useful for RT
managers in practice. Besides giving decision support for the allocation of RTTs,
our model can also provide insights in finding bottlenecks, slack/surplus of RTT
capacity, and lack of specific RTT skills. Moreover, the model can be used to
provide an initial monthly schedule upon which demand-driven daily adjust-
ments can be performed. By achieving a (near) optimal solution in just over an
hour of CPU time, the MILP program solves in reasonable computational time.
The RTT allocation solution has been validated by the managers of the RT de-
partment of the NKI and the results were considered very positive. The possible
implementation of the model is under consideration in the department. Further-
more, as the modeled processes and resources are standard among RT centers
and the case mix at the NKI is representative of the case mix in RT, the proposed
methodology can be applied to other RT centers.
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CHAPTER 4

Improving workflow control in radiotherapy
using discrete-event simulation

4.1 Background

Radiotherapy (RT) is a therapy modality for cancer treatment that requires sev-
eral preparation steps consisting of imaging and treatment planning. RT re-
sources are expensive and limited in capacity, and treatments are prepared and
delivered by a multidisciplinary group of specialists with multiple activities and
limited time availability [111]. As demand for RT continues to grow [92] and
cancer treatments become more personalized [19], ensuring a timely delivery of
RT for each patient trajectory without jeopardizing the timeliness of the other
patients is not straightforward. Earlier research has shown that the dynamic
nature of treatment scheduling in RT, in which scheduled and non-scheduled
patients have to be queued up for undergoing pre-treatment, can considerably
impact access times for RT [26, 35]. Long waiting times have been associated
with negative clinical outcomes such as higher risk of local recurrence [20], in-
creased tumor progression [64] and prolonged psychological distress in patients
[63]. In fact, the unavailability of medical staff was pointed out as one of the
main causes for this [79]. Related to this, Hutton et al. found that RT profession-
als in the UK are prone to the effects of compassion fatigue and burnout and
that special attention must be paid to workload and its impact on practitioners’
job satisfaction [45].

The RT treatment process starts with referral, followed by a consultation
with a radiation oncologist, who prescribes the necessary steps needed (referred
to as “pre-treatment workflow”) before the treatment starts. The pre-treatment
workflow includes imaging (CT, MRI, PET-CT), contouring of the tumor and
organs-at-risk, and treatment planning, and is commonly driven by the schedul-
ing of the first irradiation session, which is usually set immediately after con-
sultation. This demands pre-treatment workflow to be programmed a priori be-
fore the scheduled starting date for treatment. We refer to this strategy as the
“pull” strategy [26], a term derived from logistics and supply chain manage-
ment where manufacturing is driven by customer demand and resources are
expected to be available at each operation when needed for just-in-time produc-
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tion. In RT, a pull strategy foresees that a date for the start of treatment is set
right after consultation, and the scheduling of pre-treatment workflow is per-
formed in a “backwards” fashion, ensuring that the necessary rooms and staff
will be available when needed to meet timeliness targets. However, for some
patient types, the first irradiation is scheduled after (some) the pre-treatment
steps have been completed, typically at the start or at the end of treatment plan-
ning This is referred to as “push” strategy, which in logistics terms refers to a
continuous flow of products throughout the system, with no specific due date,
typically leading to store inventory. By applying a push strategy in radiotherapy
flexibility to perform pre-treatment activities and consequently a low number
of first linac appointment rebooks can be expected. However, setting a treat-
ment start date right after consultation (pull strategy) may lead to increased
patient and staff (doctors) satisfaction, particularly when time slots for doctors’
activities (e.g. contouring of the tumor) are pre-allocated in coordination with
treatment scheduling decisions. It may also increase control over the work in
progress, leading to a reduced number of patients breaching the waiting time
targets. Therefore, appropriate workflow management systems (e.g. schedul-
ing routines) and the design of efficient resource planning schemes are crucial
to meet the intended waiting time targets [68] while ensuring patient centered-
ness and quality of labor.

Operations research (OR) methods have been successfully used to support
decision-making in healthcare in general [83], and increasingly in radiotherapy
[107]. Among OR methods, discrete-event simulation (DES) stands out as a
powerful tool to find logistical interventions for performance improvement by
modeling the behavior of complex systems as a series of discrete events occur-
ring over time [58]. DES has been proven useful in testing operational changes
in several healthcare settings [48], such as analyzing optimal discharge rates
in acute care [25], capacity management and patient scheduling in outpatient
clinics [2], and decreasing throughput times for CT scanning in radiology de-
partments [101, 102]. In the field of radiotherapy, a few DES studies have been
conducted for process improvement and resource planning. Kapamara et al.
[54] performed a patient flow simulation analysis to find bottlenecks in the Ar-
den Cancer Center, UK, to reduce waiting times and maximize patient through-
put. The authors were able to model three treatment modalities (conventional
external-beam, brachytherapy, and unsealed sources therapy), and found that
an extension of clinical shift hours reduces patients’ waiting times by 2%. Proc-
tor et al. [81] modeled patient care pathways from arrival to discharge to es-
timate the impact of increased levels of demand in the performance of the de-
partment of RT of the Walsgrave hospital, UK. They reported that reducing the
percentage of patients seeing their own doctor on the simulator from 71% to 35%
and extending the linacs’ operating hours by 38% would provide the best per-
formance, with 82% of the patients starting treatment within the desired target.
Werker et al. [110] used DES as an attempt to improve the RT planning process
of the RT center of the British Columbian Cancer Agency in Canada, finding that
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reducing delays associated with the oncologists’ tasks would reduce the plan-
ning times by 20%. Babashov et al. [3] included the treatment stage of the RT
trajectory, thus modeling the process from patient arrival to treatment comple-
tion. They found that adding one more full-time oncologist would reduce the
waiting times by 6.55%, leading to around 85% of the patients starting treatment
within 14 calendar days. Crop et al. [26] studied an alternative workflow control
system for robotic stereotactic RT by testing a constant work-in-progress system
that only allows new patients to start pre-treatment when a patient leaves the
system, in an attempt to keep workload constant. Results showed that a hybrid
constant work-in-progress workflow could potentially increase the number of
irradiation sessions per day by 32%, while the time between CT and start of
treatment remained stable at an average of 9 days.

Computer simulation studies of RT are available but mainly focus on finding
operational improvements by re-dimensioning workforce, expanding machine
capacity/availability, or extending clinical opening times, whilst the impact of
implementing alternative scheduling routines and different workflow control
systems are rarely found. In this work, we model the RT pre-treatment work-
flow using DES to quantify the operational impact of using pull and push strate-
gies in RT scheduling. As a secondary goal, we try to find interventions (e.g. in-
crease treatment planning capacity) that maximize the number of patients start-
ing treatment within the intended targets and allow for minimal waiting times.

4.2 Methods

We used DES modeling to construct a model on the flow of patients receiving
external-beam RT in the Netherlands Cancer Institute (NKI) from consultation
to the start of treatment (first fraction). The model was built using Tecnomatix
Siemens Plant Simulation 13.2 by Siemens PLM Software [4]. After the model
was validated, we studied the impact of increasing the number of pull patients
starting from the baseline case representing the current practice (40% pull / 60%
push), as well as other possible interventions for performance improvement.

4.2.1 The RT treatment workflow in the NKI
Figure 4.1 depicts the RT workflow in the NKI. Upon referral, patients are sched-
uled for a consultation (Moment 1) with a radiation oncologist, who becomes
responsible for monitoring the patient’s care trajectory. At consultation, the
doctor meets the patient and assesses all the information needed to plan an
RT treatment. After consultation, the doctor fills in a form (PlanRT) with the
medical information and sets up a preliminary treatment plan outlining the care
pathway intended for the patient. The pre-treatment workflow starts after con-
sultation, when patients are scheduled for a CT scan, but a delay before pre-
treatment starts, due to other appointments (e.g. IV-contrast, blood analysis,
manufacturing of patient-specific aids such as masks etc.) may be needed, as
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well as additional imaging examinations (MRI and PET-CT). In case a 4DCT
has been taken, imaging motion compensation is needed (warping). If multiple
imaging scans are involved, then the registration of the different datasets is also
necessary (image registration). Thereafter, the doctor delineates the target area
(contouring), right before treatment planning. At this step, beam set-up (sim-
plified treatment planning such as the two-field technique “anterior-posterior-
posterior-anterior”) may be done instead or in conjunction with regular treat-
ment planning. Once treatment planning is finished, the generated plan is up-
loaded to the corresponding linac and the treatment can start. The modeled pre-
treatment workflow, indicated by the black bounding box in Figure 4.1, starts
right after consultation (PlanRT) and ends at the start of treatment. The time
needed to complete the pre-treatment phase is referred to as “waiting time” in
this study.
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Figure 4.1 Flowchart of the complete RT treatment workflow in the NKI.

Regarding the appointment scheduling process, Figure 4.1 shows that upon
submission of the PlanRT sheet after consultation, an appointment officer sched-
ules all the necessary imaging scans for all patients. This moment in time is rep-
resented by “Moment 1” in Figure 4.1. At Moment 1, acute patients, subacute
patients, and regular (i.e. non-urgent) patients who have a combination of RT
with other treatment modality (surgery or chemotherapy) are also scheduled for
all irradiation sessions right after consultation. We refer to these as “pull” pa-
tients. Acute and subacute patients are scheduled in a pull manner as a timely
start of treatment needs to be ensured due to the urgency of their treatment.
Regular patients with a treatment combination between RT and other treatment
modality (e.g. chemotherapy or surgery) also need to be scheduled right at con-
sultation. For these patients, a proper time coordination between irradiation
sessions and the other treatment modality is necessary to maximize the effec-

58

143707 Vieira BNW.indd   64 03-06-20   16:14



4.2. Methods

tiveness of the combined treatment. For pull patients, pre-treatment activities
need to be given enough time to be completed before the pre-scheduled starting
date to avoid linac sessions’ rebooks. Alternatively, regular patients without a
combination of treatment modalities, indicated as “push” patients in this study,
are scheduled for the start of treatment only once contouring has been done and
treatment planning has started, as indicated by Moment 2 in Figure 4.1.

4.2.2 Model inputs
In DES, a number of inputs are needed to generate events (e.g. patient arrivals,
processing times, resource availability) that represent the behavior of the real
system. In our model, we used historical data from the whole year 2017 (January
01 to December 31) as model inputs to (randomly) generate those events. To ob-
tain data that was not available in the internal databases, we conducted several
interviews with radiation oncologists, radiation therapy technologists (RTTs),
managers and appointment schedulers to estimate the most realistic values for
each input parameter. Table 4.1 presents an overview of all input parameters of
our DES model.

4.2.3 Model development
The modeled steps, scheduling routines and their relationship with the input pa-
rameters are depicted in Figure 4.2. The specific workflow and data contained
in each component are explained in more detail throughout this section. Patient
arrivals are generated using records of PlanRT form creation dates (after consul-
tation), followed by the creation of patient care content according to the proba-
bility distributions mentioned in Table 4.1. At this point, push patients will be
scheduled the necessary imaging scans, and will proceed to the pre-treatment
workflow CT/MRI/PET-CT/IPP, contouring and treatment planning. Pull pa-
tients will also be scheduled the start of treatment before following the same
route. The start of treatment of push patients is then scheduled at treatment
planning. “Resource availability” and “processing times” contain the logistics
data used in the scanning, contouring, image post-processing, and treatment
planning steps.

Patient arrivals

We used historical data from the year 2017 to determine probability distribu-
tions for the arrival processes in the NKI, which are used in the DES model
to generate patient arrivals. We considered the historical records of all PlanRT
forms filled in by the doctors after consultation as patient arrivals, excluding
weekends and public holidays. In total, we included 4973 patient care path-
ways recorded in 2017 for external-beam RT treatments. Earlier research has
shown that there were statistically significant differences in the patient arrivals
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Table 4.1 Input parameters of the DES model.
Name Description Probability

Distribution
Dependencies

Patient arrivals Patient arrival rates per weekday, per tumor site (8
independent generators)

Poisson -

Care plan Proportion of patients in each of the 62 possible care
trajectories depending on tumor site (generators)

Empirical Tumor site

Urgency level Proportion of acute, subacute, and regular per care
plan

Empirical Care plan

Steps needed Proportion of patients with CT, MRI, PET-CT, warp-
ing, image registration, contouring, and treatment
planning type, per care plan, per urgency level

Empirical Care plan,
Urgency
level

CT/MRI/PET-CT
processing times

CT = 25 min. MRI = 45 min, and PET-CT = 45 min,
regardless of other parameters.

- -

Image Post-
processing times

Mean and standard deviation of the duration for
processing warping and image registration.

Lognormal -

Contouring time 60 min for tumor contouring, and 60 min for peer-
review review.

- -

Treatment plan-
ning times

Processing times of P2, P3, and P4, depending on
the care plan.

- Care plan

Scheduling of first
fraction

Proportion of patients for each possible duration
of the time-to-treatment (0. . . 21 days) per urgency
level, per weekday

Empirical Weekday,
Urgency
level

Planned delay Proportion of patients with a planned delay before
pre-treatment, and the length of the delay (1. . . 8
weeks), per care plan

Empirical Care plan

Machine availabil-
ity

Time of the day each CT, MRI, and PET-CT is avail-
able to be operated

- -

Doctors’ agenda Start time and end time for each day of the sim-
ulation period, and parts of the day the doctor is
unavailable due to other scheduled activities (meet-
ings, research, etc.)

- -

RTTs’ agenda Start time and end time for each day of the simula-
tion period

- -

Public holidays
and days-off

Days of the simulation period in which the clinic is
not operating, and days each RTT and doctor is un-
available (days-off)

- -

between workdays, and that patient arrival patterns follow a Poisson distribu-
tion in each workday [105]. An updated ANOVA analysis with the 2017 data
using the probability-distribution fitting software EasyFit [66] resulted in the
same conclusions (Table 4.2), i.e. patient arrivals were found to follow a Poisson

60

143707 Vieira BNW.indd   66 03-06-20   16:14



4.2. Methods

Patient 
arrivals

(PlanRT)

Patient care 
content

CT/MRI/
PET-CT 

scheduling

Scheduling 
of 

first fraction

PULL

CT
MRI

PET-CT

Image Post-
processingPUSH Contouring Treatment 

Planning

Scheduling 
of 

first fraction

PUSH

End
(Start of treatment)

PULL

Processing 
times

Resource 
availability

- care  plan
- urgency level 
- specific steps needed
- planned delay other  app.
- start of treatment date

- CT / MRI / PET-CT times
- IPP throughput times
- Contour ing times
- P2, P3, and P4 times

- Clinic opening time
- CT / MRI / PET-CT availability
- Doctors agenda
- RTTs agenda
- Public holidays and days-off

Figure 4.2 Flowchart of the complete RT treatment workflow in the NKI.

Table 4.2 Patient arrival statistical analysis for the 2017 data.

Weekday Sample Size Prob. Dist. Mean (SD) p-value
Monday 859 Poisson 17.5 (4.7) 0.72
Tuesday 1067 Poisson 20.9 (5.7) 0.24
Wednesday 1208 Poisson 23.2 (6.7) 0.61
Thursday 1063 Poisson 21.7 (5.9) 0.51
Friday 776 Poisson 15.5 (5.4) 0.25

distribution for every weekday.
In the NKI, patients are assigned one of eight possible tumor sites upon refer-

ral: Bone metastasis, Breast, Lung, Brain, Prostate, Head-and-neck, Chest wall,
or Others, as depicted in Figure 4.3. Each tumor site has a different consultation
pattern over the week. For instance, consultations for (regular) lung patients are
mostly held on Wednesday mornings. Therefore, we generated patient arrivals
in the model by using the mean arrival rate per tumor site, per weekday, accord-
ing to a Poisson distribution (Table 4.2) and using the proportions presented in
Figure 4.3.

Patient care content

The attributes of each patient (care plan, urgency level, specific steps needed,
planned delay before pre-treatment, and start of treatment date) were randomly
assigned based on the historical breakdown measured in 2017. After consul-
tation, the doctor selects one of 62 possible trajectories for the patient, which
depends on the tumor site for that patient (see Appendix 4.6). For instance, a
lung patient may be assigned the palliative trajectory, or the regular trajectory,
which would yield a different care pathway. The care trajectory defines whether
a patient would require MRI (18.5% of the population), PET-CT (3.9%), Warping
(12.4%), Image registration (29.7%) or Beam set-up (34.7%). All patients require
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23,6%
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Head-and-neck; 
4,8%

Chest wall; 3,6%

Others; 21,3%

Figure 4.3 Distribution of patients by tumor site in 2017.

a CT, contouring, and treatment planning. The urgency level indicating whether
a patient is acute (1.3% of the patient population), subacute (30.8%), or regular
(67.9%) was generated based on the historical proportions verified for the cor-
responding trajectory. Moreover, measured data shows that 650 out of the 4973
patients (13%) have a planned delay before starting pre-treatment (CT) due to
medical reasons (e.g. RT after surgery, dentist) or patient preferences (e.g. hol-
idays), the delay ranging between 1 and 8 weeks. In the 2017 data, we found
that 40.8% of the patients were scheduled in a pull fashion (SD = 5.8%), while
the remainder 59.2% were scheduled using on a push fashion. Empirical distri-
butions using the above-mentioned proportions were used to create patient care
content in each replication of each computational experiment.

CT/MRI/PET-CT scheduling

Scheduling of scanning appointments in imaging rooms are assigned on a first-
come-first-planned basis, except for some appointments in CT scanners, where
a pre-allocation of specific time slots exists. For instance, the first two time slots
in the morning cannot be assigned to patients who need IV-contrast before the
CT, as the corresponding doctor must be present in the department but may
not have started his/her shift before 08h30. Similarly, there is one time slot
exclusively available for acute patients per day.

Contouring

Doctors are grouped in teams based on their specialty: Breast, Lung, Urology,
Head-and-neck, Gynecology, Gastrointestinal tract, and Central nervous sys-
tem. Table 4.3 presents the total number of doctors per specialty. Depending
on the specific tumor site, a doctor belonging to the corresponding specialty is
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Table 4.3 Doctor teams and corresponding number of elements in the NKI during 2017.

Specialty No. doctors
Lung 7
Head-and-neck 9
Breast 9
Central nervous system 3
Gynecology 4
Gastrointestinal tract 5
Urology 7
Palliative All (44)

assigned to the patient using empirical distributions from the 2017 data. Con-
touring of palliative patients (acute and bone metastasis), accounting for 815 of
the 4973 patients, can be undertaken by any available doctor right after scan-
ning. Pending contouring activities waiting in queues are sorted on an Earliest
Due Date (EDD) basis, giving priority to the patients with the earliest date for
start of treatment. For push patients, who have not been scheduled at this point,
we considered the target date for start of treatment according to the national tar-
gets.

Treatment planning

Treatment planning is divided in three types: P2, P3, and P4. There used to be
a P1 type that does not currently exist in the NKI. P2, also referred to as beam
set-up, is a simpler form of planning mostly undertaken for bone metastasis
and some breast cancer patients. P3 is a form of automated planning in which
a computer software performs the planning autonomously. P4 is the conven-
tional treatment planning modality, in which beam angles and intensities are
iteratively optimized with the help of a computer software. P3 is immediately
assigned to all breast, rectum, and prostate patients, as the planning of these tu-
mor sites was automated in 2017. P4 will be assigned to all patients belonging to
the other patient groups who have not been assigned P2 or P3. The assignment
of P2 is modeled by means of empirical distributions that vary per care plan,
i.e. the probability of a patient being assigned P2 varies depending on the care
plan of that patient (see Appendix 4.6). For instance, 93% of all bone metasta-
sis patients will have a P2 type of planning, while a head-and-neck patient will
never be assigned P2, which means that he/she will always be assigned P4. Out
of the 24 planning RTTs available, 3 hold a P2 level, 7 are skilled at level P3,
and the remaining 10 are considered at level P4. P4 planners are also able to
perform P3 and P2, and P3 planners can also perform P2. Moreover, P3 and P4
level planning RTTs can process 2 plans simultaneously. As with the previous
step, treatment planning of acute patients and bone metastasis patients can be
performed by any available planner right after scanning, and queued tasks are
prioritized on an EDD basis.
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Scheduling of first fraction

A statistical analysis showed that the time between arrival and the start of treat-
ment do not follow any specific probability distribution with sufficient statistical
significance (p-value > 0.05). Therefore, we used empirical distributions to ran-
domly assign a date for start of treatment for both pull and push patients. For
pull patients (40% of the total population), a treatment start date is generated
based on the historical records upon first consultation. Since certain care plans
have starting date requirements (e.g. head-and-neck patients must start on a
Monday), we generated this time to treatment depending on the weekday of the
request. This means that, for instance, a regular head-and-neck patient having
the first consultation on a Tuesday will most likely be assigned a time to treat-
ment of 6 or 13 days. According to the measured data, time to treatment of pull
patients ranges between 0 and 1 day for acute patients, between 1 and 8 days for
bone metastasis and subacute patients, and between 3 and 21 days for regular
patients. Push patients (60%) are assigned a time between treatment planning
and start of treatment that can range between 1 and 7 days, also generated on a
weekday basis.

Resource availability

The RT department of the NKI operates from 07h30 to 17h30 on every week-
day except public holidays. Staff members work 8 or 9-hour shifts (with breaks)
while rooms and machines are available during the 10-hour period. The de-
partment has 2 CT scanners, 1 MRI scanner, and 1 PET-CT scanner. The PET-
CT scanner is shared with the diagnostics department. In total, there are 26
time slots of 25 minutes available per day for CT scanning, 37 weekly slots of
45 minutes for MRI, and 5 weekly time slots of 45 minutes for PET-CT. As for
staff members, the department hosts a total 113 RTTs (75 FTE), of which 24 can
do treatment planning. In addition, there are 44 practitioners (26 FTE) in the
department, which include radiation oncologists, residents and physician assis-
tants. Their main duties include patient consultations, regular meetings (such
as multi-disciplinary, RT treatment discussions, and research) and other admin-
istrative tasks. In the NKI, a doctor is available to perform contouring whenever
he/she is not scheduled to do any of the pre-allocated tasks. Except for sched-
uled activities, the doctor gives priority to perform contouring over the other
non-scheduled duties. The weekly schedule and absent days (incl. holidays,
sick leave, conferences, training, etc.) of each staff member throughout 2017
have been used for the staff availability of our model.

Processing times

A CT scan has a time slot duration of 25 minutes, while an MRI and a PET-CT
usually take approximately 45 minutes each. We included two possible tasks
(warping and image registration) for IPP based on the historical records, which
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Table 4.4 Statistical analysis of IPP tasks: processing times for both CT-Warping and
Scanning-Image registration follow a lognormal distribution (p-value >0.05).

Time Sample Size Prob. Dist. Mean (SD) p-value
CT – Warping 608 Lognormal 0.4 (0.6) 0.35
Scanning-Image registration 1306 Lognormal 0.1 (1.0) 0.60

were found to follow a lognormal distribution with the mean and standard de-
viation presented in Table 4.4. If warping is needed for a patient, a delay corre-
sponding to the time between CT and warping (CT-Warping) is generated. In
case a patient needs multiple scans and thus has the need for image registra-
tion, we forced a delay respective to the time between the last scan (warping
included) and image registration (Scanning-Image registration).

In the NKI, a contouring typically takes up to 30 minutes for acute and suba-
cute patients, and one hour for regular patients to be completed according to the
interviewed doctors. Moreover, each contouring needs to be peer-reviewed and
approved by another doctor before the process moves on to treatment planning.
In the NKI this step is done right after contouring, with the doctor in charge
asking a colleague to double check the contouring on site. This extra step takes
at most 60 minutes. Therefore, we have added 60 minutes to the processing
time of each contouring to account for the peer-review task. Standard process-
ing times for beam set-up and treatment planning vary considerably per care
trajectory, ranging from 60 (e.g. bone metastasis) to 120 (e.g. breast) minutes for
a beam set-up, and from 150 (e.g. prostate) to 960 (e.g. head-and-neck) minutes
for treatment planning.

Model verification

The model was built iteratively in constant interaction with managers and clin-
icians from the RT department of the NKI. Components of the model as de-
scribed in “model inputs”, such as patient arrivals generators, staff management
tools, and processing units were added step by step after conducting interviews
with the staff members of the NKI responsible for that step. The scheduling rou-
tines and simplifications introduced in each process were carefully discussed
and approved by the manager in charge of the corresponding process.

Performance metrics

The most important Key Performance Indicators (KPIs) to evaluate the perfor-
mance of our model are related to timeliness: the waiting times (in calendar
days) and the percentage of patients breaching the waiting time targets. Max-
imum waiting time targets defined by the Dutch Society for Radiation Oncol-
ogy (11) state that acute patients should be treated within one day, subacute
patients should start treatment within 10 calendar days, and regular patients
should start treatment within 28 days. In addition, we also look at the percent-
age of first fraction rebooks, i.e. the percentage of (pull) patients that have their
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start of treatment postponed as the pre-treatment phase cannot be completed in
due time.

Warm-up period and number of replications

Since the model starts in an empty state with no queues and idle resources, we
introduced a warm-up period by running the model for one-year data to as-
sess the time needed for the resources to be occupied and the queues filled up.
By measuring the evolution of patients’ waiting times over time, the warm-up
analysis showed that a steady state is achieved at around 130 days (see Figure
4.4). Therefore, during the 130 first simulation days of our computational ex-
periments, output measurements are not included in the results. The 130-day
warm-up period runs before the simulation run length of 365 days, which cor-
responds to the year 2017.
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Figure 4.4 Distribution of patients by tumor site in 2017.

In order to find the proper number of replications, we performed sev-
eral computational experiments with a different number of replications (n =
2, 3, 4, ...) until the relative error of the halfwidth of the confidence interval of the
average waiting times (x̄) measured across n was sufficiently small (γ′ < 0.05),
according to equation (4.1). Since the sample size (number of replications) is
small and thus the real variance is unknown, we use a student’s t-distribution
to estimate the confidence interval of x̄ for the corresponding number of repli-
cations n being tested. The halfwidth of the confidence interval is therefore ob-
tained by tn−1,1− α

2
. s√

n , with s being the variance of the waiting times for n repli-
cations, and tn−1,1− α

2
being the percentile of the Student-t distribution for n − 1

degrees of freedom at t1− α
2

for a confidence level (1 − α). In our experiments,
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since we consider a 95% confidence level, thus we set α = 0.05.

tn−1,1− α
2
. s√

n

x
< γ (4.1)

By measuring the relative error according to the left-hand side of equation
(4.1) for each replication number (n = 2, 3, 4, ...), we found that the relative error
was smaller than γ′ = 0.05 for n = 15 replications, with a relative error of 0.048.
Therefore, we decided to run 15 replications of each computational experiment
in our case study.

Workflow control analysis

To test the impact of increasing the number of patients being scheduled with
a pull strategy starting from the baseline case, we gradually added subpopu-
lations of patients based on tumor sites to the current pool of patients being
scheduled with a pull strategy. The more complex the pre-treatment process of
a patient is, the higher the uncertainty regarding the time needed to complete
pre-treatment. Therefore, we started adding patients from the simplest to the
most complex tumor types in terms of treatment preparation.

Scenario analysis

In conjunction with the workflow control analysis, we have investigated the
impact of additional interventions that may lead to performance improvements
in the NKI. The following scenarios were tested on the baseline case (i.e. with
only 40% pull patients):

1. Spreading consultation slots throughout the week: We tested the impact of
spreading the consultation time slots over the week by setting the same
patient arrival mean on every weekday per care trajectory. The overall
mean arrival rate, per care trajectory, remains constant.

2. No pre-allocated time slots for CT: We tested the impact of removing the
pre-allocated slots from the CT tactical plan, by allowing full flexibility
to schedule any patient in any available slot as they arrive.

3. Balancing doctor availability for contouring: We re-arranged the doctors’
agenda such that each doctor is available for contouring for (at least) 2
hours a day, while working the same number of hours per week.

4. P3 planners can process lung and chest wall patients: We studied the influence
of having P3 planners capable of performing treatment planning of lung
and chest wall patients (16.4% increase), in addition to the current tumor
sites (rectum, prostate, and breast).
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Table 4.5 Comparison between the clinical performance and the DES model for valida-
tion purposes.

Performance metric Actual system DES model
(95% conf. interval)

Waiting time (total) 7.9 7.8 (7.5, 8.1)
Waiting time (pull) 5.9 5.6 (5.4, 5.9)
Waiting time (push) 9.7 9.7 (9.4, 10.0)
No. patients breaching WT target 92 87.7 (68.1, 107.4)

5. One more full-time P4 planner: we evaluated the possible gain in waiting
times by having one more planning RTT of level P4 (thus capable of per-
forming P4, P3, and P2).

4.3 Results

For model validation, we have compared several outputs of the model for the
baseline case with the clinical performance regarding the main KPIs that could
be measured in practice for the year 2017 (Table 4.5). We verify that the total av-
erage waiting time (WT) output by the DES model (7.8 days) is very close to the
one measured in the actual system, i.e. in the NKI practice (7.9), with the actual
system value falling within the 95% confidence interval of the DES model. A
similar behavior is observed for the pull and push patient trajectories, with pull
patients having lower overall waiting times than average, as in current practice
most of these patients are subacute. Regarding the timeliness target fulfillment,
the model outputs an average of 85.13 patients breaching their targets, below
the value observed in practice (92). Moreover, generated input data, including
patient arrival histograms, care content, urgency level and process times, have
been compared and found to be consistent with the historical data. The out-
comes measured in the actual system and the output values obtained by the
model were considered close enough to regard the DES model as a close repre-
sentation of the actual system behavior, and therefore validated. The final DES
model and corresponding outcomes therefore served as the baseline case for
running the computational experiments previously described.

Figure 4.5 shows the effect of increasing the number of pull patients on the
overall waiting times. The grey boxes indicate the 95% confidence interval of
the average, while the whiskers represent the minimum and maximum values
found over the 15 replications. Results show that with the increase of pull pa-
tients, the waiting times tend to slowly increase, ranging from 7.8 on the baseline
case to an 8.9 maximum, when all patients are scheduled on a pull way. Never-
theless, the addition of some tumor sites like lung or prostate, to a pull strategy,
do not impact waiting times considerably. Figure 4.6 shows the evolution of the
number of patients breaching the national waiting time targets: 1 day for acute
patients, 10 days for subacute, and 28 days for regular. Overall, the number of
breaching patients tends to decrease with the use of a pull strategy. The average
number of patients starting treatment after their due date goes down from 87.7

68

143707 Vieira BNW.indd   74 03-06-20   16:14



4.4. Discussion

to 51.9, with the maximum topping at 118 patients over all replications when all
patients are scheduled on a pull fashion. Figure 4.7 shows how a pull strategy
affects number of first fraction rebooks, i.e. when the pre-treatment workflow
cannot be completed before the pre-scheduled date. The more pull patients, the
more rebooks occur, with an increase from 69.5 (baseline) to 132.7 (all) in the
average number of occurrences.
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Figure 4.5 Box plot of the average waiting time (days) for different percentages of pa-
tients being scheduled in a pull manner for the workflow control analysis.

Table 4.6 shows the results of the scenario analysis. Balancing the consul-
tation slots had the greatest impact on the performance, by decreasing waiting
times from 7.8 to 6.2 days (20.8%) while providing a reduction in the number
of patients breaching their waiting time targets from 88 to 23 (74%). Similarly,
by not having a pre-allocation of time slots in the CT scanners results show that
lower waiting times (17.3%) and fewer patients breaching their targets (57.8%)
could be achieved. As for treatment planning, results indicate that performance
would modestly improve by either having P3 planners doing lung and chest
wall patients (1.6%) or hiring an extra P4 full-time planner (1.4%). Balancing the
doctors’ time available for contouring throughout the week has shown not to
improve performance, providing the same average waiting time as the baseline
case.

4.4 Discussion

We have developed a discrete-event simulation model to assess the optimal bal-
ance between two different strategies for patient scheduling in RT: pull (sched-
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Figure 4.6 Box plot of the average number of patients starting treatment after the de-
sired waiting time for different percentages of patients being scheduled in a pull manner
for the workflow control analysis.
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Figure 4.7 Box plot of the average number of start of treatment rebooks for different
percentages of patients being scheduled in a pull manner for the workflow control anal-
ysis.
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Table 4.6 Results of the scenario analysis for the baseline case (i.e. 40% pull patients).

Scenario Average WT
days (95% CI)

# patients breaching
WT target (95% CI)

# first fraction
rebooks (95% CI)

Baseline (DES model) 7.8 (7.5, 8.1) 87.7 (68.1, 107.4) 69.5 (65.9, 73.2)
Spread consultation slots over the week 6.2 (6.1, 6.3) 22.5 (19.0, 26.0) 60.7 (56.4, 65.1)
No pre-allocation for CT 6.4 (6.4, 6.5) 37.1 (31.8, 42.4) 65.6 (62.4, 68.8)
Balance doctor availability for contouring 7.8 (7.5, 8.0) 80.9 (66.1, 95.6) 76.9 (73.4, 80.5)
Increase automated planning by 16.4 % 7.7 (7.4, 7.9) 74.2 (61.0, 87.4) 67.5 (62.9, 72.2)
One more full-time P4 planner 7.7 (7.4, 7.9) 77.3 (62.3, 92.4) 64.3 (60.3, 68.2)

ule at first consultation) and push (schedule after treatment planning), based
on the actual system data of the NKI. Results showed that increasing the pull
strategy from 40% to 100% reduces the number of patients starting treatment
after the WT target date from 87.7 to 51.9 (Figure 4.6), on average. By setting
a start of treatment right at the beginning of the process, the control over the
work-in-progress obviously increases and there is a lower risk of having de-
layed patients. This can be achieved at a cost of a maximum of one day increase
in the average waiting times (Figure 4.5). A push strategy, by allowing work to
flow continuously throughout the RT chain, provides up to 1.1 days reduction
in the average waiting times. However, in moments of high workload and/or
reduced staff availability while using a push system, some patients may have to
wait longer than desired and consequently breach their WT target date, which
can be mitigated by a pull strategy. As expected, the percentage of first appoint-
ment rebooks gradually increases with a pull strategy, due to non-completion of
the pre-treatment phase on time to a maximum of 2.7% (Figure 4.7). Moreover,
we have found that applying a pull strategy for certain tumor sites has greater
impact on performance than for others. For instance, by adding prostate, brain
and head-and-neck patients to the pull group, we verified that waiting times
remained constant while the number of breaching patients slightly decreased.
This may indicate that there is enough capacity in the department to accommo-
date these patients working on a pull strategy without increasing waiting times.
In fact, the process of increasing the number of patients working on a pull fash-
ion can be gradual. For instance, by scheduling all breast patients in addition
to the baseline case, thus increasing the total number of pull patients from 40%
to 60%, may allow achieving a 17.3% decrease on patients breaching the wait-
ing time targets, with an increase on the average waiting time (6.4%) and the
number of first appointment rebooks (11.5%).

A scenario analysis of possible interventions performed on the baseline case
(40% pull patients) has shown that distributing consultation time slots evenly
throughout the week has the highest impact on the measured performance.
As shown in Table 4.6, by spreading consultations slots evenly over the week
and thus keeping workload less variable throughout the chain, average waiting
times can potentially decrease from 7.8 to 6.2 days. Although we understand
that this may not be straightforward to implement due to the complex doctor
schemes and busy agendas, it is an insight that may encourage decision makers
to strive for consultation slots spread throughout the week as much as possible
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for each specialty. In addition, by not having pre-allocated time slots for CT
scheduling the average waiting times and number of patients breaching the tar-
gets can potentially decrease by 12.7% and 57.8%, respectively (see Table 4.6).
However, since most of the allocated time slots are dedicated to acute and bone
metastasis patients, the impact on delays of these patient types would need to
be further explored before an actual implementation. Our findings also showed
that spreading the availability of doctors to perform contouring over the week
does not increase performance, suggesting that the current doctors’ agenda is
well synchronized with the patient throughput for contouring. Moreover, our
study showed that the increasing the number of planning RTTs does not im-
prove performance significantly when compared to other scenarios, as the addi-
tion of an extra full-time RTT with the highest skill level of planning provided a
marginal decrease of 1.4% in waiting times and 11.9% in the number of patients
breaching the WT targets. Similarly, we found that upgrading the skill level
of P3 planners to perform lung and chest wall patients did not impact results
considerably from a logistics point of view.

Despite all the insights obtained with the DES model, there are a few limita-
tions to our simulation study. The model is not able to fully capture the behavior
of clinicians, as they may for example stay at work longer than expected to fi-
nalize certain tasks and avoid delaying the process of more urgent cases or skip
certain meetings to do contouring when their clinical workload is high. Given
the lack of clinical data regarding these situations, we overlook this possibility
in the model. Moreover, each treatment plan needs to be checked and approved
by a medical physicist before the first fraction is delivered. However, in the NKI
a medical physicist is called by the planning RTT right after completion of the
treatment plan. Therefore, there is no delay due to this step. In addition, the
treatment plan may need to be improved or modified as a result of the medi-
cal physics check, thus requiring extra time to complete the treatment planning
phase. We have overlooked these situations in our model as they account for
less than 1% of the cases.

4.5 Conclusions

A 100% pull strategy, in which patients are scheduled a start of treatment right
after consultation, provides increased predictability on the fulfillment of wait-
ing time targets in detriment of a small increase in the average waiting times
when compared to a push strategy. These findings are useful to support policy
making in RT regarding their workflow control strategies and help RT centers
achieve a desired service level within their resource constraints. Some centers
may accept having slightly longer waiting times if that means having their pa-
tients informed about the start date for treatment date right at consultation, thus
decreasing the discomfort and psychological distress associated with waiting
for a date to start treatment. Moreover, DES has proved to be a powerful tool
that provides an overview of the actual system and can help RT managers find
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bottlenecks and opportunities for performance improvement with recourse to
visualization tools. Managerial interventions can be tested with little effort after
a valid and robust model has been constructed, and the consequences of alter-
native input parameters can be quickly estimated.

As a follow up of this study, we want to implement and test extending the
number of patients being scheduled in a pull way in the RT department of the
NKI (e.g. all breast patients) and perform a pre-post performance evaluation
to verify whether our theoretical results hold in practice. Furthermore, as the
modeled processes and the patient mix are standard among RT centers, the pro-
posed model can also be applied to other centers with a similar workflow and
resource schemes.

4.6 Appendix
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Table 4.7 List of care plans in the NKI (2017) and corresponding data used for model
inputs.

Care plan Tumor site # patients # acute # subacute # regular
# patients

with planned
delay

Prob. P2 P2 time
(min)

P3 time
(min)

P4 time
(min)

Anus +/- inguinal lymph node Others 22 0 0 22 1 0.05 60 - 480
Adrenal Stereotaxic Others 7 0 0 7 0 0.00 - - 420
Bladder Others 43 0 2 41 2 0.02 60 - 240
Bladder (partial) Others 22 0 0 22 5 0.00 - - 240
Chest wall Chest wall 45 0 0 45 20 0.02 60 - 120
Chest wall+Axilla Chest wall 114 0 0 114 57 0.85 90 - 240
Chest wall+Axilla+Parasternal Chest wall 15 1 1 13 7 0.60 120 - 240
Chest wall+Parasternal Chest wall 3 0 0 3 2 0.33 60 - 240
Chest wall (bsu) Chest wall 2 0 1 1 1 1.00 60 - -
Bone metastasis Bone met. 1119 53 1006 60 32 0.93 60 - 300
Bone metastasis Stereotaxic Bone met. 56 0 1 55 1 0.14 60 - 420
Brachy Bladder Others 15 0 0 15 0 0.00 - - -
Brachy Cilinder Others 21 0 0 21 0 0.05 60 - -
Brachy Intrauterine Others 27 0 0 27 0 0.00 - - -
Brachy IOBT Others 1 0 0 1 0 0.00 - - -
Brachy Oesophagus Others 1 0 0 1 0 0.00 - - -
Brachy Prostate Others 6 0 0 6 0 0.00 - - -
Uterus Others 43 0 2 41 4 0.02 60 - 360
Endometrium Others 17 0 0 17 1 0.06 60 - 360
Neck (bsu) Others 9 0 8 1 1 1.00 60 - -
Brain 1 fraction Brain 140 0 10 130 2 0.14 60 - 360
Brain several fractions Brain 94 0 5 89 3 0.09 60 - 360
Brain (whole) Brain 166 2 134 30 8 1.00 60 - -
Brain Electrons Others 6 0 0 6 1 0.17 60 - 360
Lymph node Stereotaxic Others 22 0 0 22 3 0.00 - - 300
Head-and-neck Head&neck 237 0 2 235 21 0.00 60 - 480
Head-and-neck (palliative) Head&neck 4 0 0 4 1 0.25 60 - 480
Larynx 2vs Others 2 0 0 2 0 0.00 - - 480
Liver Others 34 0 1 33 1 0.03 60 - 600
Lung (palliative) Lung 65 1 51 13 5 0.42 60 - 690
Lung Lung 283 1 8 274 15 0.08 60 - 690
Lung (bsu) Lung 50 0 46 4 2 0.90 60 - 690
Lung Stereotaxic Lung 239 0 2 237 11 0.01 60 - 420
Lymphoma Others 43 0 2 41 6 0.07 60 - 300
Lymphoma (bsu) Others 18 0 3 15 2 0.78 60 - 300
Stomach Breast 14 1 1 12 2 0.21 60 - 360
Breast Breast 777 0 7 770 276 0.03 60 120 120
Breast+Axilla Breast 180 0 0 180 69 0.63 90 240 240
Breast+Axilla+Parasternal Breast 19 0 0 19 9 0.53 120 240 240
Breast+Parasternal Others 1 0 0 1 0 1.00 60 120 120
Esophagus Others 78 1 5 72 9 0.09 60 - 360
Esophagus (palliative) Others 22 1 18 3 1 0.55 60 - 360
Axilla (virtual) Others 5 0 4 1 0 0.60 60 - 300
Orbit (eye socket) Others 1 0 1 0 0 0.00 - - 480
Ovaries Others 5 0 2 3 1 0.00 - - 360
Others Others 186 0 138 48 18 0.07 60 - 300
Others (bsu) Others 62 1 56 5 2 0.87 60 - 300
PAO (+/- iliac single-sided) Others 1 0 0 1 0 0.00 - - 240
Penis Others 11 0 1 10 0 0.00 - - 480
Prostate Prostate 243 0 1 242 12 0.01 60 150 150
Prostate+Pelvic lymph nodes Prostate 61 0 0 61 8 0.00 - 420 420
Prostatic bed Prostate 36 0 0 36 2 0.00 - 300 300
Prostatic bed+Pelvic lymph nodes Prostate 25 0 0 25 5 0.00 - 420 420
Rectum / Sigmoid Others 88 0 4 84 6 0.02 60 300 300
Rectum 13 x 3 Gy Others 6 0 5 1 0 0.00 - 300 300
Rectum 5 x 5 Gy Others 57 1 0 56 2 0.00 - 300 300
Sarcoma abdominal/thoracic wall Others 13 0 0 13 4 0.00 - - 240
Sarcoma extremity Others 31 0 4 27 2 0.03 60 - 480
Sarcoma retroperitoneal Others 9 0 0 9 0 0.00 - - 240
Spinal cord Others 37 0 1 36 4 0.16 60 - 480
Vagina Others 5 0 0 5 1 0.00 - - 360
Vulva +/- inguinal lymph nodes Others 9 0 0 9 2 0.00 - - 420
Total 4973 63 1533 3377 650
% of patient population 1.3% 30.8% 67.9% 13.1%

74

143707 Vieira BNW.indd   80 03-06-20   16:14



CHAPTER 5

Radiotherapy treatment scheduling
considering time window preferences

5.1 Introduction

With the increasing demand for radiotherapy (RT) services [92], which is ex-
pected to grow by an average of 16% until 2025 [8], the complexity related to
the administration of existing RT resources (machines and staff) has become
increasingly relevant [105, 106]. Radiotherapy treatments, usually given in a
set of (daily) irradiation sessions, are administered by a machine called linear
accelerator (linac), which is able to kill cancer cells by delivering high-energy
radiation directed to the tumor. The growing number of treatment sessions to
be booked amongst the available machines makes the scheduling process espe-
cially complex for RT centers aiming at delivering timely and patient-friendly
treatments. Not only has it been shown that delays in the start of treatment
may induce greater psychological distress in patients subject to longer waiting
times [63], but also that 80% of the patients prefer a short interval (two weeks
or less) between referral and first oncology consultation [70]. The problem of
scheduling RT treatment sessions for large varieties of treatment care pathways
and technical constraints has been tackled by several studies in the current lit-
erature [107]. Models exist for assigning patients’ irradiation sessions to linacs
and days [22, 88], with some studies addressing not only the scheduling com-
ponent but also the sequencing of patients throughout the day [60]. While an
overview on RT capacity in European countries [86] has shown that RT cen-
ters in most Western European countries are provided with enough capacity to
treat all patients in due time, a survey amongst six Dutch RT centers within this
project has shown the need to include patient preferences in the scheduling pro-
cess. For these centers, asking patient preferences and integrating them into the
schedule production process was common practice as they wanted to provide a
better treatment experience to patients who want to maintain their routines and
daily schedules during treatment. They showed that the quality of care, from
a patients’ perspective, increased when patients feel involved into the schedul-
ing process and experience the provider trying to satisfy their personal prefer-
ences for the (several) number of visits they must pay to the hospital. Moreover,
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literature shows that patients have different preferences regarding the time of
their appointments, emphasizing the importance of fulfilling those for increased
patient-centeredness [70]. The goal of these RT centers is to schedule irradi-
ation sessions such that all patients start treatment in due time, medical and
technological constraints are satisfied, and the fulfilment of patient preferences
regarding the starting time of their sessions is maximized. According to these
RT centers, patients have shown the desire for specific appointment times for a
variety of reasons, such as avoid traffic peak times, manage to keep their nor-
mal work schedule, or coordinate the RT treatment with their daily routines and
hobbies. However, manual endeavours to produce such a schedule by (several)
staff members are usually time consuming, prone to errors, and keen to find
sub-optimal solutions regarding the fulfillment of patient preference requests.

Previous studies have approached different variants of the RT treatment
scheduling problem and several methods have been proposed to solve it [107].
Sauré et al. [88] formulated the problem as a discounted infinite-horizon Markov
decision process, showing that the percentage of treatments initiating treatment
within 10 days can potentially increase from 73% to 96%. Legrain et al. [59]
proposed a two-step stochastic algorithm for online scheduling of RT sessions,
with results showing an average decrease in the number of patients breaching
the standards of 50% for acute patients and 81% for subacute patients. Con-
forti et al. [22] developed an integer linear optimization program modeled in a
non-block scheduling strategy, ensuring a linacs’ utilization rate of 95% while
minimizing the mean waiting times. Petrovic et al. [74] propose three genetic
algorithms (GAs) for minimizing waiting time target breaches when scheduling
emergency, palliative and radical patients. Results showed a potential reduc-
tion of average waiting times for radical (35 to 21.48 days) and palliative (15
to 13.10 days) patients. Although efficient methods for scheduling RT sessions
have been proposed, the literature in relation to optimizing the sequencing of
patients throughout the day is rather scarce [107]. However, as discussed above,
besides complying with timeliness requirements and technical constraints, RT
centers are often faced with the problem of finding a schedule that maximizes
patient preferences regarding the starting time of irradiation sessions. In more
recent years, two models have been proposed [65, 109] to optimize intra-day
linac schedules in a way that starting time of irradiation sessions do not devi-
ate from a pre-defined target time by more than a certain threshold (30 min-
utes in both [65] and [109]). Vogl et al. [109] modeled the problem for an ion
beam facility (in which a single particle beam serves multiple treatment rooms).
They included time window constraints whose violations are penalized in the
objective function, which minimizes the idle time of the particle beam unit. Us-
ing real-world inspired data, they found that a combination of two stand-alone
metaheuristic approaches leads to the best results when compared to a genetic
algorithm and iterated local search. Maschler and Raidl [65], on the other hand,
proposed an enhanced iterated greedy (EIG) metaheuristic to solve the patient
scheduling problem with limited starting time variation between sessions in
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particle therapy. Computational experiments using fictitious data showed that
the EIG method outperforms two other metaheuristics in 26 out of 30 instances.
However, these two studies focus on particle therapy (PT), and thus cannot be
applied directly to conventional external-beam RT since the technical and medi-
cal constraints vary considerably. For instance, in particle therapy a single beam
source is used by multiple treatment rooms, but only one room can use the beam
source at a time. Moreover, in both studies, patient preferences are not taken into
account, and only approximation methods are able to solve the problem in ac-
ceptable time due to the complexity of the mathematical formulations and high
number of constraints involved. On a hospital-wide setting, Gartner et al. [37]
present exact and heuristic methods for the scheduling and routing of physical
therapists where scheduled treatment sessions are bounded to pre-defined time
windows. However, they optimize their models for the minimization of waiting
times only and do not allow for sessions to be scheduled outside the required
time window.

Overall, most models presented in the current literature focus on deciding
on the specific day and linac of each irradiation session, with the sequencing of
patients in each linac and each day being either neglected or determined in a
secondary stage. Studies addressing the sequencing problem considering time
windows are developed in the context of PT, thus they are not directly applica-
ble to conventional RT. No studies have been found where optimization models
integrate patient preference structures when deciding on the appointment times
of irradiation sessions in conventional external-beam RT. In this paper, we pro-
pose a mixed-integer linear programming (MILP)-based approach for schedul-
ing and sequencing RT treatment sessions. Our model takes all the medical and
technical constraints into account, and maximizes the satisfaction of time win-
dow preferences given by patients for the starting time of their appointments.
To solve the problem more efficiently for larger instances, we propose a heuris-
tic procedure that pre-assigns patients to linacs before using the MILP model to
solve each of the subproblems (subset of patients and linacs) independently. We
compare the performance of the MILP model alone and the combined approach
regarding solution quality and CPU time for different instance sizes. The fea-
sibility of our algorithm is tested using real-world data from the Netherlands
Cancer Institute (NKI), a large RT center located in Amsterdam, the Nether-
lands, with approximately 5000 new treatments per year and eight linacs oper-
ating on a daily basis. Although patient preferences are currently not recorded
in the NKI and thus data regarding patient preferences is not available, we have
performed a sensitivity analysis on both the preference structure breakdown
and the size of the possible time windows being made available for patients to
choose from.

This paper is organized as follows: Section 5.2 contains the formal problem
description. The methodology including our MILP model and the algorithm to
pre-assign patients to linacs are presented in Section 5.3. Section 5.4 presents the
computational experiments performed using real-world data from a large RT
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department. The analysis and discussion of the results are described in Section
5.5, and Section 5.6 outlines the major conclusions of this study.

5.2 Problem description

In the RT scheduling problem, the aim is to schedule a set of treatment sessions
for a set of cancer patients P over a given planning horizon T , discretized in
time periods t = 1, ..., |T |. Each patient has a certain due date di, which defines
the maximum date a patient should start treatment before the maximum wait-
ing time target is achieved. Treatment sessions are delivered by a set of linear
accelerators K. The capacity of each linac is given by the number of available
time slots |S| of duration l. Each session of each patient i ∈ P has an estimated
processing duration quantified as a pre-defined number of time slots pi. Most
sessions are delivered on a daily basis, however some patients (e.g. hypofrac-
tionation schemes) may require (at least) one day off between two consecutive
treatment sessions. Typically, every linac is capable of treating patients from all
tumor types. However, some RT centers such that of the NKI may have a master
schedule (pre-allocation) indicating that some patient groups must be assigned
to a restricted set of linacs. For instance, brain patients may only be allowed to
be scheduled on the technologically most advanced linacs as patients with this
tumor site benefit the most from higher precision levels of the linac’s delivery.
Factors such as the accuracy level and other technologies (such as cone-beam
CT) of the linacs, departments may want to pre-allocate certain patient groups
to certain linacs. In case a pre-allocation exists, each patient must receive treat-
ment in one of the linacs pre-allocated to his/her patient group (Ki). The dura-
tion of treatment sessions typically vary per patient group, but sessions of each
individual patient usually have the same duration throughout the whole treat-
ment. Besides, we assume that RT centers aim at delivering all RT sessions on
the same linac for each given patient. Although there are no technical or medical
constraints that enforce this as a necessary condition, from a patient perspective
it is highly desirable that patients receive their daily sessions on the same linac
such that they always see the same facilities and personnel throughout most of
the treatment. In addition, due to the combination of RT with other treatment
modalities, such as chemotherapy, some patients may need to start treatment on
a Monday to guarantee a proper coordination between the different treatment
modalities. Moreover, because the first irradiation fraction of each patient may
take longer than expected due to the need of explaining the whole process to
the patient, RT centers commonly set a threshold T limiting the number of new
patients who are scheduled to start treatment on the same linac and the same
day in order to avoid congestion. Besides, for some patients there may be the
need of guaranteeing that specialized staff (e.g. doctors) are in the department
during the delivery of irradiation sessions to certain patients (P f ) in case unex-
pected complications occur. In these cases, a time frame [ f t, f

t
] must be set to

bound the starting time of all irradiation sessions of those patients.

78

143707 Vieira BNW.indd   84 03-06-20   16:14



5.2. Problem description

Apart from the fulfillment of all the medical and technological constraints,
in this problem we consider that RT centers are interested in finding a (weekly)
schedule that minimizes the number of appointments scheduled outside the
preferential time window requested by patients. This means that RT centers can
run the model during the last workday of the previous week (i.e. Friday). Thus,
data regarding (regular) patients to be scheduled is known by the beginning of
the planning horizon, allowing to build a deterministic model to be used at an
offline operational level (for a definition of the different hierarchical planning
levels, see Hulshof et al. [44]).”. Although other sources of uncertainty (session
duration, no-shows, sessions’ cancellations, linac breakdowns) exist, we veri-
fied that the percentage of occurrences of deviations between the planned and
the realized values was lower than 1% for each case. Thus, we assumed these in-
put parameters as deterministic, focusing on the performance of the “planned”
solution regardless of the modifications that may be required at an online op-
erational level. In our model, the goal is that the starting time of the sched-
uled sessions falls within the patients’ desired time window [tmin

i , tmax
i ] con-

sistently. Figure 5.1 depicts a possible weekly schedule of a linear accelerator in
external-beam RT with time window preferences. Note that appointments times
are, for most patients, consistent throughout the week. Let us assume that, in
this schedule, Patient 1 had requested their sessions to be booked between slots
1-3 inclusive. Then, two (Tuesday and Thursday) out of five sessions would
fall outside the desired window. Considering that all appointments of all other
patients in Figure 5.1 are set within the requested time window, then the per-
formance value of the solution for this linac would be equal to 23/25, i.e. 92%
of the appointments are booked within the requested time window. In this pa-
per, we propose a method that aims at maximizing the percentage of sessions
falling within the requested time window for patients and linacs of real-world
RT centers.

Monday Tuesday Wednesday Thursday Friday

slot 1

slot 2

slot 3

...

slot s

slot s + 1

...

slot |S| − 2

slot |S| − 1

slot |S|

Patient 1

Patient 1

Patient 1

Patient 1

Patient 1

Patient 2 Patient 2 Patient 2 Patient 2 Patient 2

Patient 3 Patient 3 Patient 3

Patient 5 Patient 5 Patient 5

Patient 5 Patient 5
Patient 4 Patient 4 Patient 4

Patient 4 Patient 4

Patient 6 Patient 6

... ... ... ... ...

... ... ... ... ...

Figure 5.1 Example of a weekly schedule of a linear accelerator in RT.
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5.3 Methodology

In this section we present the methodology developed to solve the RT schedul-
ing problem with time window preferences given by patients for the starting
time of their sessions. We use the notation presented in Table 5.1 to formulate
the MILP model and the heuristic procedure designed to pre-allocate patients
to linacs presented in Algorithm 1.

Table 5.1 Notation of the MILP model.
Parameter Description
P set of patients to be scheduled (i, j ∈ P)
K set of linear accelerators (k ∈ K)
S set of time slots per linac (s ∈ S)
T set of time periods (days) in the planning horizon (t ∈ T )
Pn set of patients who have not started treatment (Pn ⊆ P)
Pm set of patients who must start treatment on monday (Pm ⊆ P)
P f set of patients with restricted time frame for treatment sessions (P f ⊆ P)
Ki set of feasible linacs for treating patient i (Ki ⊆ K)
T maximum number of patients starting treatment in the same linac and same day
l time slot duration, in minutes, in each linac, each day
akst 1 if slot s of linac k is available on time period t, 0 otherwise
f t, f

t
lower and upper bound of the restricted time frame set for time period t

Ii number of total remaining sessions to be delivered to patient i
di due date: time period by which patient i must start treatment
pi duration, in number of time slots, of each session of patient i
bi number of time periods needed between sessions of patient i (1 for consecutive daily sessions)
tmin
i , tmax

i lower and upper bound of the time window preference for patient i
ci linac in which patient i /∈ Pn is currently undergoing treatment
Ck weekly capacity, in minutes, of linac k
vol(i) expected weekly session time, in minutes, for patient i
WL(k) workload, in minutes of session time, assigned to linac k
Variable Description
xt

iks 1 if patient i is scheduled a session starting on time slot s of linac k in day t, 0 otherwise
yt

ik 1 if new patient i starts treatment in period t and linac k, 0 otherwise
Δ−

it , Δ+
it lower and upper deviation, in minutes, from preference time window of patient i in time period t

5.3.1 Mathematical programming model
The problem is formulated such that the capacity of each linac is divided in time
slots s = 1, ..., |S| of duration l. When scheduled, patients’ sessions are assigned
a certain starting time slot on a certain linac and day. To this end, we introduce
binary variables xt

iks, which take the value 1 if patient i is scheduled for a session
starting on time slot s of linac k in day t, and 0 otherwise. If a certain starting
slot is assigned to a patient, we prevent the following slots needed to achieve
the corresponding patient’s session duration on that same linac and day from
being assigned to other patients.

Objective function

The objective (5.1) is to minimize the overall deviation between the bounds of
the preferred time window [tmin

i , tmax
i ] given by patients and the starting time
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of their appointments. Real variables Δ−
it and Δ+

it are used to represent this de-
viation for each patient in each day. Binary variables yt

ik are auxiliary variables,
which will be equal to 1 if a new patient starts his/her treatment in period t and
linac k, and 0 otherwise.

min ∑
i∈P\{1}

∑
t∈T

(Δ−
it + Δ+

it ) (5.1)

The technical and medical constraints described in Section 5.2 are modeled
as follows:

Sessions’ assignment constraints

Inequalities (5.2)-(5.4) ensure that patients receive their sessions on the same
linac and with the required frequency bi until the number of sessions or the
end of planning horizon is reached. Constraints (5.2) and (5.3) force the nec-
essary sessions to be booked, at least every bi days, as soon as a first session
is scheduled. Constraints (5.4) avoid unnecessary sessions from being sched-
uled in days occurring between the days of the sessions booked by constraints
(5.2)-(5.3) when bi > 1.

∑
s∈S

xt
iks − ∑

s∈S

t−1

∑
t′=1

xt′
iks ≤ ∑

s∈S
xn

iks,

∀i ∈ P , ∀k ∈ K, ∀t = 2, ..., T ,
∀n = t + bi, t + 2bi, ..., min{|T |, t + bi(Ii − 1)} (5.2)

∑
s∈S

x1
iks ≤ ∑

s∈S
xn

iks, ∀i ∈ P , ∀k ∈ K,

∀n = bi + 1, 2bi + 1, ..., min{|T |, bi(Ii − 1) + 1} (5.3)

1 − ∑
s∈S

xt
iks ≥ ∑

s∈S
xn

iks, ∀i ∈ P , ∀k ∈ K,

∀t = 1, ..., |T | − bi, ∀n = t + 1, ..., t + bi − 1, bi ≥ 2 (5.4)

Limitations on the number of sessions

Inequalities (5.5) limit the number of sessions that each patient can receive to
a maximum of one per day. Constraints (5.6) restrict the number of sessions
delivered during the planning horizon to the number of remaining sessions for
that patient.

∑
k∈K

∑
s∈S

xt
iks ≤ 1, ∀i ∈ P , ∀t ∈ T (5.5)

∑
k∈K

∑
s∈S

∑
t∈T

xt
iks ≤ Ii, ∀i ∈ P (5.6)
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Timeliness constraints

Constraints (5.7) impose that every patient starts treatment before their due date
di. Note that for patients who need to start treatment on a Monday one can set
di = 1.

∑
k∈K

∑
s∈S

di

∑
t=1

xt
iks ≥ 1, ∀i ∈ P (5.7)

Linacs’ capacity constraints

Constraints (5.8) ensure that each (available) slot of each linac is scheduled at
most one session per day, and restrictions (5.9) ensure that each patient is as-
signed to a feasible linac by preventing sessions of being assigned to slots of
linacs that do not belong to Ki.

∑
i∈P

xt
iks ≤ akst, ∀k ∈ K, ∀s ∈ S , ∀t ∈ T (5.8)

∑
s∈S

∑
t∈T

xt
iks ≤ 0, ∀i ∈ P , ∀k ∈ K \ {Ki} (5.9)

Maximum number of patients starting treatment per linac per day

Constraints (5.10)-(5.11) force variables yt
ik to take the value 1 if a new patient i

starts treatment on linac k and day t, while equations (5.12) use these auxiliary
variables to limit the number of patients starting treatment on the same linac
and same day to the pre-defined threshold C.

yt
ik ≥ ∑

s∈S
xt

iks − ∑
s∈S

xt′
iks, ∀i ∈ Pn, ∀k ∈ K, ∀t = 2, ..., T ,

t′ = max{1, t − bi} (5.10)

y1
ik ≥ ∑

s∈S
x1

iks, ∀i ∈ Pn, ∀k ∈ K (5.11)

∑
i∈Pn

yt
ik ≤ C, ∀k ∈ K, ∀t ∈ T (5.12)

Session duration constraints

Restrictions (5.13) prevent the remainder of the time slots needed to achieve
the session duration pi after the chosen starting slot (xt

iks) from being assigned
to other patients on the same linac and day. Inequalities (5.14) ensure that the
starting slot of sessions with a duration of two or more slots are not assign to
the last slot(s) of the day.
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xt
iks ≤ 1 − ∑

i′∈P
xt

i′ ,k,s′ , ∀i ∈ P , ∀k ∈ K,

∀s = 1, ..., |S| − pi + 1, ∀t ∈ T ,

∀s′ = s + 1, ..., s + pi − 1, pi ≥ 2 (5.13)

xt
iks = 0, ∀i ∈ P , ∀k ∈ K, ∀s = |S| − pi + 2, ..., S,

∀t ∈ T , pi ≥ 2 (5.14)

Time window constraints

Constraints (5.15) force treatment sessions of each patient to fall within the re-
stricted time frame set by the department due to the need of ensuring that spe-
cialized staff are present during the sessions of the applicable patients (P f ).
Equations (5.16) set variables Δ−

it and Δ+
it to take a non-zero value if a session’s

starting time deviates from the desired lower and upper bounds, respectively,
and constraints (5.17) are the non-negativity constraints associated with the real
variables.

xt
iks ≤ 0, ∀i ∈ P f , ∀k ∈ K, ∀s ∈ S , ∀t ∈ T ,

s < f t, s > f
t

(5.15)

tmin
i xt

iks − Δ−
it ≤ l(s − 1)xt

iks ≤ tmax
i xt

iks + Δ+
it ,

∀i ∈ P , ∀k ∈ K, ∀s ∈ S , ∀t ∈ T (5.16)

Non-negativity and integrality constraints

Δ−
it ≥ 0, Δ+

it ≥ 0, ∀i ∈ P , ∀t ∈ T (5.17)

xt
iks, yt

ik ∈ B, ∀i ∈ P , ∀k ∈ K, ∀s ∈ S , ∀t ∈ T (5.18)

5.3.2 Patient-to-linac assignment
As we demonstrate in Section 5.4, the proposed MILP model alone is not capable
of solving the problem for larger RT centers (three linacs or more) in acceptable
computation time. In these cases, we apply a heuristic procedure (Algorithm 1)
to pre-assign patients to linacs, and use the MILP model to solve the sequencing
problem for each subset of linacs, hereby referred to as “clusters”. In Algorithm
1, Ck represents the weekly capacity of the linacs, in minutes, vol(i) represents
the total session time expected during the whole planning horizon for patient i,
while WL(k) contains the workload, measured in total minutes of session time,
in each linac k.
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Algorithm 1: Pseudo-code of the procedure that pre-allocates patients to
linacs.
1 initialization;
2 compute Ck = ∑

s∈S
∑

t∈T
akst.l, ∀k ∈ K ;

3 compute vol(i) = max{Ii,
⌈
|T |
bi

⌉
}.pi, ∀i ∈ P ;

4 compute WL(k) = ∑
i∈P\{Pn},

ci=k

vol(i), ∀k ∈ K ;

5 for i ∈ Pn do
6 sort Ki in decreasing order of WL(k) ;
7 for k ∈ Ki do
8 if WL(k) + vol(i) ≤ Ck then
9 assign patient i to linac k ;

10 WL(k) ← WL(k) + vol(i) ;
11 remove patient i from Pn ;
12 break last cycle;
13 end
14 end
15 end

The algorithm initiates by computing the initial values of each parameter.
Note that patients undergoing treatment (i ∈ P \ {Pn}) are already assigned
to a linac, and thus the initial values WL(k) will be given by the total patient
volume undergoing treatment on linac k by the beginning of the planning hori-
zon. The variable WL(k) associated with linac k keeps track of the total volume
(number of sessions times the duration) assigned to that linac. Next, and for
each new patient i ∈ Pn, the algorithm sorts the set feasible linacs Ki in increas-
ing order of WL(k). This way, the algorithm first searches the less busy linacs
to foster a balanced workload. Starting from the top of the list of feasible linacs
for patient i, the algorithm checks whether the current patient’s volume vol(i)
fits the current available capacity Ck and, if so, assigns the patient to that linac,
updating the value of WL(k) by the total volume vol(i) of the patient being as-
signed. If the patient has been assigned to k, patient i is removed from the list
and the algorithm proceeds to the next patient. If not, the procedure continues
to search for the next linac on the list until a feasible linac is chosen. Algorithm
1 therefore assumes that there is enough linac capacity to treat the whole pa-
tient population P being scheduled in order to find a feasible pre-assignment
solution.
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5.4 Computational experiments

This section presents the results of the computational experiments we have per-
formed with our model. Section 5.4.1 describes the instance generator using
historical patient data from the RT department of the NKI. Section 5.4.2 shows
the results for several instance sizes using the NKI historical records to gener-
ate patient data for a reduced number of linacs. In Section 5.4.3 we solve the
problem for the NKI size (eight linacs) using a method that combines our MILP
model and the Algorithm 1, and Section 5.4.4 describes a sensitivity analysis
performed to analyze the impact of the variation of patient requests and the
competition for the same time window.

The MILP model and Algorithm 1 were coded in C++ using Visual Studio
2017 and the Concert Technology of CPLEX v12.8.0, which was used as a solver.
All experiments were conducted on a desktop computer with a processor Intel i7
3.6 GHz and 16 GB of RAM using up to 8 threads, running on a 64-bit version of
Windows 10. In our case study, the goal is to find a weekly schedule (Monday to
Friday), which means that RT centers can hypothetically run the model during
the last workday of the previous week (i.e. Friday) so that the maximum amount
of patient data is known. The maximum allowed CPU time was set to 28800
seconds (8 hours) per run.

5.4.1 Historical patient data used for generating test instances
Patient characteristics are generated according to empirical distributions gener-
ated using historical data collected throughout 2017 (number of new treatment
courses = 4720). In our instance generator, we start by randomly attributing a
care plan (i.e. care trajectory) to each patient. There are 56 care plans in total,
with the largest being "Bone metastasis" (23.3%) and “Breast” (16.5%). There-
after, we generate the number of sessions Ii of each patient, which can vary
between 1 and 35 sessions depending, to a large extent, on the care plan. For
instance, nearly half of all prostate patients will undergo 35 sessions, while 65%
of all bone metastasis patients are prescribed 3 sessions or less. Similarly, the
urgency level of each patient, which can be either urgent (34%) or regular (66%),
is randomly assigned according to historical data associated with his/her care
plan. The due date (di = 1, ..., 5) of new patients (35% of the patient population)
is generated as follows: we calculate, for each patient, the difference between
the maximum waiting time according to the standards defined by the Dutch
Society for Radiation Oncology (NVRO)[68] (21 days for urgent patients, and
28 days for regular patients) and the number of days elapsed from referral to
treatment planning. For instance, if for a regular patient i, who needs to start
treatment within 28 days of referral, the pre-treatment phase (referral to treat-
ment planning) took 25 days to complete, this value would be equal to 3. We
use the values verified in practice and corresponding proportions in the whole
2017, per care plan, to build empirical distributions from which due dates di

85

5

143707 Vieira BNW.indd   91 03-06-20   16:14



Chapter 5. Radiotherapy treatment scheduling considering time window
preferences

are randomly generated. The due date will be equal to 1 in case a patient is al-
ready undergoing treatment, and in case of new patients who need to start their
treatment on a Monday (Pm). The target due date already takes into account
eventual delays due to medical or personal reasons, which are usually known
by the beginning of the pre-treatment phase (consultation) and will be reflected
in the waiting time target date set by the department. Furthermore, the duration
of each session pi is also assigned empirically on a care plan basis, ranging from
10 to 30 minutes, in multiples of 5 minutes. Data shows that the majority of
patients will be scheduled 15-min sessions (60.5%), with 19.9% patients having
sessions of 20 minutes or longer.

The daily available time for delivering irradiation sessions in the clinic
ranges from 07h30 to 17h30, thus |S| = 120 by considering l = 5 min. We
solve the problem for a planning horizon of one labour week, discretized in
time periods of one day (|T | = 5). The restricted time frame (wt, wt) due to the
need of guaranteeing that doctors are always present when irradiating ranges
from 08h30 to 17h00, which means that wt = 60, wt = 570, ∀t ∈ T . A total of 12
care plans (21% of the patient population) will require patients to be scheduled
between 08h30 and 17h00. In the NKI, patients belonging to a total of 4 care
plans (namely stereotactic and hypofractionation schemes) need at least 2 days
(48h) break between two sessions, corresponding to a total of 6% of the patient
population. Moreover, in the NKI a maximum of six new patients are allowed
to start treatment on the same linac and same day, thus C = 6.

In the NKI, patient preferences, i.e. the preferences given by patients for the
desired starting time of their irradiation sessions, are taken into consideration
when scheduling irradiation sessions. However, data regarding patient pref-
erences are not currently recorded in the clinic, and thus real data for patient
preferences cannot be used. Interviews with the appointment planners showed,
according to their empirical knowledge, that around 1 in 4 patients will have
a preference for the early morning (< 09h00), and 1 in 4 patients will want to
receive their sessions in the end of the day (> 16h00). From there, we assumed
that all other patients, including those who do not have a preference, will be
included in the group of the remaining 50% (09h00 - 16h00). Therefore, we ran-
domly generated time window preferences [tmin

i , tmax
i ] for both urgent and

regular patients as follows: 25% of patients have a preference for the morning
window (w1 = [0, 90]), 25% have a preference for receiving their RT sessions
later in the day (w3 = [510, 600]), while the remainder 50% of patients have a
preference set for the time window (w2 = [90, 510]). A sensitivity analysis on
the possible variations on these proportions is presented in Section 5.4.4.

5.4.2 Results for several instance sizes
To test our model, we generated a set of test instances with various sizes re-
garding the number of patients (|P|) and available linacs (|K|) for a planning
horizon of one labour week (|T | = 5). We generated patient data by using his-
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Table 5.2 Results of the MILP model for several instance sizes using NKI patient data.

# patients # linacs
# sessions
scheduled

# sessions
outside window

average deviation
(min) CPU time (s)

milp heur+milp milp heur+milp milp heur+milp milp heur+milp
33 1 123 123 4 4 (3.25%) 5 5.0 99.9 99.9
66 2 254 247 1 5 (2.0%) 15 8.0 499.6 17.2
99 3 - 379 - 23 (6.1%) * 16.5 * 218.7

132 4 - 361 - 22 (5.2%) * 28.2 * 1780.5
165 5 - 580 - 33 (5.7%) * 24.8 * 1175.8
198 6 - 700 - 40 (5.7%) * 24.0 * 3318.3
231 7 - 810 - 50 (6.2%) * 25.3 * 2705.2
260 8 - 925 - 31 (3.4%) * 13.2 * 393.5

torical data from the RT department of the NKI, a large cancer center operating
in the Netherlands provided with eight full-time working linacs and scheduling
an average of 260 patients per week.

We started by running experiments using the MILP model alone. In each test
instance, the patient-to-linac ratio of the NKI, i.e. 33 patients per linac per week,
is maintained. Given that we are scaling down the NKI problem for a subset
of the linacs, the pre-allocation of linacs to patient groups in the appendix of
Section 5.7 cannot be applied. Thus, we consider that all patients can be treated
by all linacs (Ki = K, ∀i ∈ P) by relaxing constraints (5.9).

As we can observe in Table 5.2, the proposed MILP model is able to find an
optimal solution that schedules all sessions within the desired time window for
all instance sizes up to 66 patients and 2 linacs within the CPU time limit. For
the instance with 2 linacs, the proposed formulation proved effective in finding
the optimal weekly schedule in less than 10 minutes of CPU time. However,
the CPU time limit of 8 hours was achieved for instances with 99 patients and
higher, possibly due to complexity introduced by the exponentially higher num-
ber of variables and constraints. Since the model was able to solve the prob-
lem for one linac in just 100 seconds, we used Algorithm 1 to pre-allocate pa-
tients to linacs as a pre-processing step (considering that all linacs are empty, i.e.
WL(k) = 0, ∀k ∈ K). We then apply the MILP model to solve the problem for
each linac independently. We denote this combined approach as “heur+milp”
in Table 5.2. We found that the combined approach is able to find a near-optimal
solution in a total CPU time of 55 minutes or less for all instance sizes. For the
NKI size (260 patients and 8 linacs), as few as 31 in 925 sessions were scheduled
outside the desired window in just 7 minutes of CPU time. The solutions ob-
tained by the combined approach schedule at most 6.2% of the sessions outside
the preferred time window, with the percentage lowering down to 2% for the
instance where the optimal solution is known (2 linacs). This indicates that the
solutions found by partitioning the problem are probably even closer to opti-
mality than the obtained percentages. Moreover, sessions scheduled outside the
time window were, on average, under 30 minutes away from the corresponding
windows. This shows that, with our approach, even sessions that are scheduled
outside the preferred time window are still close to the target window bounds.
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5.4.3 Results for the NKI size
In this section, we combine Algorithm 1 with the MILP model to solve the prob-
lem for the NKI size but now including the pre-allocation constraints (5.9). This
means that patients undergoing treatment are pre-assigned to the linac they
have been receiving their treatment, which is assigned randomly based on his-
torical data. Therefore, the initial workload values WL(k) of each linac k are
pre-processed before running the cycle of Algorithm 1 to allocate new patients
to linacs. Table 5.3 shows the results obtained after running Algorithm 1 for
the 260 patients generated for the NKI size instance. As we can see, the pre-
assignment solution provides a balanced workload amongst linacs, with an av-
erage of 2051.3 minutes and a maximum workload difference of 80 minutes be-
tween any pair of machines. Moreover, the number of patients assigned to each
linac is considered stable, with a standard deviation of 3.3 patients amongst the
8 linacs at an (expected) average of 33 patients per linac. Utilization rates rep-
resenting the percentage of the daily capacity (3000 minutes) assigned to each
linac show that linacs have an utilization rate that ranges between 68.0% and
69.5%. This confirms the availability of slack capacity to apply the proposed
heuristic effectively. The available capacity can be used to accommodate urgent
patients arriving and having to start treatment during the planning horizon.

Table 5.3 Pre-assignment results after running Algorithm 1 for the NKI test instance.

Linac no. patients
assigned workload (WL) utilization

rate (%)
L1 35 2055 68.5%
L2 27 2050 68.3%
L3 33 2055 68.5%
L4 39 2085 69.5%
L5 32 2040 68.0%
L6 32 2005 66.8%
L7 32 2080 69.3%
L8 30 2040 68.0%
avg 32.5 2051.3 68.4%
st. dev. 3.3 23.4 0.8%

Following the pre-assignment of patients to linacs, we cluster the linacs
(L1,...,L8) in different groups based on the characteristics of the available ma-
chines at the NKI. Thus, new patients can still be assigned any linac belonging
to the cluster his/her linac belongs to. For instance, if a cluster contains L1
and L2, a new patient pre-assigned to L1 can still be assigned to L2 by the MILP
model (if that patient type can be treated in L2). Moreover, from the 8 NKI linacs
running on a daily basis, two (L7 and L8) are located in a satellite location. De-
cisions on whether patients will be receiving treatment in the satellite or the
main location are made right after referral. In those cases, the pre-assignment
cannot be changed between the main and satellite locations by the moment our
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model is intended to be used, which is at the beginning of the planning hori-
zon. This means that patients pre-assigned to L7 can still be allocated to L8 and
vice-versa, however the linac assignment cannot be changed by any of the re-
maining 6 linacs running on the main location. Furthermore, we have clustered
the linacs by level of similarity in terms of the total patient volume that they are
able to treat in common according to the table of Section 5.7, while ensuring that
L7 and L8 are not clustered together with other linacs. Each experiment runs the
MILP model sequentially for a certain number of times, which corresponds to
the number of clusters. Table 5.4 outlines the experimental setup and its consid-
ered clusters, as well as the corresponding results in terms of solution quality
and computational (CPU) time. In the first experiment, each linac is a cluster
in and of itself and therefore the MILP model is run 8 times in a row. For this
test instance, a cumulative deviation of 1085 minutes over a total of 41 sessions
scheduled outside the desired window (out of 918) was achieved, in a combined
CPU time of around 5 hours. This means that, in around 5 hours of running
time, our method was able to find a feasible solution with only 4.5% of the ses-
sions being scheduled outside the preference time window. When 4 clusters are
used, results are improved further. The extra flexibility provided by having 2
linacs per cluster decreased the overall objective value to 545, with as few as 26
sessions out of 936 (2.8%) being scheduled outside the intended time window.
The combined CPU time was also reduced to around 3.5 hours. The CPU time
limit of 8 hours per run was achieved when applying the same methodology
for 2 clusters (main and satellite locations). Nevertheless, the solver was able to
find a feasible solution, which did not improve the solution found with 4 clus-
ters. A higher number of sessions (60) were found breaching the time window
preference, in a total of 928 sessions scheduled. Note that, with the introduc-
tion of constraints (5.9), the MILP model was able to find a feasible solution
the problem for an instance size of 6 linacs (L1,...,L6 in the experiment with 2
clusters) within the CPU time limit, although the CPU time limit was achieved
in one of the runs. As with the experiments conducted in Section 5.4.3, the 8
hours of CPU time limit was achieved when attempting to solve the problem
for the 8 linacs combined in a single cluster without any integer solution being
found. We also note that, overall, the performance of the combined approach
decreases in terms of CPU time (from 7 minutes to 5 hours) after considering
the pre-allocation constraints (5.9) as part of the pre-assignment process. This
shows that the existence of such pre-allocation, such as the one in the NKI, may
decrease the performance of the proposed methodology by providing less flexi-
bility when pre-assigning patients to linacs.

5.4.4 Sensitivity analysis
In this part, we investigated the impact of varying two input parameters: the
probability breakdown for the possible time windows being chosen by patients,
and the size (minutes) of the time windows being made available to patients.
In our sensitivity analysis, we vary the size of both time windows w1 and w3
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Table 5.4 Results for pre-assignment heuristic and MILP model for the NKI size.

No.
clusters Linacs belonging to each cluster

cumulative
deviation

(obj. value)

# sessions
scheduled

# sessions
outside
window

average
deviation

(min)

total
CPU time

(s)
8 [L1] [L2] [L3] [L4] [L5] [L6] [L7] [L8] 1085 918 41 (4.5%) 26.5 18143
4 [L1,L3] [L2,L6] [L4,L5] [L7,L8] 545 936 26 (2.8%) 21.0 11763
2 [L1,L2,L3,L4,L5,L6] [L7,L8] 7695* 928* 60 (6.5%)* 128.3* 31181*
1 [L1,L2,L3,L4,L5,L6,L7,L8] - - - - -

* CPU time limit achieved in at least one cluster

Table 5.5 Total cumulative deviation,
in minutes.

Total deviation (Obj. value)
Probabilities
(w1 / w2 / w3)

Window size (min)
150 120 90

0.25 / 0.5 / 0.25 0 65 650
0.5 / 0.25 / 0.25 320 4659* 25614*

0.125 / 0.75 / 0.125 0 0 55
* CPU time limit achieved

Table 5.6 Percentage of sessions
breaching the time window preference.

% sessions outside window
Probabilities
(w1 / w2 / w3)

Window size (min)
150 120 90

0.25 / 0.50 / 0.25 0.0% 0.5% 3.4%
0.5 / 0.25 / 0.25 1.5% 10.1%* 28.8%*

0.125 / 0.75 / 0.125 0.0% 0.0% 0.5%
* CPU time limit achieved

Table 5.7 Average deviation, in min-
utes, of the sessions outside window.

Average deviation (min)
Probabilities
(w1 / w2 / w3)

Window size (min)
150 120 90

0.25 / 0.50 / 0.25 0.0 13.0 20.3
0.5 / 0.25 / 0.25 22.9 50.1* 97.4*

0.125 / 0.75 / 0.125 0.0 0.0 11.0
* CPU time limit achieved

Table 5.8 CPU time, in seconds, of the
4 runs combined.

Total CPU time (s)
Probabilities
(w1 / w2 / w3)

Window size (min)
150 120 90

0.25 / 0.50 / 0.25 43.3 108 11299
0.5 / 0.25 / 0.25 5341.5 18981* 28800*

0.125 / 0.75 / 0.125 60.8 42 39
* CPU time limit achieved

from 90 minutes to 120 and 150 minutes, and test the probability breakdown
[w1, w2, w3] at [50%,25%,25%] and [12.5%,75%,12.5%] in addition to the original
[25%, 50%, 25%]. All combinations between these scenarios are tested using the
instance with four clusters, since it has shown to provide the best performance
regarding both the solution quality and overall CPU time needed (see Table 5.4).
The maximum allowed CPU time in these experiments is set to 7200 seconds
(2 hours) per run, for a combined CPU time limit of 28800 seconds (8 hours).
Results (Tables 5.5-5.8) show that the patient satisfaction levels may significantly
increase by enlarging the window size to 120 minutes, with the percentage of
sessions being scheduled outside the preferential window decreasing to 0.5%
(Table 5.6). Besides, the total CPU time needed to solve the four subproblems
associated with the original problem decreases from 3.5 hours (11299 seconds)
to only 108 seconds. On the other hand, extending the windows w1 and w3
to [0, 150] and [450, 600], respectively, allowed our methodology to schedule all
sessions within the desired time window in just 43.3 seconds when the baseline
probabilities are maintained.

By changing the probability of patients choosing w1 from 25% to 50%, we
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observe that the complexity of the problem increases substantially. In fact, with
the increased competition level for a window size of 90 min, the CPU time limit
of 7200 seconds was reached in all four clusters. For a window size of 120, 2 out
of the 4 runs achieved the time limit before optimality could be proved. Still,
a feasible solution has been found in both cases, with only 10% of the sessions
being booked outside the desired window for the 120-min case, and approxi-
mately 29% time preference breaching rate when the window size is equal to 90
minutes. An opposite phenomenon is observed when the probabilities are set to
[12.5%, 75%, 12.5%], with an ideal solution (all sessions within the desired time
window) being found for the 150 and 120-min time window sizes, and only 0.5%
of sessions being scheduled outside the time window for the 90-min case. All
the instances for this last probability breakdown were solved in under a minute
of total CPU time.

5.5 Discussion

The proposed MILP model has proven to be efficient in achieving an optimal so-
lution for small instances of up to 66 patients and two linacs. For larger cancer
centers (three linacs or more), the combination of the pre-assignment heuristic
and the MILP model was able to provide near-optimal solutions (maximum of
6.2% optimality gap) quickly (less than 1 hour), thus ensuring the scalability of
our combined approach. Given the elevated fulfillment rates provided by these
solutions, RT centers may opt for the combined approach in order to ensure
low computation times without loosing significant levels of solution quality.
By running the combined approach for the NKI size considering pre-allocation
constraints and patients with ongoing treatments, the combination between the
MILP model and the heuristic procedure allowed to find a solution in which as
few as 2.8% of the sessions are scheduled outside the preference time window
in around 3.5 hours of CPU time. The positive performance of our methodology
when partitioning the problem suggests that large RT centers should divide the
main problem in subproblems (subsets of linacs) and use the MILP model to
solve each subproblem separately. Centers may split the fleet of linacs based on
their location, technological specifications (e.g. cone-beam CT embedded or not)
or based on staff planning. Although the obtained solution for the original prob-
lem may not be proven optimal, we believe that our methodology can be effec-
tive in generating a (near-)optimal schedule in due time for most real-world RT
centers. According to the International Atomic Energy Agency (IAEA), the NKI
ranks amongst the largest RT centers in the Netherlands with a total of 10 ra-
diation machines (orthovoltage machines included) registered by 2017 [46], just
below the Erasmus University Medical Center (12) and the University Medical
Centre Utrecht (11) but above all the other 21 Dutch centers. Comparing with
the US, the NKI size matches those of the largest cancer centers, paired with e.g.
the Stanford Hospital (11) and the New York Memorial Sloan-Kettering Cancer
(10).
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A sensitivity analysis revealed that the larger the preferential time window,
the easier it is for our approach to fit the irradiation sessions within the corre-
sponding window preferences. Although enlarging the window can be seen
as an advantage from a model viewpoint, we lack evidence on whether the
patient would still be satisfied with such window size. Moreover, it has been
verified that when the competition for the same time window increases (from
25% to 50% of the patients), the size of the time window to be chosen must be
enlarged (from 90 to 150 minutes) in order to keep the computation times low.
RT centers using the proposed approach should then monitor the percentage of
patients asking for their sessions to be scheduled in the same time period, and
re-dimension the time window put available accordingly.

While we believe our model captures the operational constraints encoun-
tered in the vast majority of RT centers, additional features may need to be
considered before a practical implementation. For instance, it is known that
most patients need to have a weekly consultation with the radiation oncologist
in charge of the follow-up during the course of their treatment. A possible ex-
tension of the model could be to include the availability of doctors’ agenda to
ensure a proper coordination between the weekly consultation and (one of the)
treatment sessions. Moreover, linacs need to undergo maintenance on a cer-
tain frequency basis. Maintenance operations are usually undertaken during
office hours, with the linac under maintenance being replaced by a “back-up”
linac. In the NKI, this linac is not able to treat certain care plans, since it does
not have an embedded cone-beam CT scanner. Therefore, an operational of-
fline re-scheduling of patients with a proper allocation to other machines may
be needed when implementing the solution output by our model.

In case some restrictions (e.g. constraints (5.12) or (5.15)) are not part of the
planning process of the RT center interested in using our methodology, the MILP
model can be easily manipulated to account for those differences by relaxing
(excluding) or adding constraints before solving the problem. Furthermore, the
solution found by our model can be merely used as a basis where adaptations
that fit specific needs of individual patients can be integrated to build a more
robust, personalized solution. On the other hand, collection of real data and
information regarding patient preferences would further increase the robust-
ness of our solutions. Although planners and clinicians have provided insights
on the usual requests asked by patients based on their experience, real data on
patient perspectives regarding the desired time window sizes and actual time
preferences for appointment times would allow for more concrete and realistic
conclusions. For instance, some patients may be more interested in consistency
amongst the appointment times of their treatment sessions rather than specific
time preferences for their appointments. Other patients may not have a prefer-
ence at all, being more interested in starting treatment as soon as possible. In
these cases, one may use the extra flexibility associated with those patients to
further improve the fulfilment of requests of patients who actually have a pref-
erence. Moreover, in case some RT centers do not consider patient preferences
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when scheduling irradiation sessions, they may still use our approach to en-
sure consistency between appointment times. For instance, a “fictitious” time
window of a pre-defined size may be chosen for each patient before running
the MILP model, which then outputs a solution with the desired degree of con-
sistency amongst appointment times for each patient. A possible extension of
our approach could be to apply a formulation inspired in the Multi-Mode Re-
source Constrained Project Scheduling Problem (MMRCPSP) [21]. For example,
the linacs could be modelled as a renewable resource with a fixed capacity, and
variables X decide upon a “mode”, defined as a combination of linacs and time
slots. Time window violations could, for instance, be calculated using the finish-
start precedence relations between activities, computed as time increments.

Efforts to assess the practical feasibility of the obtained solutions need to be
performed by RT managers and/or planners before using the model in practice.
This and other implementation steps are currently being made together with
department managers and clinicians of the NKI in order to perform an imple-
mentation of the proposed methodology in the clinic.

5.6 Conclusions

Earlier research on the problem of scheduling RT sessions considering time win-
dows is scarce, with existing models being developed in the context of particle
therapy, which makes them directly non-applicable to conventional RT. In this
study, we propose a MILP model that is able to solve the RT scheduling prob-
lem to optimality in reasonable computation time for RT centers with up to two
linacs. For RT centers with three linacs or more, we propose a heuristic proce-
dure that is capable of pre-assigning patients to linacs while maintaining a bal-
anced workload between linacs. Combining the pre-assignment heuristic with
the MILP model allowed to solve the problem in less than 3.5 hours of CPU time
with 97.2% of the sessions scheduled within the desired time window for a large
cancer center operating with eight linacs.

Besides providing automated decision making for scheduling RT treatments
which allows managers and planners of RT centers to save time and effort dur-
ing the scheduling process, our algorithm is capable of incorporating patient
preferences while ensuring that all timeliness, medical and technical constraints
are take into account. Since the modeled problem and corresponding assump-
tions are standard among RT centers and the patient mix at the NKI is represen-
tative of the patient population found in RT in general, our methodology can be
generally applied to RT centers.

5.7 Appendix
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Table 5.9 Pre-allocation of care plans to linacs in the RT department of the NKI (2017).
ID Careplan # patients L1 L2 L3 L4 L5 L6 L7 L8

1 Anus +/- inguinal lymph
node 22 X X X X X X X X

2 Adrenal Stereotaxic 4 X X X
3 Bladder 43 X X
4 Bladder (partial) 22 X X
5 Chest wall 45 X X X X X X X X
6 Chest wall+Axilla 114 X X X X X X X X
7 Chest wall+Axilla+Parasternal 15 X
8 Chest wall+Parasternal 3 X
9 Chest wall (bsu) 2 X
10 Bone metastasis 1099 X X X X X X
11 Bone metastasis Stereotaxic 52 X X X X
12 Uterus 42 X X
13 Endometrium 16 X X X X
14 Neck (bsu) 9 X X X X X X X
15 Brain 1 fraction 107 X X X
16 Brain several fractions 86 X X X X
17 Brain (whole) 159 X X X X X X X X
18 Brain Electrons 6 X
19 Lymph node Stereotaxic 17 X X X X
20 Head-and-neck 230 X X X X X
21 Head-and-neck (palliative) 4 X X X X X
22 Larynx 2vs 2 X
23 Liver 6 X X X
24 Lung (palliative) 61 X X X X X X X X
25 Lung 273 X X X X X X X X
26 Lung (bsu) 47 X X X X X X X X
27 Lung Stereotaxic 206 X X X X X X
28 Lymphoma 44 X X X X X X X X
29 Lymphoma (bsu) 19 X X X X X X X X
30 Stomach 14 X X X X X X X X
31 Breast 777 X X X X X X X X
32 Breast+Axilla 179 X X X X X X X X
33 Breast+Axilla+Parasternal 20 X X X X X X X X
34 Breast+Parasternal 1 X X X X X X X X
35 Esophagus 77 X X X X X X X X
36 Esophagus (palliative) 22 X X X X X X X X
37 Axilla (virtual) 5 X X X X X X X X
38 Orbit (eye socket) 1 X X
39 Ovaries 5 X X X X
40 Others 183 X X X X X X X X
41 Others (bsu) 60 X X X X X X X X
42 PAO (+/- iliac single-sided) 1 X X X X
43 Penis 11 X X X X
44 Prostate 243 X X X X X X X X
45 Prostate+Pelvic lymph nodes 60 X X X X X X X X
46 Prostatic bed 36 X X X X X X X X
47 Prostatic bed+Pelvic lymph nodes 25 X X X X X X X X
48 Rectum / Sigmoid 87 X X X X X X X X
49 Rectum 13 x 3 Gy 5 X X X X X X X X
50 Rectum 5 x 5 Gy 56 X X X
51 Sarcoma abdominal/thoracic wall 13 X X X X X X X
52 Sarcoma extremity 28 X X X X X X
53 Sarcoma retroperitoneal 9 X X X X X X
54 Spinal cord 33 X
55 Vagina 5 X X X X
56 Vulva +/- inguinal lymph nodes 9 X X X X X X X X
Total 4720
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CHAPTER 6

Radiotherapy treatment scheduling:
implementing operations research into

clinical practice

6.1 Introduction

Radiotherapy (RT), as a treatment modality for cancer care, has been experi-
encing a rising global demand [14]. In Europe, the number of radiotherapy
treatments has been estimated to increase by 16% until 2025 [8]. External beam
RT treatments are delivered by a set of linear accelerators (linacs) in a series
of (daily) radiation sessions of 10-30 minutes each. With the growing demand
for RT services, the number of treatment sessions to be booked amongst the
available machines has been continuously increasing. This makes the prob-
lem of scheduling RT sessions increasingly complex for RT centers, which aim
at managing their resources in the most efficient manner in order to provide
patient-centered care while keeping waiting times low. Therefore, several in-
dicators, possibly distinct between RT centers, must be considered when de-
signing a methodology for scheduling RT treatments, with timeliness, patient-
centeredness, and staff satisfaction being amongst the most important ones
[108]. Timeliness is crucial as long waiting times (time from referral to start
of treatment) have been linked with, amongst others, higher risk of local recur-
rence [20], and prolonged psychological distress in cancer patients [63]. Patient-
centeredness relates to not only providing the best care for each specific patient
based on their personal and medical needs, but also relates to maximizing pa-
tient satisfaction levels regarding their treatment options. Results of a survey
amongst six RT centers showed that patients have different preferences regard-
ing the time of their treatment appointments, and that approximately 80% of
the patients preferred a 2-week or shorter interval between referral and first on-
cologic consultation [70]. From a patient’s perspective, research shows that the
professional staffing standards and low waiting times for both diagnosis and
treatment are the most important factors [71]. To keep quality of labor high,
a predictable work schedule and an appropriate amount of assigned workload
are necessary from a staff viewpoint. Every week, RT centers are faced with the
problem of scheduling hundreds of treatment sessions on the available linacs
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[72]. Given the high number of technical and medical constraints to be consid-
ered for each patient (e.g. start treatment within the due date, patient allocation
to specific machines, etc.), the manual execution of such a schedule is a diffi-
cult, time-consuming task that often leads to solutions that are far from optimal.
Therefore, the development, validation, and implementation of scheduling al-
gorithms can be a solution to support RT centers to schedule radiation sessions
in an optimized manner regarding the relevant performance indicators.

Operations research (OR) is a discipline that includes a range of techniques
aimed at improving decision-making processes in many areas. Combining
knowledge from applied mathematics, computer science, and industrial en-
gineering, OR methods such as computer simulation [106] and mathematical
programming [105] have been widely used to propose solutions for complex
real-world problems, including the healthcare field [83, 89]. Recent studies
have shown that there is very little scientific reporting on implementation of
OR-based algorithms in clinical practice [13, 100]. Moreover, several OR-based
models have been developed to solve RT treatment scheduling problems, as
shown by a literature review by Vieira et al. [107]. However, their review also
revealed that none of the 18 reviewed papers reported a (pre-)implementation
of the model, suggesting that implementation rates of OR approaches in RT are
rather low. The inherent complex nature of the optimization problems, the im-
pact on organizational changes, the involvement of several specialized person-
nel (such as operations research specialists, IT, managers and clinicians) and
the need for developing a stable, user-friendly and updated decision support
system contribute to the challenging nature of the implementation process. A
scoping review found that poor availability of representative data of sufficient
quality, and a lack of collaboration between those who develop OR models and
relevant internal stakeholders were found to be common challenges for effective
OR modelling in global health [9].

In this paper, we study the implementation of a weekly schedule for radio-
therapy treatments obtained by using an earlier developed mathematical pro-
gramming model [104] in two different large Dutch RT centers. The model is it-
eratively adjusted together with planners and clinicians to meet the constraints
and objectives of each RT center, with the resulting computer program being
able to find a good quality schedule in reasonable computation time. We com-
pare the performance of the final schedule output by the model with the solution
that was manually constructed in practice and elaborate on the main limitations
found during the model adjustment process. By having the resulting schedules
validated by the actual decision-makers in the clinics, we show that it is feasible
to actually bring OR models towards implementation in clinical practice.

6.2 Methods

In this study, we have used and adapted the mixed-integer linear program-
ming (MILP) model proposed by Vieira et al. [104] to improve the RT treatment
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scheduling based on historic off-line data of two Dutch RT centers. MILP is
a mathematical programming framework that involves the use of integer and
continuous variables to model a decision problem by means of linear inequali-
ties [95]. The process of adjusting the existent model to ensure that it produces
a feasible schedule for each RT center was completed iteratively following a
structured sequence of steps (Figure 6.1). We started by gathering the neces-
sary patient data for running the MILP model, and discussion meetings were
performed to check on the feasibility of each obtained schedule. If modifica-
tions were necessary due to infeasibilities found in the output schedule as a
result from model deficiencies, the MILP model was corrected. When changes
on the MILP model were not possible, the necessary changes were then com-
pleted manually by the OR specialist and the planner in order to ensure that
all constraints are met for all patients, further guaranteeing the feasibility of the
planned schedule.

Run MILP model

Compute MILP 
schedule

Discuss schedule 
with team

Schedule is 
infeasible ?

(1) Modify MILP 
model

yes

Schedule is ready 
for implementationno

(2) Manually modify 
schedule

Adjustments 
in the model 
possible ?

no

yes

Gather real 
data

Implement 
schedule

Figure 6.1 Schematic overview of the MILP-based schedule construction and validation
phases before implementation.

6.2.1 The radiotherapy centers

Netherlands Cancer Institute–Antoni van Leeuwenhoek Hospital (NKI)

The NKI is a comprehensive cancer center that combines research and care, lo-
cated in Amsterdam, the Netherlands. The RT department of the NKI treats
approximately 5000 patients per year and is equipped with eight linacs divided
over two locations, Amsterdam (six) and Hoofddorp (two). The department
focuses its operations on patient-centered and personalized quality treatments,
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highly adapted to the individual. Therefore, the number of possible patient care
pathways, as well as the number of different healthcare professionals (e.g. spe-
cialized RT technicians, dietitians, dentists, etc.) involved in the process is rather
high when compared to an average RT center. By combining research and care,
the RT department of the NKI aspires to be a front runner in the development
and adoption of innovative (information) technologies.

Bernard Verbeeten Instituut (BVI)

The Bernard Verbeeten Instituut (BVI) is an independent RT group delivering RT
treatments to patients living in the South of the Netherlands. The BVI provides
around 4700 treatments per year. The main location, in Tilburg, is equipped with
four linacs, while the satellite locations in Den Bosch and Breda have two linacs
each. BVI is highly focused on patient care logistics and efficiency, with the goal
of delivering timely, good quality treatments in a patient-friendly manner. Be-
ing early adaptors of emerging technologies, BVI has been active in fostering
and implementing interventions for logistics improvement (e.g. Lean method-
ologies) in their clinic over the last decade. We take the Breda location as the
subject of our study.

6.2.2 Information gathering
We gathered information regarding the problem specificities, boundary condi-
tions, and objectives of each participating RT center via a series of meetings
held with personnel from each institute. The NKI, being the institution that
hosts the project, has allowed a higher number of professionals to be involved
in the process. A group consisting of an OR specialist, a radiation oncologist, an
appointment planner, the head of the appointment office, and a medical physi-
cist were involved in the project, in which only the Amsterdam location (six
linacs) was considered. In the BVI, a logistics specialist and the head of medical
physicists have been working together with an OR specialist to adjust and val-
idate the model for the Breda location (two linacs). A series of five face to face
meetings with members from both centers, dozens of “on-site” interviews with
managers and clinicians, and hundreds of e-mail exchanges clarifying details
over the course of two years, facilitated the necessary steps (problem definition,
data gathering, model development/adjustment, and schedule validation) for
the application of the OR model.

6.2.3 Mathematical model description
The MILP model outputs a schedule for treatment sessions of a pre-defined
number of patients amongst a set of linear accelerators with a certain daily ca-
pacity, divided in time slots of five minutes. The model decides upon the spe-
cific time slot(s) of each linac to allocate to each patient on each day of a planning

98

143707 Vieira BNW.indd   104 03-06-20   16:14



6.2. Methods

horizon of one week (five working days). The full model, together with the de-
scription of the specific constraints, decision variables, and input parameters can
be found in Appendix 6.5. The model has been adapted to represent the problem
specificities of each RT center by formulating an objective function according to
the main objective of the center, and by removing or modifying constraints. In
the NKI case, patients are given the possibility of choosing a preferential time
window for the time of their treatment sessions. The objective of the NKI is then
to find a schedule that maximizes the fulfillment of those patient preferences re-
quests [104]. Thus, we use objective function (6.1) of the MILP model (Appendix
6.5) to maximize the number of sessions that are scheduled within the time win-
dow given by patients as a preference. All constraints (6.3-6.20) are applicable
to the NKI case. In the BVI, however, patient preferences are not explicitly asked
to patients to be considered in the scheduling process. In their case, the main
objective is to find a schedule that minimizes the number of gaps (15 minutes
or longer) in the schedule in order to minimize staff idle times. Thus, objec-
tive function (6.2) is used instead. Moreover, constraints (6.6)-(6.8) and (6.18), as
well as variables Δ−

it , Δ+
it are discarded when running the MILP model for the

BVI case.

6.2.4 Input data and planning horizon
Anonymized historical patient data has been extracted from the patient infor-
mation systems of each center: MOSAIQ [33] in the NKI, and ARIA [103] in the
BVI case. Table 6.1 presents the summary of the input data used to feed the
MILP model for the targeted planning week in which the development and val-
idation steps were performed. Patient data extracted from the databases corre-
spond to the necessary input parameters needed to run the model, as presented
in Appendix 6.5. All external-beam RT patients (regular and urgent) known by
the Friday prior to the planning week were included in the patient group to be
scheduled. The due date of each patient is set according to the national timeli-
ness standards [68]. Linacs down times for maintenance were also considered
for both centers, with an average of 2.5 hours for scheduled maintenance per
linac, per week. In the NKI, distinct linac specifications required by certain pa-
tient groups exist. Therefore, a pre-allocation of patient groups to certain linacs
was considered for their case (e.g. bladder patients can only be assigned to
linacs number 2 and number 6). Since patient preferences regarding appoint-
ment times were not recorded in actual practice in the NKI, their values are
unknown. Therefore, we have interviewed actual planners to estimate patient
preferences according to their empirical knowledge, resulting in the proportion
and time windows shown in Table 6.1. Since maximizing the satisfaction of pa-
tient preference requests is not an objective for the BVI, the corresponding data
has not been collected or estimated.
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Table 6.1 Data used as model inputs for the computational experiments of each center

NKI BVI
Week (planning horizon) 24-28 June 2019 9-13 December 2019

Number of patients to be scheduled 213 48

Number of patients starting treatment 48 6

Linacs 6 2

No. sessions scheduled 807 232

Linac opening times
(daily capacity per linac)

07h30 – 17h30
(600 min)

08h00 – 17h30
(570 min)

Average session duration, in minutes (SD) 14.7 (3.8) 13.3 (3.1)

Patient preference distribution
07h30-09h30 (10%)
09h30-15h30 (60%)
15h30-17h30 (30%)

n.a.

6.2.5 Performance metrics
Key Performance Indicators (KPIs) have been assessed through interviews con-
ducted with the actual planners and managers of each center. In both cases, the
KPIs found to be monitored during the schedule construction method are re-
lated to patient-centeredness, timeliness, and staff satisfaction (Table 6.2). The
identified KPIs were modeled either in the form of the objective function being
optimized (e.g. minimize gaps in the schedule), or in the form of constraints
(e.g. ensure that all patients start treatment within the target date according to
the national timeliness standards).

6.2.6 Model validation
The schedules generated by the various versions of the MILP model have been
validated by the planners of the corresponding center by cross-checking actual
patient and resource information data to confirm that the final schedule is ready
for implementation. Since the task of assessing all technical and medical con-
straints for all patients showed to be too complex and time-consuming, we have
selected a random sample of 20 patients in the NKI, and 10 patients in the BVI,
from several tumor sites, to perform the validation check. We continued to per-
form model iterations until all inconsistencies with daily practice were tackled
and no further improvements were considered likely by the responding teams.
This resulted in the final MILP model.

For the final test, the treatment requirements (e.g. number of sessions, fre-
quency, due date, etc.) associated with each of the corresponding sample of pa-
tients have been validated by matching them with actual values. Moreover, the
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Table 6.2 Key Performance Indicators defined by the RT centers.
KPI Description RT center (s)
Number of gaps in the
schedule

Minimize the number of empty time slots between
appointments to avoid staff idle times (only time
intervals of 15 minutes or longer are considered)

BVI

Number of sessions
within desired window

Maximize the fulfillment of patient requests
regarding the time window indicated as the most

preferred: 07h90-09h30, 09h30-15h30, or
15h30-17h30

NKI

Consistency of appoint-
ments

Minimize the (average) deviation between sessions,
in order to allow the patient set up a routine for

their sessions

BVI, NKI

Number of patients
switching linacs during
treatment

Minimize the number of patients switching
between different linacs in order to have the patient

receive treatment with the same personnel and
facilities

BVI, NKI

Fulfillment of the maxi-
mum waiting time targets
defined by the Dutch So-
ciety for Radiation Oncol-
ogy [68]

Ensure that patients fulfill the national standards:
acute patients should be treated within one day,

subacute patients should start treatment within 10
days, and regular patients should start treatment

within 28 days.

BVI, NKI

weekly schedule of each linac produced by the final model has been analyzed
by the managers and planners of each center in order to look for possible infea-
sibilities regarding the distribution of appointment sessions, idle times, linacs’
down times for maintenance, or the management of staff. The schedules were
considered valid for implementation after this check.

6.3 Results

During the discussion meetings undertaken together with planners and clini-
cians throughout the schedule construction process (Figure 6.1), practical infea-
sibilities of the schedule output by the MILP model were identified (and solved)
in an iterative manner. In order to overcome those limitations, the MILP model
structure and/or input parameters were modified accordingly until an imple-
mentable final schedule could be obtained. Table 6.3 shows the main infeasibil-
ities and limitations found during the schedule construction process, as well as
the solutions found to overcome them. We use the notation and constraints of
the MILP model (Appendix 6.5) to describe the solutions.

Table 6.4 and Table 6.5 show the performance of the final schedule obtained
by the MILP model after it has been considered validated by each RT center, in
comparison with the solution manually built and implemented in practice by
the corresponding center on that same week. In either test case, all new pa-
tients started treatment within their target due date, both in practice and in the
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Table 6.3 Main infeasibilities and limitations found during the schedule construction
method and corresponding model adjustments undertaken to overcome them.

Unfeasibility / limitation Solution found to overcome
limitation

RT center(s)

Linacs’ maintenance times Set linac as unavailable during
maintenance hours using

parameters akst

NKI, BVI

Treatment sessions of some patient
must fall within a restricted time
window (e.g. 08h30-17h00) in order
to guarantee that specialized staff
are present during the sessions of
the applicable patients

Add constraints (6.17) NKI, BVI

Patients with 2 sessions per day
(6h of interval is necessary between
same-day sessions)

Create one “fictitious” patient and
insert time window constraints

between the daily sessions of those
two patients (using constraints

(6.17) )

BVI, NKI

Certain linac(s) cannot be assigned
to certain patient(s) (e.g. due to lack
of cone-beam CT technology)

Update Ki accordingly NKI

Staff breaks Set linac as unavailable during staff
breaks by setting parameters akst

accordingly

BVI

Account for treatments that need to
start on a Monday

Set due date di to Monday NKI, BVI

Maximum number of patients start-
ing treatment in the same linac,
same day is limited to 6

Add constraints (6.6)-(6.8) with
C = 6

NKI

5-min empty time slot at the end of
every hour to accommodate possi-
ble delays

Set the last time slot of every hour
as unavailable (using akst) in each

linac

BVI

model’s solution. Moreover, the number of patients switching between differ-
ent linacs throughout the course of their treatment decreased from 71 to 0 (NKI),
and from 43 to 2 (BVI) with our model. In the NKI case, all performance indi-
cators improved substantially, although a fewer number of sessions have been
scheduled by the model (795) than was done in practice (807). It should be noted
that also in this case, the timeliness requirements were met, also for the patients
that were to be scheduled in the succeeding week.

Although data regarding the fulfillment of patient preferences have so far
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not been recorded in practice, the model was able to schedule 98% of the
treatment sessions within the desired time window. Moreover, time variation
amongst appointment times for the same patient decreased by 51% from an av-
erage SD of 103.0 to 50.4 minutes. A total of 1 hour and 27 minutes of computa-
tion time was needed to obtain the final schedule for the NKI case.

Table 6.4 Performance comparison between the schedule built manually in practice and
the schedule obtained by using the final MILP model in the NKI.

Practice Model
No. sessions scheduled 807 795
No. new patients starting treatment within national targets 48 (100%) 48 (100%)
No. sessions within the time window requested by patient n.a. 776 (97.6%)
Average standard deviation between sessions (min) 103.0 50.4
No. patients switching linacs 71 0

Results for the BVI case show that the number of sessions scheduled by the
final MILP model matched the ones scheduled in practice at 232. The solution
obtained by using the model was able to provide a more compact schedule with
as few as 5 gaps, as opposed to 18 gaps counted in the solution produced by
the actual planners. The MILP model was also able to decrease the average
variation between appointments times by 43% from 94.8 to 54.5, thus improving
the consistency of appointment times. For the BVI case, the solution could be
found in just 5 minutes of computation time.

6.4 Discussion

The use of a mathematical OR model allowed to find a solution for the RT
scheduling problem in both centers that proved both feasible and acceptable
to the local staff. Several adjustments, performed in a stepwise manner, were
necessary in order to improve and validate the MILP model before the output
solution could be considered implementable. We could improve the weekly
schedule for radiation sessions while optimizing the measured KPIs in both cen-
ters. In the NKI case, fewer sessions have been scheduled by the model than in
practice (795 vs 807). We found it impossible to enter this “fast planning” deci-
sions that are based on personal judgement in the model.

Table 6.5 Performance comparison between the schedule constructed manually in prac-
tice and the schedule obtained by using the final MILP model in the BVI.

Practice Model
No. sessions scheduled 232 232
No. new patients starting treatment within national targets 6 (100%) 6 (100%)
No. gaps in the schedule 18 5
Average standard deviation between sessions (min) 94.8 54.5
No. patients switching linacs 43 2
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Although actual patient preferences could not be obtained from the NKI
clinic as they were not being recorded in practice, our model was able to ful-
fill the estimated preferences a total of 98% of the times. A sensitivity analysis
on the impact of varying the preferential time window distributions may be use-
ful to further assess the robustness of the model [104]. Moreover, the number
of gaps in the schedule decreased by 72% in the BVI, with the daily number of
treatment sessions being delivered earlier in the day during the whole week.
This allows staff members to dedicate part of their time to other tasks. The con-
sistency amongst the appointment times has also improved considerably with
our MILP model, with the average standard deviation between appointment
times decreasing by 51% and 43% for the NKI and BVI cases, respectively. This
offers much more consistency for patients planning their daily calendar.

Our tool has proved effective in reducing the planning time needed to con-
struct a schedule for RT treatment sessions. In practice, this task commonly
takes 1.5 days of planning work, while with our tool this time could be low-
ered to a maximum of 1.5 hours (NKI) plus the time needed to manually adjust
the schedule, which we estimate to be a maximum of 1-2 hours. In very large
RT centers where problem size increases complexity to a significant degree, a
heuristic procedure may be applied to pre-allocate patients to (subgroups of)
linacs before the MILP model is applied to solve the problem for each subgroup
of linacs [104]. By providing a decision-making tool that generates a schedule in
an automated way, we not only save planners the burden of having to produce
a feasible schedule in due time, but also allows them to prioritize their activities
more easily.

Although the application of the mathematical programming model resulted
in substantial performance improvements, the planned schedule can still be fur-
ther (manually) improved a posteriori. This may in fact be necessary to address
the needs of specific patients, such as the coordination between the radiation
sessions and other appointments that patients may need. For instance, patients
are often scheduled for a weekly follow-up consultation with his/her doctor in
a one stop shop planning, preferably with a minimal time deviation from the
start/end of the radiation session. Gradually, the coordination between treat-
ment sessions and other appointment types (e.g. chemotherapy appointments,
blood analysis, a follow-up CT scan, mouth hygienist, etc.) can be added to the
MILP model for the development of a more holistic planning tool. We estimate
that these changes would require an additional planning time ranging between
one and two hours for manual rescheduling of some sessions.

While healthcare institutions have to strive for efficiency and stakeholders
demand excellence in the delivery of care, we conclude that operations research
tools can certainly be considered for implementation as they have demonstrated
to be able to contribute to improved performance of treatment facilities. We
achieved this by supporting planners with (theoretical) evidence-based tools
and took them along in a stepwise and interactive implementation process,
overcoming the use of traditional planning methods that provide sub-optimal
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solutions for both patients and resources [98]. By achieving a schedule that has
been verified by the actual planners until it was considered ready for implemen-
tation, we take a significant step in the implementation of OR models in clinical
practice compared to the current literature [100]. In our experience, a gradual
development/adjustment of the OR models, in small steps, is recommended
for a smooth translation of those models into the clinic. Moreover, the engage-
ment of all stakeholders from the very beginning of the study has allowed to
create a collaborative environment based on constant communication and mu-
tual confidence that were crucial for the realization of the implementation steps.
Bringing the OR specialists, planners, managers and clinicians together as part
of a project team with regular meetings, where model adaptations and new re-
sults have been made easy to visualize and interpret, has helped bridge the gap
between the different professionals involved.

Since the RT scheduling processes designed for this study are rather stan-
dard, we believe that our intervention would produce similar results in other
RT centers. Moreover, the process of adjustment and validation of OR models
proposed in this work can be used by healthcare institutions to promote imple-
mentation efforts of OR-based methodologies into clinical practice.

The application of an OR model for RT treatment scheduling has proven
to be capable of supporting RT planners produce a high-quality schedule that
satisfies all medical and technical constraints in a much faster way than cur-
rently done in practice. In our study, the early engagement of managers and
clinicians, staying in close contact with stakeholders, and performing stepwise
model adaptions in small steps proved to be the most important factors to facil-
itate the implementation of an OR model in the practice setting.

6.5 Appendix

In this appendix, we present the mixed-integer linear programming (MILP)
model used to find a feasible and optimized schedule for the RT scheduling
problem. The capacity of each linac is divided in time slots s = 1, . . . , |S| of a
pre-defined, fixed duration l. Patients’ sessions, when scheduled, are assigned
to a certain starting time slot on a certain linac and day. If a certain starting slot
is assigned to a patient, we prevent the next slots needed to achieve the cor-
responding patient’s session duration on that same linac and day from being
assigned to other patients.

6.5.1 Input parameters
We use the notation and input parameters of Table 6.6 to formulate the problem.
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Table 6.6 Notation and input parameters of the MILP model.
Parameter Description
P set of patients to be scheduled (i, j ∈ P)
K set of linear accelerators (k ∈ K)
S set of time slots per linac (s ∈ S)
T set of time periods (days) in the planning horizon (t ∈ T )
Pn set of patients who have not started treatment (Pn ⊆ P)
Pm set of patients who must start treatment on monday (Pm ⊆ P)
P f set of patients with restricted time frame for treatment sessions (P f ⊆ P)
Ki set of feasible linacs for treating patient i (Ki ⊆ K)
T maximum number of patients starting treatment in the same linac and same day
l time slot duration, in minutes, in each linac, each day
akst 1 if slot s of linac k is available on time period t, 0 otherwise
f t, f

t
lower and upper bound of the restricted time frame set for time period t

Ii number of total remaining sessions to be delivered to patient i
di due date: time period by which patient i must start treatment
pi duration, in number of time slots, of each session of patient i
bi number of time periods needed between sessions of patient i (1 for consecutive daily sessions)
tmin
i , tmax

i lower and upper bound of the time window preference for patient i
ci linac in which patient i /∈ Pn is currently undergoing treatment

6.5.2 Decision variables

We use a set of binary variables xt
iks, which take the value 1 if patient i is sched-

uled for a session starting on time slot s of linac k, in day t, and 0 otherwise. Real
variables Δ−

it and Δ+
it are used to represent the deviations from the intended ses-

sions’ starting time for each patient, in each day. Binary variables yt
ik are auxil-

iary variables, which will be equal to 1 if a new patient starts his/her treatment
in period t and linac k, and 0 otherwise. An overview of the decision variables
is presented in Table 6.7.

Table 6.7 Decision variables of the MILP model.
Variable Description
xt

iks 1 if patient i is scheduled a session starting on time slot s of linac k in day t, 0 otherwise
yt

ik 1 if new patient i starts treatment in period t and linac k, 0 otherwise
Δ−

it , Δ+
it lower and upper deviation, in minutes, from preference time window of patient i in time period t

6.5.3 Objective function(s)
The objective function to be used in the MILP model will depend on the goal(s)
of each RT center:

Minimize the overall deviation between the bounds of the preferred time window[
tmin
i , tmax

i
]

given by patients and the starting time of their appointments:

min ∑
i∈P

∑
t∈T

(
Δ−

it + Δ+
it
)

(6.1)

Minimize the overall starting time of irradiation sessions (thus scheduling them
together and as early as possible):
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min ∑
i∈P

∑
k∈K

∑
s∈S

∑
t∈T

s.xt
iks (6.2)

6.5.4 Constraints
The values of the decision variables are bounded by a set of linear inequalities,
which represent the practical constraints of the problem, as follows:

Limit the number of sessions that each patient can receive to a maximum of one per day:

∑
k∈K

∑
s∈S

xt
iks ≤ 1, ∀i ∈ P , ∀t ∈ T (6.3)

Ensure that each (available) slot of each linac is scheduled at most one session per day:

∑
i∈P

xt
iks ≤ akst, ∀k ∈ K, ∀s ∈ S , ∀t ∈ T (6.4)

Each patient is assigned to a feasible linac, by preventing sessions of being assigned to
slots of linacs that do not belong to Ki :

∑
s∈S

∑
t∈T

xt
iks ≤ 0, ∀i ∈ P , ∀k ∈ K \ {Ki} (6.5)

Force yt
ik variables to take the value 1 if a new patient i starts treatment on linac k and

day t:

yt
ik ≥ ∑

s∈S
xt

iks − ∑
s∈S

xt′
iks, ∀i ∈ Pn, ∀k ∈ K, ∀t = 2, .., T ,

t′ = max {1, t − bi} (6.6)

y1
ik ≥ ∑

s∈S
x1

iks, ∀i ∈ Pn, ∀k ∈ K (6.7)

Limit the number of patients starting treatment in the same linac and same day to the
pre-defined threshold C:

∑
i∈P\

yt
ik ≤ C, ∀k ∈ K, ∀t ∈ T (6.8)

Restrict the number of sessions delivered during the planning horizon to the number of
remaining sessions for that patient:

∑
k∈K

∑
s∈S

∑
t∈T

xt
iks ≤ Ii, ∀i ∈ P (6.9)
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Ensure that patients receive their sessions on the same linac and with the required fre-
quency bi until the number of sessions or the end of planning horizon is reached:

∑
s∈S

xt
iks − ∑

s∈S

t−1

∑
t′=1

xt′
iks ≤ ∑

s∈S
xn

iks, ∀i ∈ P , ∀k ∈ K, ∀t = 2, .., T ,

∀n = t + bi, t + 2bi, . . . , min { |T | , t + bi (Ii − 1)} (6.10)

∑
s∈S

x1
iks ≤ ∑

s∈S
xn

iks, ∀i ∈ P , ∀k ∈ K,

∀n = bi + 1, 2bi + 1, . . . , min { |T | , bi (Ii − 1) + 1} (6.11)

Force the all the necessary sessions to be booked, at least every bi days, as soon as a first
session is scheduled:

1 − ∑
s∈S

xt
iks ≥ ∑

s∈S
xn

iks, ∀i ∈ P , ∀k ∈ K, ∀t = 1, .., |T | − bi,

∀n = t + 1, . . . , t + bi − 1, bi ≥ 2 (6.12)

Avoid unnecessary sessions from being scheduled in days occurring between the days of
the sessions booked by constraints (6.10-6.11) when bi > 1:

1 − ∑
s∈S

xt
iks ≥ ∑

s∈S
xn

iks, ∀i ∈ P , ∀k ∈ K, ∀t = 1, .., |T | − bi,

∀n = t + 1, . . . , t + bi − 1, bi ≥ 2 (6.13)

Impose that every patient starts treatment before their due date di (note that for patients
starting on Monday we can set di = 1):

∑
k∈K

∑
s∈S

di

∑
t=1

xt
iks ≥ 1, ∀i ∈ P (6.14)

Prevent the remainder slots needed to achieve the session duration pi after the chosen
starting slot xt

iks from being assigned to other patients on the same linac and day:

xt
iks ≤ 1 − ∑

i′∈P
xt

i′ ,k,s′ , ∀i ∈ P , ∀k ∈ K, ∀s = 1, . . . , |S| − pi + 1, ∀t ∈ T ,

∀s′ = s + 1, . . . , s + pi − 1, pi ≥ 2 (6.15)

Ensure that the starting slot of sessions with a duration of two or more slots are not
assign to the last slot(s) of the day:

xt
iks = 0, ∀i ∈ P , ∀k ∈ K, ∀s = |S| − pi + 2, . . . , S, ∀t ∈ T , pi ≥ 2 (6.16)
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Ensure that sessions of each patient fall within the restricted time frame set by the de-
partment due to the need of ensuring that specialized staff are present during the sessions
of the applicable patients (P f ):

xt
iks ≤ 0, ∀i ∈ P f , ∀k ∈ K, ∀s ∈ S , ∀t ∈ T , s < f t, s > f

t
(6.17)

Force variables Δ−
it and Δ+

it to take a non-zero value if a session’s starting time deviates
from the desired lower and upper bounds, respectively:

tmin
i xt

iks − Δ−
it ≤ l (s − 1) xt

iks ≤ tmax
i xt

iks + Δ+
it ,

∀i ∈ P , ∀k ∈ K, ∀s ∈ S , ∀t ∈ T (6.18)

Non-negativity constraints associated with the real variables:

Δ−
it ≥ 0, Δ+

it ≥ 0, ∀i ∈ P , ∀t ∈ T (6.19)

Binary variables can only take the value 0 or 1:

xt
iks, yt

ik ∈ 0, 1, ∀i ∈ P , ∀k ∈ K, ∀s ∈ S , ∀t ∈ T (6.20)

The MILP model was coded in C++ using Visual Studio 2017 and the Concert
Technology of CPLEX v12.8.0, which was used as a solver. All experiments were
conducted on a desktop computer with a processor Intel i7 3.6 GHz and 16 GB
of RAM using up to 8 threads, running on a 64-bit version of Windows 10. A
time limit of 28800 seconds (8 hours) of CPU was set for each computational
experiment.
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CHAPTER 7

General discussion

In external-beam RT, delays in the start of treatment can negatively affect the
patient’s outcome and quality of life. Fluctuations in the inflow of new pa-
tients combined with highly dedicated care paths per tumor site can cause de-
lays and under/over utilization of resources. This effect can be diminished by
the way operations are organized in RT departments. RT operations are tightly
and time-wise connected, personnel are highly specialized, and equipment may
be technologically dedicated to patients with specific tumor sites. Managing
patient flow in such an environment is challenging and is further complicated
by the high levels of uncertainty in the process. As the number of patients di-
agnosed with cancer increases and treatments get more personalized, efficient
process management approaches become increasingly complex for RT centers.
In this thesis, we have developed several OR models for the logistical optimiza-
tion of RT processes to support decision-makers plan and use their resources
more efficiently. We have proposed innovative approaches for solving logistical
problems encountered in the whole RT chain of operations, from pre-treatment
to treatment, while optimizing for the most important KPIs related to timeli-
ness and patient-centeredness. A collaboration with six Dutch RT centers has
allowed to adjust, validate and test models using real-world information and
data.

7.1 Main contributions

There are several contributions provided by this thesis work. We started by per-
forming the first extensive literature review on OR models developed specif-
ically for RT logistics, assessing the current state on especially the poor ex-
tent of implementation of those models in practice (Chapter 2). Having iden-
tified the most common planning and scheduling problems which had not been
addressed in the literature, we propose several OR approaches to solve those
“open” logistics problems (Chapter 3, 4, and 5). Chapter 3 presented the first
OR model for the optimal allocation of RTTs considering natural variations in
patient inflow. In Chapter 4 we perform an innovative study on the impact
of different policies (push or pull) for scheduling the start of treatment of RT
patients after their arrival, and in Chapter 5 we develop the first OR model
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where patient preferences regarding the time of their treatment sessions are in-
cluded in the optimization process. In Chapter 6 we take the current extent
of implementation of OR models in RT one step closer to clinical practice by
developing, validating and testing the OR model together with planners and
managers of two Dutch RT centers. Moreover, the OR models developed and
presented in this dissertation address the most relevant KPIs found in RT logis-
tics. Chapters 3 and 4 focus mainly on timeliness, by increasing the percentage
of patients starting treatment within the waiting time targets through enhanced
staff allocation and improved scheduling policy making. Chapters 5 and 6 im-
prove patient-centeredness by increasing the fulfillment of patient preferences
for treatment sessions’ times while helping planners find high-quality solutions
in a faster way. The minimization of waiting times and the fulfillment of patient
preferences are accounted for in the objective function of the mathematical pro-
gramming models, while other objectives are included in the form of constraints
(e.g. have patients receive treatment sessions in the same linac).

7.2 Main findings and implications for policy mak-
ing

OR for RT logistics

In Chapter 2 we reviewed the current state of literature on existing OR models
for resource planning in RT. We found that many models addressed the prob-
lem of scheduling patients on treatment machines (in 12 of 33 papers), while
little focus (3 publications) has been given to pre-treatment scheduling, despite
its impact on timeliness. The lack of studies focusing on the pre-treatment work-
flow is likely related to the difficulty of modelling certain components such as
the non-standardized behavior of some agents (e.g. doctors), or the many small
steps and actions that occur in RT clinics (e.g. review of treatment plans, work
that needs to be re-done), as demonstrated by Chapters 3 and 4. We have also
found that the development of OR methods for RT macro-planning is rather low
and can be further extended. Although OR may provide powerful tools for the
cost-effective allocation of funds in decisions regarding, for instance, the long-
term capacity needs of RT centers [91], we could only find one study regarding
facility planning on a macro level.

Although the literature on OR applications in RT covers a wide range of ap-
proaches from strategic capacity management to operational scheduling levels,
none of the 33 analyzed papers reported a full implementation of the model.
This indicates that, unless there is lack of reporting, implementation rates of OR
models in RT are low. Despite the potential improvements demonstrated by the
results obtained by the OR models, these are still not easily accepted by clini-
cians [11]. This may indicate that the theoretical gains need to be considerably
high in order to trade-off the effort, behavioral change, costs, and time needed to
perform the necessary changes in practice. These may require the involvement
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and collaboration of several professionals with different backgrounds (OR ex-
perts, process leaders, software developers, etc.), which further hampers imple-
mentation. As we found in the implementation part of our projects, it is impor-
tant that those stakeholders are kept informed and updated on all milestones of
the implementation project. Moreover, we found that 9 of the 33 analyzed stud-
ies were tested using fictitious data rather than real data. This indicates that
data availability may be another reason that complicates the verification, vali-
dation, and consequently the acceptance of OR models that should be further
considered.

Pre-treatment workflow: improving timeliness via optimal staff allocation
and improved workflow control

Chapter 3 introduced a stochastic MILP model that optimizes the allocation of
RTTs to multiple (pre-treatment) operations over a set of scenarios of patient
inflow. Given that the amount of workload in each operation (e.g. CT scan-
ning, treatment planning, etc.) depends on the highly variable patient inflow
and that RTTs have multiple skills, rotation needs and partial availability, build-
ing a schedule for RTTs over a mid-term planning horizon (1-6 months) has
shown to be a complex task. If not proven to be valid in practice, this may lead
to situations of understaffing, jeopardizing the fulfillment of the patients’ wait-
ing time standards. In our approach, several scenarios of patient inflow were
generated from historical patient data, and the final RTT allocation covered the
workload associated with all scenarios maximizing the (expected) number of
patients completing pre-treatment within their waiting time target. Results for
a case study in the RT department of the NKI showed that, on average, the
number of patients able to start treatment within the maximum waiting time
standards may increase from 91.3% to 97.9% for subacute patients, and from
96.3% to 100.0% for regular patients. Although the obtained data showed that
the NKI was already close to fulfilling the national waiting time targets for all
patients, the study was able to provide an estimation of the best achievable out-
come when RTTs are optimally allocated. We can safely presume that the actual
results of an implementation of the proposed methodology would be between
the fulfillment percentages measured in current practice and the theoretically
optimal outcomes. However, the benefits obtained by using our model can go
beyond timeliness improvements. In the NKI, the allocation of the 109 RTTs to
the modelled operations over a mid-term planning horizon is presently done
manually, requiring the involvement of several team leaders and process lead-
ers that need several weeks to produce a feasible schedule. Using the proposed
model by means of a software tool that is integrated in the planning software,
a high-quality roster can be obtained in an automated way in just over an hour
of computational time, releasing staff members to dedicate their time to other
(managerial) tasks within the department.

Besides aiding decision making for the direct allocation of the currently
available group of RTTs, our model can also provide support in re-dimensioning
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workforce. RT managers can use the model for running experiments for hypo-
thetically fewer or larger number of RTTs and evaluate the impact on timeli-
ness. In our experiments we verified that the RTT capacity needed to cover the
expected demand could be reduced by 5.5%. This means that six RTTs could the-
oretically be assigned to other tasks that do not belong to the modeled process
(e.g. patient education sessions, research, etc.) or the related costs be reduced.
Both or either efficiency and effectiveness could be improved in this way.

In Chapter 4 discrete-event simulation was used to model the pre-treatment
patient flow of the RT department of the NKI. A staff survey, interviews with
managers, and historical data from 2017 were used to generate model inputs
considering fluctuations in patient inflow and resource availability. Two strate-
gies were compared: one booking the start of treatment sessions right after
consultation (pull), while the other strategy only schedules the starting session
when pre-treatment is complete (push). Results showed that a hybrid (40% pull
/ 60% push) strategy representing the current practice leads to 12% lower av-
erage waiting times and 48% fewer first appointment rebooks when compared
to a full pull strategy, which in turn leads to 41% fewer patients breaching the
waiting time targets. This indicates that, despite a slight increase in waiting
times, there is room to schedule all patients on a pull strategy without breach-
ing timeliness targets. Several benefits may emerge from a pull strategy. By
having due dates earlier on, workflow control increases by creating the need of
tracking the progress of each treatment pathway and constantly ensuring that
resources will be available when needed. Moreover, patient satisfaction levels
increase by informing them about the start of treatment date right at consulta-
tion, possibly allowing patients to participate in the definition of the start date
of their treatment according to their preferences.

The process of increasing the number of patients working on a pull fashion
can be gradual, possibly per tumor site. For instance, a center may start book-
ing all regular breast patients using a pull strategy as a first trial, as suggested
by our experiments. The performance of the implemented changes would cer-
tainly give a clearer indication of the characteristics of patient groups which
are more susceptible to benefit from such a strategy before choosing the next
patient group. Ultimately, our simulation model can be used by radiotherapy
policy makers to identify the optimal balance between push and pull strategies
to ensure timely treatments while providing patient-centered care adapted to
their specific conditions.

Treatment scheduling: from theory to clinical practice

Chapter 5 presented a MILP model that solves the problem of scheduling and
sequencing RT sessions considering time window preferences given by patients.
With the increase in the incidence of cancer and the utilization rates of linear
accelerators, the problem of manually scheduling RT sessions while satisfying
patient preferences regarding the time of their appointments becomes increas-
ingly difficult for RT planners. The proposed MILP model alone can solve the
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problem to optimality in reasonable time for small size instances up to 66 pa-
tients and 2 linacs per week. For larger centers, we propose a heuristic method
that pre-assigns patients to linacs to decompose the problem in subproblems
(clusters of linacs) before using the MILP model to solve each of the subprob-
lems to optimality in a sequential manner. We tested our methodology using
real-world data from the RT department of the NKI (8 linacs). Results showed
that, combining the heuristic with the MILP model, the problem can be solved
in reasonable computation time with as few as 2.8% of the sessions being sched-
uled outside the desired time window. We found, however, that the size of the
(smallest) time window must be enlarged (from 90 up to 150 minutes) when
the percentage of patients requesting that same time window increases (from
25% to 50% of the patients) in order to keep the computation times reasonably
low. Based on our sensitivity analysis, we concluded that RT centers should
constantly monitor the percentage of patients asking for the same time window
and, when the “competition” goes above a certain threshold, re-dimension the
time window size being offered to future patients accordingly. Alternatively, the
RT center may offer the patient an alternative time window when the requested
one appears to be particularly popular.

The pre-assignment of patients to subsets of linacs allowed to solve the prob-
lem more efficiently by using the MILP model for solving subproblems associ-
ated with smaller groups of linacs. RT centers may split the set of available linacs
in subgroups based on their physical location (satellites), technological specifi-
cations (e.g. cone-beam CT embedded or not) or the interchangeability of RTTs
between linacs. When partitioning the problem, our model can be effective in
generating a (sub-)optimal schedule in due time for most real-world RT centers.
Not only the solutions found by our combined approach were close to optimal
with a maximum of 6.2% gap amongst instances between 1 and 8 linacs, but also
the methodology can save staff members the planning time required to produce
a solution manually. This makes our tool especially interesting for RT centers,
which are more interested in finding a good, feasible solution in a quick way
over highly detailed methods that take extreme computational effort to prove
optimality. Especially when, as in most cases, manual adjustments in the final
solution will have to be performed to cope with particular characteristics of pa-
tients and staff.

In Chapter 6 we used the MILP model from Chapter 5 for performing adjust-
ments towards an implementation in clinical practice. The model was adapted
to generate schedules for the RT treatment scheduling problem in a specific loca-
tion of two Dutch RT centers: NKI (213 patients per week and 6 linacs) and BVI
(51 patients per week and 2 linacs). Patient data was collected for the planning
horizon of one week, and the feasibility of the obtained schedules was verified
by the relevant staff members and planners of each center. The model was it-
eratively adjusted to fulfill the technical and medical constraints of each center
until a valid model was attained, with the optimized solutions being compared
with the ones manually developed in practice. Results showed that the weekly
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schedule improved with our model in both centers. For instance, in the NKI
the average SD between sessions’ starting times decreased by 51%, and in the
BVI the number of gaps in the schedule was reduced by 72%. A more compact
schedule minimizing idle times allowed all treatment sessions to be delivered
earlier on the day, potentially leading to cost savings equivalent to 0.45 FTEs, or
releasing RTTs from the treatment machines to perform other tasks within their
skills, such as treatment planning or image post-processing.

Besides ensuring that timeliness requirements for the start of treatment of
new patients are fulfilled, this study mainly focused on patient-centeredness.
With our model, very few patients would be switching linacs when comparing
to practice, decreasing from 71 to 0 in the NKI case, and from 43 to 2 in the BVI.
This allows patients to experience the same facilities and RTTs throughout the
whole treatment, allowing them to build empathy and trust with these profes-
sionals. Moreover, for the NKI case, besides ensuring that scheduled sessions
are delivered at more approximate times between each other, our model esti-
mated that patient preferences regarding appointment times would be fulfilled
98% of the times. Although real data regarding patient preferences was unavail-
able for comparison, results indicated that patient preferences would be largely
fulfilled with the validated model further increasing their overall satisfaction.

The computational effort needed to solve the problem required 5 minutes
and 1.5 hours of CPU time for the two studied centers, as opposed to 1.5 days
needed when performed manually. Although manual modifications may be
needed after a solution is found, the practical application of the OR model
proved to be able to help RT planners produce a high-quality schedule in a faster
way.

7.3 Methodological considerations and future direc-
tions

Uncertainty management and number of scenarios

One of the most important factors to consider when developing OR models
for RT logistics is uncertainty management. In Chapter 3 we account for the
stochasticity inherent to patient inflow by solving the staff allocation problem
for a number of patient arrival scenarios. In Chapter 4, a number of replications
are run for each computational experiment to neutralize the impact of randomly
generated data. However, defining the optimal number of scenarios and replica-
tions of stochastic models is not straightforward, indicating that more objective
methods of assessing the optimal number of scenarios for stochastic program-
ming models are needed. Another way to minimize the impact of uncertainty
could be to shorten the length of the planning horizon whenever possible. As
opposed to Chapter 3 where schedules are produced for a one-month planning
horizon, in Chapters 5 and 6 we apply a MILP model for solving a schedul-
ing problem on a weekly basis. This allowed us to build a deterministic model
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where all (regular) patients to be scheduled are known by the beginning of the
planning horizon. In case the planning horizon of the MILP model of Chap-
ter 3 could be shortened to one-week (schedules would be delivered to RTTs
weekly instead of monthly), the computational performance of the proposed
MILP model could probably be improved.

Apart from dealing with uncertainty in constructing our models, matching
the mathematical value with actual willingness and practical options for change
in practice is an ultimate uncertainty that needs to be confronted when aiming
to actually implement the results of our research. This requires input and or-
ganizing commitment from all relevant stakeholders from the start of this type
of projects and qualities with researchers to deal with sociodynamic aspects of
work processes.

Increase of computational complexity

With the continuous increase in the number of patients receiving RT, it is ex-
pected that RT centers will continue to grow in capacity to be able to cover the
rising demand. Thus, the decision problems addressed by the mathematical
programming models proposed in this thesis may become computationally too
complex to be solved in useful time using the proposed methodologies. In those
cases, other OR methods with demonstrated ability to handling large scale in-
stances may be applied. For instance, decomposition techniques such as column
or row generation may be used to divide for the MILP problem of Chapter 5 in
subproblems (groups of linacs) and solve the original problem to optimality iter-
atively. Markov Decision Processes and Approximate Dynamic Programming,
on the other hand, may be valuable tools for tackling the complexity introduced
by the increase in the number of scenarios used in the stochastic model of Chap-
ter 3. Depending on the structure and complexity of the problem, alternative
mathematical methods may be used when computational effort has proved to
be an issue. Yet the added value for practice should be evident when striving
for more advanced mathematical methods.

Healthcare simulation modeling

Creating a simulation model that mimics the pre-treatment workflow in RT with
the currently available tools proved to be a complex and difficult task. RT op-
erations, which are performed in sequential steps triggering new events and
changing state variables, can be modeled using DES modeling. However, RT
resources involved in the realization of these operations do not always have a
standardized working routine that can be represented by sequences of discrete
events. RTTs, for instance, may dedicate extra time to finalize treatment plans
and avoid delaying the process of more urgent cases. Doctors often work late or
skip certain meetings when their clinical workload for contouring is high. Clin-
icians’ behavior, also in RT, is therefore better represented by system dynamics
and/or agent-based simulation modeling. Software tools combining features of
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DES and other simulation methods are therefore deemed necessary for a more
accurate representation of the individual components of the RT processes. Based
on our experience with the work of Chapter 4, DES features can help modeling
patients’ care pathways as a sequence of operations that are triggered after each
other, and mimicking patient scheduling routines with a high degree of accu-
racy. Representing the behavior of doctors and RTTs, however, proved to be
limited by the available features of the software tool used in our study. Model-
ing resource availability by means of decisions made by individual agents based
on, e.g. utility functions, would allow the model to become even more realistic.
This can be accomplished by using features available in agent-based modeling
tools [7].

Added value of OR in RT

The OR methodologies proposed in this thesis have demonstrated the poten-
tial to provide considerable added value for operations management in RT. The
algorithm of Chapter 3, for instance, showed that the RTT capacity could be re-
duced by 5.5% by optimally allocating RTTs to cover the demand. According
to estimations derived from the NVRO’s technical report in 2012 [67], there are
around 1254 FTEs of RTT capacity in the Netherlands, which means that our
model could potentially lead to cost savings of 69 FTEs nationwide. Similarly,
by obtaining more compact schedules for the BVI case in Chapter 6, our OR
model showed that around 15% of each linac’s operating time could theoreti-
cally be saved. Assuming that there are 3 RTTs working daily in each linac, that
would correspond to overall savings of around 188 FTEs in case RT centers oper-
ate in similar circumstances to the BVI. Moreover, waiting times could be largely
reduced if our models were to be implemented on a national scale. If we extrap-
olate the performance obtained for the NKI case to the whole country, we would
be able to meet waiting time targets for up to 99% of the patients (Chapters 3 and
4), as opposed to 91% measured in practice at the NKI (2016). Furthermore, and
according to results of Chapter 5, 98% of all regular patients could be receiv-
ing their sessions within their preferred time window. Estimating that there are
over 70 thousand RT treatment pathways in the Netherlands annually [67], this
would provide considerable gains in terms of both patient-centeredness and ef-
ficiency, increasing the overall quality of treatment with clear added benefits for
cancer patients.

7.4 Collaboration network and generalization of re-
sults

The set-up of a collaboration network with several RT centers actively partici-
pating in the project allowed for the development of broader and more gener-
ally applicable OR models. RT centers have different sizes, value propositions
and strategic goals. For example, logistics tend to be more complex, i.e. have
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more diversified treatment pathways, in centers focusing on highly specialized
treatments such as the NKI. By contrast, other cancer centers may have more
standardized care pathways with more consistent sequences of operations. In-
tegrating information collected from six Dutch RT centers with diversified value
propositions and objectives allowed to design robust methodologies that are
representative of several centers’ operational procedures. This makes the pro-
posed models easily adjustable and useable by RT centers, avoiding the need
to develop a model for each center specifically as seen in other healthcare fields
where, for instance, over a thousand simulation models can be found for emer-
gency departments alone [12].

During the course of this thesis work, regular meetings were held with mem-
bers of all collaborating centers. Lively discussions and exchange of information
were promoted between the managers and planners of the involved institutes,
allowing them to learn from each other by being exposed to alternative ways
of thinking regarding resource planning and use in RT. We verified that setting
up a network of collaboration and encouraging the participants to expose and
explain their (recurring) managerial dynamics to each other led to the identi-
fication of potential improvement interventions in some of the centers. Solu-
tions for the logistics problems that are common amongst RT centers were dis-
cussed through brainstorming, which generated new research ideas that orig-
inated gradual methodological improvements. This collaborative approach is
also described in the literature by Hulscher et al. [41]. Their literature study
showed that teamwork and participation in specific collaborative activities im-
proved the success of the implementation of quality improvement projects in
the short-term, as seen with our project. In the long run, the authors found
that keeping projects teams intact and gathering data continuously over time
increases the chances of success in the implementation process.

7.5 Implementation of OR models for RT logistics

The full implementation of OR models, however, is not straightforward. The
steps towards a clinical implementation performed in this thesis (Chapter 6)
showed that performing model adaptations gradually, in small steps, is a major
contributor. A step-by-step approach on the adjustment of the OR models al-
lowed for an early identification of pitfalls that could be immediately corrected,
promoting a smoother transition into a clinically valid solution. Conducting
the research of this thesis in an actual RT center (NKI) has been another im-
portant facilitator. Working on the premises of an actual clinic made it possi-
ble to keep constant communication with RT clinicians and managers that pro-
moted quicker and more accurate model adaptations. Moreover, keeping con-
stant communication with stakeholders both from the NKI and collaborating
centers from the very beginning of the project was crucial for the realization of
the implementation steps. By setting regular meetings, model adaptations and
the corresponding solutions could be discussed frequently for the identification
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of pitfalls and/or infeasibilities that led to new model adaptations.
This study also showed that there are hurdles that need to be overcome for a

practical application of OR tools in RT. First, the involvement of several special-
ized personnel with different backgrounds is needed. OR specialist, appoint-
ment planners, process managers, software developers, etc. need to be involved
in the design, development, and testing of OR-based software tools. A simple
yet effective way of communicating new developments and results are therefore
critical for the successful interpretation and implementation of those. In addi-
tion, we verified that the acceptance and validation of OR models can be easier
to obtain when large amounts of quality data are available. In this thesis work,
the use of complete and updated datasets allowed for more reliable testing that
increased the stakeholders’ perception of validity regarding the results being
presented. Thus, recording and collecting as much logistics’ data as possible
is highly recommended when attempting the development and application of
OR models in RT, which can be hard to achieve. In fact, four out of the six RT
centers of our collaboration network could not be included in our implementa-
tion project (Chapter 6) due to lack of updated data for timely model testing.
Moreover, the establishment of input and output data relations between the pa-
tient information system (PIS) software and the OR model can be challenging.
A possible facilitator can be the integration of the OR tool into a patient in-
formation management system such as MOSAIQ [33]. This would potentially
allow input and output data to be automatically transferred from and to the in-
ternal databases in an automated manner, saving planners the time needed for
manual data handling. Furthermore, the implementation of the several mod-
els and/or interventions proposed in this thesis must be done sequentially on a
step-by-step approach. After each change, actual performance should be eval-
uated and compared with the theoretical results to assess the validity of the
predicted results and reflect upon eventual differences. Next, the new circum-
stances should be analyzed and considered before proceeding to the next im-
plementation project. The corresponding OR model(s) can be re-used to test the
system under the new circumstances in order to verify whether the previously
obtained results remain valid.

Concluding, the research models proposed in this thesis are intended to
provide decision-making support such that RT centers organize their processes
more efficiently for the benefit of patients and staff. Although several hurdles
hamper their application in practice, OR has proven effective in solving highly
constrained problems where feasible (near-optimal) solutions are difficult to
achieve manually. Advanced analytical methods based on OR have proven ca-
pable of optimizing the logistics of radiotherapy treatments for a better quality
of care.
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131

143707 Vieira BNW.indd   137 03-06-20   16:14



Logistical Optimization of Radiotherapy Treatments

RTT Radiation therapy technologist
SD Standard deviation
TCP Tumor control probability
TP Treatment planning
WT Waiting time
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Summary

The delivery of radiotherapy (RT) involves the use of rather expensive resources
and multi-disciplinary staff. In RT, timeliness is crucial, and literature shows
that delays in the start of treatment have shown to increase the risk of tumor
progression in various cancer types, and patients experience greater psycholog-
ical distress when subject to longer waiting times. As the number of cancer pa-
tients receiving RT increases, timely delivery becomes increasingly difficult due
to the complexities related to, among others, variable patient inflow, special-
ized patient routing, and the joint planning of multiple resources. In this thesis,
we studied, designed, and developed several Operations Research (OR) models
for the logistical optimization of RT processes to support decision-makers use
their resources more efficiently. We propose innovative approaches for solving
logistical problems encountered in the whole RT chain of operations, from pre-
treatment to treatment, while optimizing for the most important KPIs related to
timeliness and patient-centeredness. The developed research work is practice-
oriented, with models being built, validated, and tested using real-world infor-
mation and data provided by six collaborating RT centers.

Chapter 2 presents a literature search of OR methods for resource planning
in RT in six databases covering journal papers in the medical and mathematical
domains. Data extraction included, amongst others, the subject of research and
methods applied, the extent of implementation according to a six-stage model,
and the (potential) impact of the results in practice. The review shows that most
models addressed the problem of scheduling patients on treatment machines,
while little focus has been given to the pre-treatment phase of the process, de-
spite its high impact on timeliness. We also found that the development of OR
methods for RT macro-planning is rather low and can be further extended. Fur-
thermore, we verified that none of the 33 analyzed papers reported a full imple-
mentation of the model indicating that, unless there is lack of reporting, imple-
mentation rates of OR models in RT are rather low.

In Chapter 3 we introduce a mathematical approach for the optimal allo-
cation of radiation therapy technologists (RTTs) to the several operations they
perform throughout the (pre-)treatment chain of operations. Besides perform-
ing multiple activities, RTTs have specific rotation needs to maintain specialized
skills and partial availability, which makes the allocation of RTTs a complex task
especially due to the highly variable patient arrivals and care content. In our
approach, we use a novel stochastic mixed integer linear programming (MILP)
model to optimize the allocation of RTTs over a set of scenarios of patient inflow
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generated from historical patient data. The goal is to maximize the (expected)
number of patients completing the pre-treatment phase within the waiting time
target. Results for a case study in the RT department of the Netherlands Can-
cer Institute (NKI) showed that, on average, the number of patients able to start
treatment within the maximum waiting time standards may increase from 91.3%
to 97.9% for subacute patients, and from 96.3% to 100.0% for regular patients.

Radiotherapy pre-treatment workflow is either driven by the scheduling of
the first irradiation session, which can be set right after consultation (pull strat-
egy) or after the pre-treatment operations have been completed (push strategy).
In Chapter 4 we assess the impact of using pull and push strategies and ex-
plore alternative interventions for improving timeliness in radiotherapy using
discrete-event simulation modeling. Staff surveys, interviews with managers,
and historical data from the NKI (2017) were used to generate model inputs, in
which fluctuations in patient inflow are considered. Results showed that a pull
strategy allows for 41% fewer patients breaching the waiting time target than a
hybrid strategy (40% pull / 60% push), in spite of slightly longer waiting times
(12%).

Chapter 5 focuses on the problem of automatically scheduling RT sessions
while satisfying patient preferences regarding the time of their appointments.
While most literature focuses on the timeliness of treatments, collaborating RT
centers have expressed their need to include patient preferences when schedul-
ing appointments for irradiation sessions. Therefore, we propose a MILP model
to solve the problem to optimality, scheduling all sessions within the desired
window in reasonable computation time for small size instances up to 66 pa-
tients and two linacs per week. For larger centers, we propose a heuristic
method that pre-assigns patients to linacs to decompose the problem in sub-
problems (clusters of linacs) before using the MILP model to solve the subprob-
lems to optimality in a sequential manner. We tested our methodology using
real-world data from the NKI (eight linacs) and found that, with our combined
approach, the problem can be solved in reasonable computation time (3.3 hours)
with as few as 2.8% of the sessions being scheduled outside the desired 90-min
time window.

In Chapter 6 we adapted the MILP model of Chapter 5 to generate weekly
schedules for the RT treatment scheduling problem for two Dutch RT centers.
The model was iteratively adjusted to fulfill the technical and medical con-
straints of each center until a valid solution was attained. Patient data was col-
lected from the internal databases, and the feasibility of the obtained schedules
was verified by staff members of each center. We verified that the practical ap-
plication improved the weekly schedule in both centers by decreasing the aver-
age SD between sessions’ starting times from 103.0 to 50.4 minutes (51%) in one
center, and by reducing the number of gaps in the schedule from 18 to 5 (72%)
in the other. The process required 5 minutes respectively 1.5 hours of compu-
tation time for the two centers at test, as opposed to 1.5 days when performed
manually by both centers.
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Summary

The OR models proposed in this thesis have demonstrated considerable po-
tential benefits when results are extrapolated on a national scale. The algorithm
of Chapter 3, for instance, showed that our model could potentially lead to cost
savings of 69 FTEs nationwide. Similarly, by obtaining more compact schedules
in one of the test cases (Chapter 6), our model showed that savings of around
188 FTEs could be achieved overall. However, the implementation of OR tools
in RT practice is not straightforward. We found that matching the mathematical
value with actual willingness and practical options for change in practice is an
ultimate uncertainty that needs to be confronted when aiming to actually im-
plement the theoretical results. This requires input and organizing commitment
from all relevant stakeholders and researchers from the start of the project in
order to deal with sociodynamic aspects of work processes from an early stage.
Implementation efforts performed within this project also revealed that gradual
model adaptations performed in small steps and constant communication are
needed to ensure the translation OR models into clinical practice.

Concluding, the research models proposed in this thesis proved to be able to
provide decision-making support for RT centers aiming to organize their pro-
cesses more efficiently for the benefit of patients and staff. Although several
hurdles hamper the application of those models in practice, OR has proven ef-
fective in solving highly constrained logistics problems in RT where feasible
(near-optimal) solutions are difficult to achieve manually. Overall, advanced
analytical methods based on OR have proven capable of optimizing the logis-
tics of radiotherapy treatments for a better quality of care.
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Samenvatting

Het leveren van radiotherapie (RT) behandelingen vereist tamelijk kostbare
middelen en de inzet van multidisciplinair personeel. Voor een succesvolle RT
behandeling is een snelle start van de behandeling (tijdigheid) cruciaal en uit de
literatuur blijkt dat vertragingen het risico op tumorprogressie bij verschillende
soorten kanker kan vergroten. Daarnaast blijkt dat patiënten meer psycholo-
gische problemen ondervinden wanneer ze langer moeten wachten. Naarmate
het aantal patiënten met kanker dat RT krijgt toeneemt, wordt op tijd beginnen
met de behandeling steeds moeilijker door de complexiteit van onder andere
de variabele instroom van patiënten, het gespecialiseerde zorgpad dat patiën-
ten doorlopen en de gezamenlijke planning van personeel en middelen. In dit
proefschrift hebben we verschillende mathematisch besliskunde modellen, in
het Engels “Operations Research” (OR) models, bestudeerd en ontwikkeld voor
de logistieke optimalisatie van RT processen. De modellen kunnen managers
ondersteunen bij het efficiënter inzetten van middelen. We hebben innovatieve
benaderingen voorgesteld voor het oplossen van logistieke problemen die zich
voordoen in de hele radiotherapieketen, van voorbereiding tot behandeling, ter-
wijl we de belangrijkste indicatoren (Key Performance Indicators, KPIs) hebben
geoptimaliseerd: tijdigheid en patiëntgerichtheid. De behaalde resultaten zijn
breed inzetbaar doordat de modellen zijn ontwikkeld, getest en gevalideerd met
behulp van realistisch informatie en gegevens, aangeleverd door zes samenwer-
kende RT-centra .

Hoofdstuk 2 beschrijft een literatuuronderzoek naar OR-methoden voor re-
sourceplanning in RT met behulp van zes databases met wetenschappelijke ar-
tikelen op medisch en wiskundig gebied. De dataextractie omvatte onder an-
dere het onderwerp van het onderzoek en de toegepaste methoden, de mate
van implementatie volgens een zes fasen model en de (potentiële) impact van
de resultaten in de praktijk. Uit de resultaten bleek dat de meeste modellen
het probleem van het inplannen van patiënten op behandelingsmachines (line-
aire versnellers, linacs) aanpakken, terwijl er weinig aandacht is besteed aan de
voorbereidingsfase van het RT traject, ondanks de grote invloed van deze fase
op de doorlooptijd. We vonden ook dat de ontwikkeling van OR-methoden
voor RT planning op macro (strategisch) niveau vrij beperkt is en verder kan
worden uitgebreid. Bovendien hebben we geverifieerd dat geen van de 33 gea-
nalyseerde artikelen een volledige implementatie van het model meldden. Dit
wijst erop dat, tenzij er een gebrek aan rapportage is, de implementatiegraad
van OR modellen in RT vrij laag is.
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In hoofdstuk 3 hebben we een innovatieve wiskundige aanpak voorgesteld
voor de optimale indeling van radiotherapeutisch laboranten in de verschil-
lende operaties die zij uitvoeren over de gehele keten. Naast het uitvoeren van
meerdere activiteiten, moeten laboranten regelmatig wisselen van taak om hun
gespecialiseerde vaardigheden op peil te houden. Daarnaast werken ze vaak in
deeltijd. Dit en het zeer variabele aanbod van patiënten met variërende zorgin-
houd maakt het indelen van laboranten een complexe zaak. In onze aanpak ge-
bruiken we een nieuw stochastisch “mixed integer linear programming” (MILP)
model dat de toewijzing van laboranten optimaliseert, gegeven verschillende
patiëntinstroom scenario’s die gebaseerd zijn op historische data. Het doel is
om het (verwachte) aantal patiënten dat de voorbereidingsfase binnen de nage-
streefde wachttijd afmaakt, te maximaliseren. De resultaten van een casestudy
op de RT afdeling van het Nederlands Kanker Instituut (NKI) laten zien dat het
aantal patiënten dat binnen de maximale wachttijd kan starten, gemiddeld kan
toenemen van 91.3% naar 97.9% voor subacute patiënten, en van 96.3% naar
100.0% voor reguliere patiënten.

Het radiotherapietraject wordt ofwel gestuurd door de planning van de eer-
ste bestralingssessie, direct na het eerste contact tussen de patiënt en de be-
handelaar (pull-strategie), of na afloop van het volledige voorbereidingstraject
(push-strategie). In hoofdstuk 4 beoordelen we de impact van het gebruik van
pull- en push-strategieën en onderzoeken we met behulp van discrete simu-
latiemodellen het effect van alternatieve strategieën om de tijdigheid van de
bestraling te verbeteren. Met behulp van personeelsenquêtes, interviews met
teamleiders en historische gegevens van het NKI (2017) is input voor het model
gegenereerd, rekening houdend met fluctuaties in de instroom van patiënten
en de beschikbaarheid van personeel en middelen. Het blijkt dat bij een pull-
strategie 41% minder patiënten de beoogde wachttijd overschrijden dan een hy-
bride strategie (40% pull / 60% push, de klinische praktijk in het NKI), ondanks
een iets langere gemiddelde wachttijd (12%).

Hoofdstuk 5 onderzoekt het automatisch inplannen van bestralingssessies
waarbij zo goed mogelijk rekening wordt gehouden met de voorkeuren van de
patiënt met betrekking tot het tijdstip van de bestralingsafspraak. Terwijl de
meeste literatuur zich richt op het optimaliseren van de doorlooptijd, hebben
de samenwerkende RT-centra kenbaar gemaakt dat ze graag de voorkeuren van
de patiënt hierin willen betrekken. In deze studie stellen we een MILP-model
voor dat er naar streeft dat alle sessies binnen het gewenste venster worden in-
gepland. Voor kleinere centra, tot 66 patiënten per week verdeeld over twee
linacs, is dit probleem in een redelijke rekentijd op te lossen. Voor grotere cen-
tra stellen we een heuristische methode voor waarmee patiënten vooraf aan een
bepekte set uitwisselbare linacs worden toegewezen zodat het probleem in deel-
problemen (clusters van linacs) wordt opgedeeld. Deze deelproblemen worden
vervolgens geoptimaliseerd met het MILP-model. Deze sequentiële aanpak is
getest met behulp van realistisch data van het NKI. Het bleek dat het probleem
kan worden opgelost in een redelijke rekentijd (3.3 uur) met slechts 2.8% van de
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geplande sessies buiten het gewenste 90-minuten tijdsvenster .
In hoofdstuk 6 hebben we het MILP-model van hoofdstuk 5 aangepast om

voor twee Nederlandse RT-centra weekschema’s te genereren voor hun RT be-
handelingen. Het model werd iteratief aangepast om te voldoen aan de tech-
nische en medische randvoorwaarden van elk centrum totdat een geldige op-
lossing werd bereikt. Patiëntengegevens werden verzameld uit de interne da-
tabases en de haalbaarheid van de verkregen schema’s werd geverifieerd door
de medewerkers van elk centrum. Het bleek dat met dit MILP-model een haal-
bare, kwalitatief hoogwaardige planning gemaakt kan worden op een betere en
snellere manier dan de huidige aanpak. De wekelijkse planning is in beide cen-
tra verbeterd: de gemiddelde standaardafwijking tussen de starttijden van de
sessies is in het ene centrum (NKI) met 47% afgenomen, terwijl het aantal gaten
in de planning in het andere centrum (Bernard Verbeeten Instituut) met 72% is
afgenomen. Het proces vereiste respectievelijk 1.5 uur en 5 minuten CPU-tijd
voor de 2 centra, onvergelijkbaar snel ten opzichte van de 1.5 dag die in beide
instituten nodig is bij de huidige, handmatige planning.

De in dit proefschrift voorgestelde OR-modellen laten aanzienlijke potentiële
voordelen zien indien de resultaten op nationale schaal kunnen worden geëx-
trapoleerd. Het algoritme van hoofdstuk 3 liet bijvoorbeeld zien dat ons model
potentieel kan leiden tot een kostenbesparing van 69 FTE’s op nationaal niveau.
Ook heeft ons model, door het verkrijgen van compactere schema’s voor een
van de testcases (hoofdstuk 6), laten zien dat in totaal ongeveer 188 FTE’s kun-
nen worden bespaard. De implementatie van OR-tools in de RT-praktijk is ech-
ter niet eenvoudig. Het is lastig de theoretische verbeteringen, die komen van
modellen die de werkelijkheid slechts deels beschrijven, klinisch te implemen-
teren. Eén van de oorzaken is dat de te behalen resultaten niet altijd intuïtief zijn
en de benodigde veranderingen, in de ogen van de medewerkers, complex zijn.
Een succesvolle implementatie vereist input en organisatorische verbinding van
alle relevante belanghebbenden en onderzoekers vanaf het begin van het pro-
ject. Eventuele sociodynamische aspecten van werkprocessen moeten in een
vroeg stadium onderkend worden. Uit de implementatie-inspanningen binnen
dit project is ook gebleken dat geleidelijke modelaanpassingen in kleine stappen
wenselijk is, gecombineerd met constante communicatie om de vertaling van de
OR-modellen naar de klinische praktijk te bewerkstelligen. Tot slot bleek dat de
in dit proefschrift voorgestelde onderzoekmodellen in staat zijn om de besluit-
vorming te ondersteunen voor RT-centra die hun processen efficiënter willen
organiseren ten behoeve van patiënten en personeel. Hoewel verschillende hin-
dernissen de toepassing van deze modellen in de praktijk belemmeren, is geble-
ken dat OR methoden effectief zijn in het oplossen van overzichtelijke logistieke
problemen in RT, waar haalbare (bijna-optimale) oplossingen moeilijk handma-
tig te realiseren zijn. Over het algemeen zijn geavanceerde analysemethoden op
basis van OR in staat gebleken om de logistiek van radiotherapiebehandelingen
te optimaliseren voor een betere kwaliteit van zorg.
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In external-beam radiotherapy, delays in the start of treatment can 
negatively afect the patient’s outcome and quality of life. Radiotherapy pre-
treatment operations (CT, MRI, tumor delineation, treatment planning, etc.) 
are tightly and time-wise connected, personnel are highly specialized, and 
the required equipment may be dedicated to patients with speci�c tumor 
sites. Managing patient flows in such an environment is challenging and is 
further complicated by the high levels of uncertainty in the process, such 
as a highly fluctuating patient inflow. As the number of patients diagnosed 
with cancer increases and treatment pathways become more and more 
personalized, avoiding delays in the start of treatment and under/over 
utilization of resources becomes increasingly di�cult for radiotherapy 
centers. This thesis proposes innovative approaches developed using 
Operations Research and Management Science methods for the logistical 
optimization of radiotherapy processes to support decision-makers plan 
and use their resources more e�ciently for a better quality of care.
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