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Management Summary

In this thesis we study how to optimize the logistical planning of the linear accelerators
(linacs) in a radiotherapy process. In this complex healthcare process, cancer patients undergo
from one up to 35 daily sessions of radiation under a linac, according to its type, in order to
shrink or kill the tumor. Due to the medical and technological constraints of the treatments,
some patients can only be treated in some of the linacs. Moreover, for some patients, delays in
the start of treatment can compromise the quality of the care process. Thus, the challenge of the
logistical planning of the linacs resides in assuring that feasible linac capacity is swiftly available
for treating new and uncertain coming patients. We define this challenge as the linac capacity
planning problem. This problem consists in the allocation of linac capacity (or linac time), in
advance and for a mid-term horizon, to different types or categories such that categorized access
times (time a patient waits to begin treatment) are minimized.

In order to tackle the linac capacity planning problem, we develop a mathematical
method called ProaRT. This method allocates linac capacity to the different categories (patient-
types) in advance by setting a threshold on the time a linac can be used to treat a category. In
this thesis, we consider linac capacity to be measured in timeslots, where each timeslot
corresponds to one session of radiation. For this reason, the allocation ProaRT does can be seen
as the maximum number of patients from a category that can be treated on a linac, any given
day. The maximum number of patients yielded by ProaRT is calculated via a simulation-and-
heuristic approach. The heuristic approach handles the problems characteristics (e.g. linac
constraints, daily sessions of radiation, etc.). The simulation part of the approach handles the
uncertainty in the arrivals and the mid-term horizon (for in advance planning).

We carry out a series of theoretical and practical experiments with ProaRT to test how
well it tackles the problem. The data used for the experiments is based on the current situation
of the NKI-AVL. In experiments we compare planning through ProaRT and planning through
open access scheduling (planning a patient as early as possible), which is the current way of
working of the NKI-AVL. In ProaRT day-to-day scheduling of patients is done as follows: all
sessions of radiation of a patient are planned on the earliest available linac that (1) has less than
the number of maximum patients (given by the ProaRT table) planned and that (2) has the least
number of total planned patients. The theoretical experiments show that ProaRT can achieve up
to 90% lower access times compared to an open access scheduling approach. Nevertheless, the
more linac constraints and uncertainty in the arrival of patients there are, the less the impact of
ProaRT. In our most constrained and uncertain experiment, ProaRT could only achieve 8%
improvements. In the practical experiments exclusive for the NKI-AVL, we observe that access
times in the current situation, and due to linac capacity, are not high, i.e. 0.24 days on average for
all patients. ProaRT can reduce this time to an even smaller value of 0.05 days. Similar
reductions are found in all practical cases analyzed. Furthermore, in some cases, ProaRT had the
additional benefit of leveling categorized access times, i.e. less variation among the longest and
shortest access time. With these experiments we demonstrate that in advance linac capacity
allocation, through ProaRT can significantly improve the logistic planning of the linacs in a
radiotherapy process.
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Chapter 1
Introduction

1.1  Healthcare and Operations RESEAICH ... e sens e 1
1.2 The Netherlands Cancer Institute - Antoni van Leeuwenhoek Hospital........cccocvverrerennes 2
1.3 ReSEArCh MOtIVATION. ..t ases s sses s sss bbb bbb 4
1.4  Research Goal and Problem STtatement ........coeeeneeneenseessenseseesee s ssesssssssessenns 5
1.5  Research Questions and MethodOlOZY .......ccreeereereerneseesseesssesseesseesssesesssessesssessssssssees 6

In this chapter we introduce the project structure and the research design of this thesis.
In Section 1.1 we give a short opening on why the healthcare industry is in need of analyzing and
optimizing their processes and how this industry can fulfill its need. In Section 1.2 we present
the NKI-AVL, the institution in which this project is executed, and briefly describe the care
process that is studied. Furthermore, in Section 1.3 we describe the relevance of this study for
the NKI-AVL’s mission. In Section 1.4 we establish the goal of this research and formalize the
problem statement that we work upon. Finally, in Section 1.5 we pose the research questions we
strive to answer in this thesis and how we plan to do so. These questions are the drivers used to
attain the research’s goal and to solve the problem statement.

1.1 Healthcare and Operations Research

Nowadays, the healthcare business has become a strong topic of discussion for different
groups of people, ranging from patients receiving care and specialists giving treatment up to
insurance companies competing in the industry and governments controlling it. These groups of
stakeholders bring separate and conflicting goals to the discussion table, which makes it difficult
for managers to fulfill, in an effective way, the objectives of all parties (Carter, 2002). The
industry is continuously pressured to deliver higher quality treatments, to have more available
services and to lower its costs. Over the last decade, this pressure has been a motivation to
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achieve better diagnosis methods and more effective treatments. The human genome depiction,
minimal invasive robotic surgery and targeted therapies for cancer are a few examples of the
improvements that have been materialized in the quality of healthcare (Cox and Peck, 2009).
However, all around the world, the availability and costs of the healthcare services have not
experienced improvements of the same magnitude.

Financial sustainability is expected to be one of the major issues in organizing hospital
care in the coming years. In the Netherlands, the Worldwide Health Organization (2011) reports
that the government expenditure on healthcare per capita (in Euros at exchange rate) increased
from €1925 in the year 2000 to €5593 in 2010. Although costs have significantly increased in
the Netherlands over the last decade (191%), healthcare resources have not. For example, the
number of hospital beds per thousand inhabitants went from 55.4 in the year 2000 to 55.0 in the
year 2009 even though hospital admissions increased from 1485 to 1899 over the same period
of time (Centraal Bureau voor de Statistiek, 2011). This is not only an indicator of capacity, but
also an indicator of availability of inpatient services (World Health Organization, 2011). Just as
everywhere else in the world, everyone in the Netherlands is in need of more cost-and-resource
efficient healthcare institutions to guarantee access to the entire population.

On an institutional level, increasing costs pressures lead to a need of continuously
balance various aspects of care quality with care-resources efficiency. For this reason, healthcare
institutions are giving more and more attention to managing their processes in the best way.
Most important of all, they are investing on optimizing their healthcare logistics. Finding a
perfect balance in healthcare logistics is a challenging task since the objectives and interests
from the parties involved are conflicting most of the time. Fortunately, similar problems faced by
other industries have been engaged by operations research. This field of research, which is the
scientific study of quantitative decision making, offers important ways to analyze and optimize
logistical processes. The trade-offs between costs, resources and demand of healthcare services
are increasingly being studied by both healthcare organizations and the operations research
community, and techniques have been proven to be of great help for engaging the financial
sustainability vs. quality of care problem.

This thesis is carried out in this field of operations management and operations research
applied into healthcare. An oncological care process is studied in the Netherlands Cancer
Institute - Antoni van Leeuwenhoek Hospital (NKI-AVL). We aim to explore scenarios for
logistical improvement and deduct guidelines for the tactical and operational planning of this
process. The institution and the oncological care process are presented in the following sections.

1.2 The Netherlands Cancer Institute - Antoni van Leeuwenhoek
Hospital

The Netherlands Cancer Institute - Antoni van Leeuwenhoek Hospital is a
comprehensive cancer institution in Europe doing state of the art research and treatment in the
cancer field. Since its foundation in 1913, the NKI-AVL has been a place “where patients
suffering from malignant growths could be treated adequately and where cancer and related
diseases could be studied” (The Netherlands Cancer Institute, 2006b). The NKI-AVL merges
scientific research and clinical application into one single independent organization and a highly
collaborative atmosphere in Amsterdam, the Netherlands (Figure 1). This interaction helps
developing and improving knowledge about cancer, and most important of all, helps in the
clinical application of the best diagnosis, treatment and nursing care for patients who suffer
from this terrible disease. The NKI-AVL cooperates and shares knowledge with multiple
research institutes, universities and academic hospitals both nationally and internationally. In
addition to this, it continuously transfers theoretical knowledge to practice by training and
education of medical and scientific professionals in the field of oncology.
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Figure 1 - The

NKI-AVL in Amsterda, the Netherlands

As a research institute, the NKI-AVL focuses on three major areas of research:
fundamental, clinical and translational cancer research. In its facilities, fundamental studies
about the biological processes of normal and cancer cells are performed. To do these studies, the
NKI-AVL possesses cutting-edge technologies and laboratories, which are used by the more than
500 scientists and scientific support personnel. These technologies cover important subjects of
cancer research, and have a special emphasis on cell-based screens, mouse tumor models, cell
biology, structural biology and epidemiology (The Netherlands Cancer Institute, 2012).
Nevertheless, the research goals of the NKI go beyond a better theoretical understanding of
cancer. The institute also organizes diverse clinical trials of new forms of diagnosing and
treating cancer. As part of the translation research program, the results of these clinical trials are
converted to clinical applications and improved therapies that aim to better identification of
cancers and improved patient’s health and life expectancy.

The Antoni van Leeuwenhoek Hospital, which is the NKI-AVL’s clinic, houses around 140
different medical specialists, 180 beds, five operating rooms and nine irradiation units. It is the
only dedicated cancer centre in the Netherlands and receives around 24000 new patients each
year. In order to have a better understanding of each patient’s cancer, the NKI-AVL specialists
have access to many different diagnostic facilities from the areas of pathology, radiology, nuclear
medicine and clinical laboratory. With these tools, oncologists can design the best tailored
treatment for patients. These treatments often consist of a combination of conventional surgery,
chemotherapy and/or radiotherapy. Specialized treatments such as robotic assisted surgery,
photodynamic therapy and image guided radiotherapy are also used to fight cancer. In addition
to the excellent cancer facilities, patients have a dedicated unit comprising psychologists, social
workers, information officers and others who offer them, and their relatives, support in dealing
with cancer (The Netherlands Cancer Institute, 2006a).

In accordance with the NKI-AVL’s mission of guarantying cancer patients the best care
possible, support studies on resource and logistics management have been executed. These
studies aim to balance the quality of care with the efficient use of the resources. Operations
management and operation research investigations, like the ones from Vanberkel et al. (2010)
and van Lent et al. (2010), demonstrate the interest of the NKI-AVL on assuring patients a
promptly access to all the means of treatment. In line with this support research, this project
looks into one specific treatment form: the radiotherapy treatment process. A study of the best
way to plan and control this process, from a logistical and operational perspective, is carried out
in this thesis.

1.1.1 Radiation Treatment or Radiotherapy

Radiotherapy is a way of treating cancer through the use of high energy radiation (U.S.
Department of Health, 2010). This radiation can be delivered to a patient’s tumor by an external
beam from an irradiation machine or by some radioactive material placed near it. As radiation
goes through normal and cancer cells in the body, genetic damage occurs which either stops
cells from multiplying or kills them (The Netherlands Cancer Institute, 2006b). In this study, we
focus on the external-beam radiotherapy which is the process of treating different cancer
patients with radiation from specialized machines such as the one seen in Figure 2.
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Radiotherapy is a complex way of treatment, which involves many medical, technical and
logistical considerations. An extended explanation of this process and a depiction of the current
situation in the NKI-AVL are presented in Chapter 2 of this thesis.

Currently, the NKI-AVL radiotherapy department
treats approximately 4500 new patients every year. Each
patient is categorized into one out of approximately 70
care plans. The demand for this type of care, which is
currently around 95 new patients per week, is expected to
steadily grow. In order to give this type of treatment, the
NKI-AVL has nine state-of-the-art linear accelerators
(linacs). However, since the incoming patients have care
plans and the linacs have different technical
characteristics (e.g. radiation type, energy level, etc.), not
all machines are suitable for treating all patients. In
addition, depending on the location of the cancer, the size of tumor and other medical aspects,
patients need a different amount of radiation, which is usually given in different sessions
(fractions) under a linac. The number of times a patient has to receive radiation can vary from
one single fraction up to 35 fractions. These fractions need to be in consecutive days, or
sometimes twice a day, in order to achieve the best results possible. To assure that radiation is
under control and precisely targeted, periodic maintenance inspections are mandatory for all
machines.

Figure 2 - Radiotherapy at the NKI-AVL

1.3 Research Motivation

In the spirit and ambition of the NKI-AVL to make important contributions to the cancer
field, but most important, to the care of patients who suffer from this disease our research looks
into the radiotherapy capacity planning. With a supply of different linacs, demand for different
treatments must be satisfied as soon as possible and using the resources as much as possible.
The problem becomes challenging when we consider that not all linacs are able to treat all care
plans (e.g. cancer types), and that the different care plans require a different number of fractions
under a linac. Moreover, patient arrivals vary from week to week. With the treatment
constraints and uncertainty in arrivals, a good plan of the linac capacity must be designed in
advance in order to achieve the time and resource related goals.

As an illustration of the logistical challenge mentioned above, let’s consider the simple
and deterministic example presented in Figure 3. On a given week, we have a certain number of
patients, from three care plans: A, B and C, which have already been diagnosed and are ready to
start radiotherapy. In order to treat these incoming patients, we have three treatment linacs: 1, 2
and 3. All linacs have the same fixed capacity and can execute the same amount of treatments,
however due to medical and technical reasons, not all patients can go to all linacs. We consider
that patients from care plan A can only go to linac 1; patients from care plan B can go to any linac
and patients from care plan C can only go to linacs 1 and 2. From the numerical instance in
Figure 3, we observe that the total capacity (450) is enough to start treatment for the number of
incoming patients (400).

(li?:r? Pal\iieev;zts Linac Capacity
A 50 1 150
B 200 2 150
C 150 3 150

Figure 3 - Planning example of linac capacity
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If all patients in this example show up at the same time, it is easy to determine an
allocation where all patients can start during the given week. For example, all patients from A
can go to linac 1 and all patients from C can go to linac 2 as seen in Table 1 (i). However, if
patients come in a different order, then there are several ways that they may be assigned.
Suppose, for illustration purposes, that all patients from type B arrive first, all patients type A
arrive second and all patients type C arrive last. If the patients are assigned according to the
order of their arrival to the first available machine, without any other logistical consideration, a
completely different plan can result, as seen in Table 1 (ii). Although there is enough capacity to
treat every incoming patient, the poor planning in this example results in 25% less patients
treated during that week and a reduction from 89% to 67% utilization. In addition, 100 patients
could not start the treatment in this first come first served manner.

Table 1 - Possible allocations for the planning example of linac capacity:

Care Plan: Total Unused Cap. Care Plan: C  Total Unused Cap.
Linac1 50 100 - 150 0 Linac1 - 150 - 150 0
Linac2 - - 150 150 0 Linac2 - 50 100 150 0
Linac3 - 100 - 100 -50 Linac3 - - - 0 -150
Started 50 200 150 400 N.A. Started 1] 200 100 300 N.A.
Delayed 0 0 0 0 N.A. Delayed -50 0 -50 -100 N.A.

i) (ii)

The radiotherapy process at the NKI-AVL is much more complex and has many other
inputs that the ones shown in this simplistic example. For instance, an exhaustive series of
inspections is carried out by maintenance engineers that ensure the linacs are in the best state
possible to deliver treatment. While these inspections are being executed, no patients can be
treated on the linac. As a solution to this situation, one of the nine linacs is used as a “backup”
device, i.e while maintenance is given to a linac, the backup linac treats the patients planned in
the maintained linac. However, if both maintenance inspections and treatments could be
planned simultaneously, the backup linac could be used for treating patients the entire time.
From a patients’ perspective, it is necessary to promptly and uninterruptedly receive treatment.
From a business’ perspective, it is important that the linac capacity is utilized at its maximum,
and that linacs are not being idle when there are patients waiting for treatment.

Healthcare processes involve many uncertain medical conditions which are known only
when the patients arrive. The radiotherapy process is no exception to this fact. Besides the
uncertainty of how many patients will arrive in the future, there is also uncertainty in the
duration and the type of treatment they will require (e.g. number of fractions, radiation type). If
the planning and control is not robust to these uncertainties undesired consequences can occur,
such as delayed patients and capacity not being used. To avoid these unfavorable situations and
to pursue patient’s and institution’s objectives while taking into account the constraints imposed
by the radiotherapy process itself, an operations research studies is of utmost importance.

1.4 Research Goal and Problem Statement

In the previous sections, a general impression of the purpose of this study was
presented. In this section, we point out the specific intent with which this thesis is done at the
department of radiotherapy in the NKI-AVL. The variables that are analyzed in this research are
the planning decisions for patients’ treatments on the linacs of the radiotherapy process. We
study the relation between these planning decisions and the patient’s objective of swiftly
starting treatment and the business’s objective of having the largest number of patients being
treated (capacity utilized at its maximum). This is done through two performance indicators: (i)
‘access time’ which is the time between patients are ready to receive treatment (diagnosed and
prepared) and the first fraction of radiotherapy and (ii) ‘linac utilization’ which is the ratio of
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time the linacs are being used over total available time. The scope of the variables is for care
plans (as opposed to individual patients) and the time for the relations (indicators) is a mid-
term horizon. The Research Goal and the Problem Statement of this thesis are:

Research Goal:

To develop a tactical planning and control methodology for the allocation of
linac capacity of a radiotherapy process, to categorized patients, that minimizes
the access time of the different categories and maximizes the number of patients
treated while taking all process constraints and characteristics.

Problem Statement:

How can the time available of the linacs be allocated, in advance, to treatment of
patient groups to ensure the shortest access times for categorized cancer
patients and the largest number of patients treated can be achieved in the
radiotherapy process in the NKI-AVL?

Although from queuing theory it is known that lower waiting (access) time and higher

utilization (larger number of patients treated) are 60 e
two opposite objectives (Winston and Goldberg, s Frontier
2004), the underlying assumption is that the

process is being planned at its best (and sometimes g *°

only) planning method. Minimizing waiting time g 30

and maximizing utilization is not possible if a zs 20

service process is in this situation, and hence in the Scl:’lf;f;’; o (i)
‘efficient frontier’ of its logistical performance. 10 Wy 4
However, if the process is not on its efficient O T
frontier (as seen with the red dot in Figure 4) 0% 15%  30%  45% 60% 75%  90%
because of a given reason, e.g. the planning Figure 4 - Utilization in queuing theory

methodology used as the illustration example from

Section 1.3, then there are three possible improvements: (i) access time can be decreased while
maintaining the same utilization level, (ii) utilization can be increased while keeping a constant
access time or (iii) both access time and utilization might be improved as see in Figure 3. We
believe this situation is possible in the linac capacity from the radiotherapy department of the
NKI-AVL, and therefore, we strive in our research goal to optimize these two performance
indicators which are relevant for both patients and institution perspectives.

1.5 Research Questions and Methodology

To achieve the research goal of this project, and to find a solution to the problem
statement, we pose a series of research questions to guide the work by the scientific method. In
this section we present these research questions and briefly explain how each of them is
approached. Furthermore, in this section we give indications on the structure of the remainder
of the thesis.

The radiotherapy process is a complex one, especially when it is done at comprehensive
cancer center such as the NKI-AVL. In a comprehensive cancer center, new research
developments are constantly translated into clinical applications, reason why treatments are
highly constrained and continuously changing. Our focus of the entire process is the actual
treatment (patient going under a linac). To optimize it from a logistical planning perspective, we
first should analyze how the planning and the control for this process are currently done,
observe their advantages and delineate potential improvements for their drawbacks. We should
also know what the current logistical performance of this planning and control is for the
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different categories of patients. Although performance can have different meanings and different
purposes, we consider performance to be the impact that the current way of working has on the
access time of patients and the utilization of the machines. All of these aspects bring us to our
first research question:

1. What is the current situation of the radiotherapy linac capacity and its demand at the

NKI-AVL?

To answer this question, we use a series of interviews and meetings with the people
involved in the process, the experts. Visits to the actual process steps (when they are being
executed) are realized, such that observations from an outsider’s eye can be the base for
discussions during the interviews and meetings. Documentation about the radiotherapy process
and the regulations that govern each of the steps is reviewed to have a complete depiction of the
boundaries of each step in the process. The NKI-AVL as research centre collects and stores a vast
amount of information. Since 2008, an electronic database of patients, treatments,
appointments and other information is kept. A team of people is in charge of managing and
controlling the records of this electronic database. Reports from this database are examined in
order to determine which data are available. Afterwards, discussions with the department
experts are done do determine which data are relevant. Finally, statistical analyses are used to
get indications on the current performance and potential opportunities for improvement. In
these ways, we deal with Research Question 1. The findings with respect to this question can be
found in Chapter 2 of this thesis.

In a very abstract level, the radiotherapy linac capacity planning can be seen as the
question of how to satisfy a demand of cancer treatment with a supply of linac-time. However,
the answer should be specific for the characteristics of radiotherapy treatment process (e.g.
constrained supply, recurring demand, etc.) and for the desired objectives (e.g. meet demand,
minimize waiting times, etc.). Quantitative methods that handle these characteristics are crucial
for correctly building an answer. It is important to know what methods have been, and can be,
used to plan the linacs including all pertinent process characteristics. Furthermore, within the
aforementioned abstract level of a supply-demand process, comparisons can be made to other
healthcare and manufacturing processes that have some of the linac capacity planning
characteristics and where the operations research field has developed diverse planning
methods. These knowledge aspects bring us to our second research question:

2. What factors and quantitative methods are relevant for planning the radiotherapy linac

capacity?

To come up with a good answer to this question, a review and analysis of relevant
scientific literature is done. In addition to quantitative methods used specifically for the linac
capacity, we also study methods for similar healthcare and manufacturing processes. Naturally,
each method comes with its own set of requirements and formulations for their process. A
comparison of similarities and differences between their intended process characteristics and
the radiotherapy process is done. Furthermore, we evaluate the advantages and disadvantages
of each of the method with respect to the complete description of the process from Chapter 2.
This allows us to define the relevant aspects of the radiotherapy linac capacity planning in an
institution such as the NKI-AVL. The findings with respect to this question can be found in
Chapter 3 of this thesis.

From a mathematical point of view, modeling the radiotherapy linac capacity planning,
with NKI-AVL’s characteristics, is a challenging combinatorial optimization problem. The
challenge is in mathematically formulating all aspects of the process into a model and solving the
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resulting model for relevant process characteristics, such that it achieves its goal theoretically
and practically. For this reason, we pose our third research question:

3. What is a useful planning method for radiotherapy linac capacity with NKI-AVL's

characteristics?

Based on the guidelines from Research Question 1 (i.e. operations research literature)
this question is embarked upon. We develop a mathematical model of the radiotherapy linac
capacity by reviewing and verifying characteristics, representation levels and assumptions with
experts in the process from the NKI-AVL. What is more important, we design a solution
methodology that is able to solve the resulting model in a convenient, time-efficient and goal-
effective way. To test the usefulness of the proposed planning method, we make a series of
numerical (i.e. theoretical) experiments for the different levels of key process factors and
present their results with respect to the planning objectives. The model, method, experiments
and all relevant considerations can be found in Chapter 4 of this thesis.

Even though in Research Question 3 we build a model and a method that comply with
NKI-AVL characteristics, we test them only against theoretical instances and strict performance
indicators. It is of our interest also to study practical instances and to look into more detail all
the differences between the proposed method and the current way of working. This brings us to
our fourth and last research question:

4. What would be the benefits of implementing the proposed planning method for the NKI-

AVL?

In order to answer this question, we conduct a case study that compares the proposed
planning methodology (resulting from Research Question 2) and the current way of working
(derived from Research Question 1). A series of representative cases (e.g. increment in arrival of
patients, change in working time, change in types of linacs, etc.) are chosen and analyzed
through a computer simulation. Besides the strict performance indicators, other aspects of the
output from the proposed method (e.g. equity for different patients, differences between linacs,
access time behavior, etc.) are analyzed to evaluate the effects of using the proposed planning
method in the NKI-AVL. The findings with respect to this question can be found in Chapter 5 of
this thesis.
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In this chapter we describe the process of treating cancer with radiation and the current
situation of this process in the NKI-AVL. In Section 2.1 we briefly explain what radiotherapy is
and how radiation is used for fighting cancer. In Section 2.2 we present an overview of the steps
in the radiotherapy process. In Section 2.3 we describe the demand and supply for this type of
cancer treatment in the NKI-AVL. In Section 2.4 we show how the current planning and control
of the treatment capacity is done, and what the opportunities for improvement are. Moreover,
we present the current performance of the radiotherapy process in the NKI-AVL in terms of
access time and utilization. Finally, in Section 2.5 we summarize the key points of the
radiotherapy process in the NKI-AVL.

2.1 Radiotherapy (RT) and Cancer

‘Cancer’ is a general term used for a group of diseases in which abnormal cells in some
site of the body reproduce out of control and are able to spread to (or invade) other parts of it.
The more than hundred cancer diseases differ from the place they originated, e.g. lung cancer
and prostate cancer, and several other characteristics such as growing rate and response to
treatment. Furthermore, when cancer cells spread to other organs in a process called metastasis,
they keep some characteristics from the original site and hence are named accordingly, e.g.
metastatic breast cancer in the lung rather than lung cancer. Even though cancer is a life-
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threatening disease that accounts for millions of deaths worldwide, the improvements in
knowledge about its nature and its treatments have increased the chance of survival. In the
Netherlands, the Dutch Cancer Society —-KWF Kankerbestrijding- (2011) reports that almost 60%
of all patients diagnosed are still alive after five years. Considering that in the Netherlands one in
three people get cancer, and it is the principal cause of death of the country, faster and better
diagnosis and treatments if of high importance for Dutch society.

Radiotherapy (RT) is, along with surgery and
chemotherapy, one of the most common ways of treating cancer.
Cancer institutions worldwide and evidence-based medical
research show that approximately 50% of all cancer patients
receive radiotherapy as part of their overall treatment (Delaney
etal, 2005). The RT treatment consists of the use of controlled
high energy radiation to kill cancer cells. When radiation goes
through the body, it damages cells’ DNA in such a way, that cells
either stop growing, i.e. reproducing, or they simply die.
Radiation is able to shrink cancer tumors and/or completely  Figure 5 - Linac at the NKI-AVL
eliminate them with the help of natural processes in the body. Radiation can be delivered in two
ways: either by internal implants placed near the cancer tumor or by linear accelerators (linacs)
such as the one seen in Figure 5. When radiation is aimed and delivered by this kind of
specialized machines it is known as external-beam radiotherapy. In this thesis we are interested
only in external-beam radiotherapy, i.e. radiation treatment that is delivered by linear
accelerators, which is the most common type.

Patients that receive external-beam radiotherapy can have it as a stand-alone treatment,
or as part of a combination of different oncological treatments. For example, radiotherapy can be
used before surgery to reduce a tumor’s size. It may also be used after chemotherapy to kill
remaining cancer cells. In the NKI-AVL, patients are labeled as “trajectory” patients if there is a
coordination needed with surgery or chemotherapy. RT can be given with a radical (or curative)
intent or with palliative (symptoms relieving) purposes such as pain relieving and bleeding
control. Palliative RT is always urgent since the cancer tumors might be interfering with basic
body functions. Examples of cancer locations that require immediate palliative RT are bone and
esophagus tumors, which besides causing pain also reduce the ability of a patient to move
(possibly permanent paralysis) or to eat and breathe. Likewise, a swift start of radical RT has
proven to be essential in tumor control for some fast-growing cancers (Seel and Foroudi, 2002).
Therefore, correct timing of radiotherapy and its coordination with other forms of treatment is
important to achieve the objective with which RT is given to a patient.

Many factors have to be appraised in order to assure the
person’s wellbeing and maximize his or her life expectancy in
the RT treatment. An effective radiation treatment plan depends
on medical aspects such as the location, stage and type of cancer
as well as the specific condition of the patient (Pérez, 2004). It
also depends on technical parameters such as radiation type
(photos or electrons), radiation energy, shape and angle of the
beams of radiation, etc. An example of the influence of shape of
radiation, in an RT method called intensity modulated
radiotherapy (IMRT) small devices called multi leaf collimators  Figure 6 - Multi leaf collimator
are used to shape and localize the beam of radiation coming out (MLC) in a linac
of a linac (as seen in Figure 6) such that healthy tissue has the minimum damage from the
radiation. Oncologists, physicists and specialized RT therapists work together, as a
multidisciplinary team, to define the best way of giving the RT treatment. After all factors are
analyzed and the treatment plan is defined, the patient is ready to start receiving radiation from
a linac that can be configured according to the chosen technical parameters.
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An important characteristic of the treatment is its distribution over time. The total dose
of radiation prescribed is divided into “fractions” in order to minimize the damage to non-
cancerous tissue (Barendsen, 1982). Fractions (sessions of radiation) are usually given on a
daily basis. However, in the last years, research has been going on about other rates of
irradiation such as hypofractionation where larger doses are given less than once per day.
Depending on the treatment plan, a patient can receive a single fraction up to 35 fractions. In
case of a patient receiving more than one fraction, he or she has often to “return” to the hospital
for several days. Medical studies have shown that, for some types of cancer, interruptions on
consecutive sessions of radiotherapy can significantly affect treatment outcome (The Royal
College of Radiologists, 2008). Also, evidence exists that for some sites, cancer control is
adversely affected if there are prolonged waiting times to receive the first fraction (Seel and
Foroudi, 2002). As mentioned by Petrovic et al. (2006) an appropriate scheduling method that
effectively manages the treatment over time is necessary for a successful outcome.

2.2 Overview of the Logistics in the RT Process

The radiotherapy process is a complex collection of interrelated and interdependent
actions. From a logistical perspective, we can divide the process into a pre-treatment and a
treatment phase, similar to the division presented by Kapamara et al. (2006) and Petrovic et al
(2011). Every action in both phases usually has precedence relationships, meaning they cannot
start until the previous actions have been finished. Furthermore, for each action there are
different resources and personnel involved. The assignation of resources to a patient depends on
his or her cancer type and the requirements of the radiation oncologist, who leads the
specialized team that executes the process. In this section we have aggregated the actions of
both phases of the radiotherapy process at the NKI-AVL in four steps as shown in Figure 7. We
now generally describe these steps, their actions, resources and personnel. Afterwards we
delimit and define the part of the radiotherapy process which we study in the remaining
chapters of this thesis.

Outline of the Radiotherapy Process

\Patient Referral Medical Preparation Treatment Planni& N Radiation Sessions Y
N Y
Pre-Treatment Phase Treatment Phase

Figure 7 - Outline of the Radiotherapy Process

1. Patient Referral: Patients are referred to the radiotherapy department of the NKI-AVL by
other hospitals (referring specialists) as well as internal policlinics. Information is transferred to
the department and to a radiation oncologist. The radiation oncologist decides then which
additional studies are required to determine a patient’s condition. In a personal interview
between the radiation oncologist and the patient, the goal of the treatment is explained, as well
as the possible side effects. If the patient and the doctor decide to proceed with a treatment,
appointments for the second step, the “Medical Preparation”, are scheduled. In addition, patients
at the NKI-AVL go through an information interview, in which a detailed explanation of
radiotherapy and practical issues of this type of treatment are given.

2. Medical Preparation: It is important that the localization of the tumor is well known in order
to determine the precise area that will be irradiated. For this purpose, a computed tomography
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(CT) scan of the patient is taken. Depending on the patient’s characteristics and cancer type,
other medical examinations (e.g. MRI, PET, blood tests) might be done during this step in order
to gather all information necessary for the actual treatment. During the CT scan, body marks are
made with a special ink. These marks (dots and lines) serve as a guiding reference to ensure the
patient is irradiated in the desired location every time (since radiotherapy treatments usually
last for several weeks). Also in this step, special immobilization devices such as casts and masks
might be molded from a patient, depending on the location of the cancer.

3. Treatment Planning: Once the location information is digitalized and all the medical
preparations done, dosimetrists are able to define the technical settings of the treatment plan.
This treatment plan is based on the radiation oncologist requirements (e.g. radiation dose to the
tumor, maximum dose for surrounding non-cancerous tissue, safest angles, etc.). With the help
of a computer, a contour of the treated area is made. The sophisticated software installed in
these computers is able to do a multi-objective optimization of the dose, beam shape, angles and
other criteria such that the best technical settings are achieved. After the optimization is done,
the resulting plan is presented to the radiation oncologist. If approved by the radiation
oncologist, the treatment settings (e.g. angles of radiation, dose, etc.) are automatically loaded
into a linac and the patient is able to begin his or her radiation fractions.

4. Radiation Sessions (Fractions): The first three steps make up the pre-treatment phase of
the radiotherapy process. The last step consists of the actual treatment with radiation. Radiation
has to be delivered by a linac that is able to be configured according to the plan defined in
previous steps. For every radiation session, or fraction, radiation therapists will check that all
settings are correct and that the patient is positioned and aligned with the marks done during
the CT-scan. Once everything is in order, the linac will start delivering the fraction of radiation
that was planned. Depending on the treatment plan, a patient will receive one up to 50 daily
fractions (sometimes twice per day or other rates) which almost always have the same radiation
settings. In the NKI-AVL, most fractions are given in a timeslot of 15 minutes, independent of the
cancer or treatment type. For certain highly complex irradiations, two timeslots might be
required. After all fractions are finished, patients receive follow-up care specialized to his or her
condition.

Maintenance Inspections: The control over the positioning
and the amount of radiation delivered is paramount for
radiotherapy. To guarantee this control, periodical maintenance
inspections are done on all linacs. National and international
conventions regulate the frequency with which these
inspections are done. They also determine the protocols and
standards to be followed in every inspection. If necessary,
corrective maintenance actions (e.g. parts replacement) are
executed on a linac during these inspections. Furthermore, e
during the time the inspections are carried on, no patients can  Figure 8 - Large maintenance
be treated on the linacs. There are several types of inspections inspection on a linac

in which different quality checks are performed. The duration of these different inspections
varies from a couple of hours to a couple of days. In the NKI-AVL, there is a dedicated technical
team to carry out the small weekly inspections as well as some of the long daily ones (as seen in
Figure 8). There are also contracted inspections with the manufacturer of the linacs, in which
additional small updates are sometimes installed on the linacs.

Quality Assurance: In the NKI-AVL, a multidisciplinary team, within the Clinical Physics and
Instrumentation section of the RT department, carries out activities and projects to make sure
that linacs work as planned, that the software systems and applications are up and that
instruments for the mechanical maintenance are ready. A team of clinical physicists
permanently works on projects of dosimetry (dose calculation methods), radiation protection,
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medical recording and analyzing of data, etc. The projects are both at internal and external
levels, always with the aim of assuring that all critical processes to the RT treatment continue
unaffected.

The RT Treatment Process in the NKI-AVL

In the NKI-AVL, all the actions of the radiotherapy process explained above are done

within one department (e.g. CT-scans, maintenance ,
: : . s Patient
inspections, etc.). The department of Radiation Oncology @ 1
employs approximately 250 staff members, who work on '!
the entire process and also on various research projects.
In this research thesis, we are interested in the last step of 2
the overall radiotherapy process, the radiation sessions,
as seen in Figure 9. From a logistic perspective, planning . ‘

Y Treatment

|
type of treatment (see Section 2.3.2), (2) the number of ‘v‘
(daily) sessions varies among the patients (see Appendix Radiation
1) and (3) there is uncertainty in the number of patients *
who will come in the future (see Appendix 5). In this Figure 9 - Radiotherapy process
thesis we research how to cope with these characteristics considered in this thesis

this step is a complex task since (1) there are constraints
to which linac a patient can go depending on his or her

in order to achieve minimum delays in this step, and hence lower waiting times in the overall
process.

2.3 Demand and Supply for Radiation Sessions

There are different types of “demands” and “supplies” for the last step of the
radiotherapy process in the NKI-AVL. Patients have a personalized treatment (e.g. individual
contour of irradiation area, individual dose fractionation, etc.), which can be categorized into a
specific care plan (CP). Patients with the same care plan usually have the same fractionation
scheme (i.e. number of radiation sessions over time). Furthermore, the linac configuration (e.g.
Cone Beam CT, use of electrons, etc.) required among patients of the same care plan is identical.
The radiation is delivered by a set of different linacs. Each linac has its own technical
characteristics which allow it, or not, to deliver radiation sessions to a patient from a given care
plan. In this section we present general information about the care plans and the linacs, which
are important from a logistical point of view.

2.3.1 Care Plans (CPs)

In the NKI-AVL Radiation Oncology
department there are approximately 4500 140
new patients treated each year. Every week, 120
around 95 new patients arrive for treatment. 100 vvﬁ\:mﬂ—AﬁmﬂrM;v—vﬂyﬁ—AﬁA—r
What we refer as a “new” patient might be a & ‘VWWWVVAU'\NVCVWVN#
returning patient for a new treatment. There
is variability in the arrival of new patients as

Arrival New Patients

New Patients

seen in Figure 10. These patients are \

categorized into different care plans (CPs). S E® DD D D B D S B D9

Each lan defi h fracti N NN NN NN
ach care plan defines how many fractions a Weel

patient needs and which linacs can deliver ——Grand Total  —— 16 Largest CPs  —— Average

these fractions of radiation. Currently there gjgyre 10 - New patients per week from January 2011

are approximately 60 CPs in the NKI-AVL. until March 2012

However, some of these CPs are identical with
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respect to the relevant logistic characteristics (i.e. number of fractions and feasible linacs). By
merging these identical CPs, we can reduce the list up to approximately 45 CPs. The number of
new patients in a year varies from 1 up to approximately 1300 per CP. Also, the number of
fractions from these CPs varies from 1 up to 39 on average. The demand of a CP for linac time in
a year is the multiplication of the average number patients and the number of fractions. In
Appendix 1 we show the ordered (from highest to lowest demand) list of CPs in the NKI-AVL.
The first 16 CPs (35% of the total number of CPs) account for approximately 80% of the average
new patients and 90% of the average fractions given per year, as seen in Figure 11 (CP names in
Dutch). We refer to these CPs as the 16 largest. These numbers are valid for the most recent data
(from 2011 until the first quarter of 2012). CPs are dynamic over time, meaning that the number
of fractions or the set of feasible linacs changes whenever new ways of treatment are developed.

Average New Patients per CP per Year Lo Average Fractions per CP per Year
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Explanation about data used to build these graphs can be found in Appendix 1.
Figure 11 - Sixteen largest CPs demand information
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radiation). Detailed information about the Data used for this graph can be found in Appendix 4.
relationship between CPs and linacs and some  Figure 12 - Fractions per CP per linac, delivered from
current usages can be found in Appendix 2 January 2011 until March 2012

and Appendix 3 respectively. In Figure 12 we can see the distribution of the fractions of the 16
largest CPs over the different linacs. We observe that some CPs have most of their fractions (e.g.
CP1 in linac A2), suggesting that some implicit, logistical preference, is also taken into account in
the scheduling besides the technical capabilities.

A patient’s CP is related to the site where the cancer is. As explained in Section 2.1,
different cancer sites have different growing rates and hence different “urgencies” for beginning
treatment. Seel and Foroudi (2002) carried out a literature study to determine the effects of long
waiting times in radical RT for different sites. They concluded tumor control might be negatively
affected for some sites such as head-and-neck cancers. Furthermore, they report evidence for
prostate cancer to not be affected by delays in starting RT treatments if hormones are used. For
palliative RT treatments, prolongation of symptoms might result in unnecessary suffering and
the need for other interventions that have adverse effects (D'Souza et al, 2001). For some
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specific palliative treatments, such as pain relieving for bone metastases, prompt treatment can
help reduce the morbidity of this cancer type (Lutz et al, 2011). In the NKI-AVL, patients gets a
waiting time target set by the radiation oncologists, time which is used by the planner to
schedule the fractions of the different patients. Waiting time targets, and hence “urgencies” for
beginning treatment, are different among the CPs. This is quantified in Chapter 5.

2.3.2 Linear Accelerators (linacs)

The fractions of radiation are delivered by specialized machines that accelerate
electrons. In the NKI-AVL there are currently 9 of these machines, or linear accelerators (linacs).
These linacs are placed in special rooms (shelters) which isolate them for safety purposes. There
are 10 of these bunkers, from which one is continuously used for installing and testing a new
machine. The oldest linac in use dates from 2003 and the newest one was installed by 2010. Out
of the 9 linacs in use, one serves as a substitute linac for when the periodic maintenance
inspections are carried on. Each linac has a team of 5 radiation technologists or therapists that
control the machine when the fractions are given. For the purpose of this research we consider
that the machine and its staff is a single unit to which we refer as linac.

The linacs in the NKI-AVL have special characteristics that allow them to give different
types of treatment. These characteristics act as technological constraints on which CPs can be
treated on the linacs. For example, there are 3 linacs (33%) which can deliver radiation from
both photons and electrons. All linacs have an EPID (electronic portal imaging device) which can
verify, in vivo, the dose of radiation that is being delivered in each fraction. This device allows
high precision irradiation techniques to be executed in all linacs. Furthermore, 6 linacs (67%)
have special equipment that allows Cone-Beam CT. A further explanation of these technologies
and medical terms can be found in the Glossary.

Table 2 - Summary of Linacs’ Capabilities:
Linac X’ = Al A2 A4* A5 B1 B2 B3 B4 B5

CPs with Linacx"asan 5, 4 o 28 25 15 29 18 20

Ideal Linac

CPs with Linac ‘X’ as a

Tech. Feas. Linac 15 0 37 14 18 6 14 8 23

Treatable CPs in

. . 45 12 37 42 43 21 43 26 43
Linac x

Percent of CPs 98% 26% 80% 91% 93% 46% 93% 57% 93%

*A4 is the substitute or ‘backup’ linac. Explanation about data used to build this table can be found in Appendix 2.

In Table 2 we observe that the majority of linacs can treat the majority of care plans
(treatable CPs percentage is out of the 46 CPs mentioned earlier and found in the Appendices).
However, the number of treatable CPs in a linac consists of ‘ideal’ and ‘technically feasible’
relationships. This distinction in the relationships linac-CP is based on medical staff reasons. If a
linac and a CP have the ‘technically feasible’ relation it means that all radiation settings can be
configured in the machine. However, the radiation therapists operating the linac might not have
enough experience with treating such kind of patient (from a CP) before and hence the linac is
not ‘ideal’. This situation usually occurs with new CPs (new RT treatments) and CPs that seldom
occur. On the other hand, linacs that have an ‘ideal’ relationship with a CP have medical
‘preference’ for delivering the fractions. This distinction is specific to the NKI-AVL, and can be
reviewed in detail in Appendix 2.

The actual resource capacity or supply for the RT treatments we consider in this thesis is
linac time. Linacs work for 5 days per week. Every day is divided into timeslots of 15 minutes.
There are 35 of these timeslots each day, for a total capacity of around 9000 timeslots per linac
per year. These timeslots have been chosen to last 15 minutes because that is approximately the
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duration of any fraction (of any CP), with a very few exceptions. Although fractions require to be
given daily, when the treatment plan is designed, the weekend breaks are taken into account.
The total current resource capacity per year is of approximately 73000 timeslots (for 8 linacs).
The current demand-to-capacity ratio is of approximately 87%. However, this does not mean
that all linacs are delivering fractions in 87% of their timeslots. Furthermore, the capacity used
depends not only on the ‘feasibility’ or ‘preference’ of a linac, but also in the planning method. A
deeper overview of fractions delivered (timeslots used) per linac is given in Section 2.4.

In practice, each linac has less than 9000 timeslots per year. Approximately 660
timeslots are used for mandatory maintenance inspections every year in every linac.
Maintenance inspections account for 7% of a linac’s capacity per year. For this reason, a ‘backup’
linac is used for the total 5280 timeslots the other linacs are being inspected. The three main
types of inspections are presented in Table 3. In all of these inspections quality checks are done.
With the help of dosimetry equipment, data is collected and compared to radiation dose and
position standards. If corrective actions are required, a team of maintenance engineers and
physicists will do them immediately. Thanks to this kind of preventive maintenance are hardly
ever down due to technical failures. At the moment, only one linac is inspected at a time
although there is enough dosimetry equipment and personnel to inspect two simultaneously.
The main reason for doing this is to maximize the consecutive capacity. Since there is one
‘backup’ linac, daily treatments can continue at the same time, without interruptions (skipped
days) or overtime work.

Table 3 - Periodic Maintenance Inspections:

Maintenance Type  Duration

Short In-House 2.5hours  Weekly
Large In-House 2 days Yearly
Vendor Contracted 1 day Twice per year

2.4 Current RT Scheduling and Performance

An ‘Appointment Office’ (AO) is in charge of scheduling the different parts of the RT
process. This office is in charge of planning when and where patients will be scheduled for their
different steps and actions in the RT process within the department. The AO schedules the
process individually for every patient immediately after referral. As mentioned before, the
referral is done by another hospital (specialist) or by a policlinic from the NKI-AVL. In this
referral the patient’s diagnostic, care plan and special requirements dictated by the radiation
oncologist are provided to the AO. Furthermore, in addition to the referral information, the AO
has pre-defined procedures for planning the appointments. In this section we briefly explain
how the AO schedules the treatment phase of the process, i.e. the fractions in the linacs.
Furthermore, we give an indication of what is the current logistical performance of the linacs
and the times to begin treatment.

The AO schedules the fractions of every patient to start as soon as possible, in a linac that
is able to deliver the entire treatment without interruptions (i.e. all fractions are scheduled in
the same linac). In logistics, this way of scheduling is known as First Come First Served (FCFS) or
in some healthcare settings as open-access scheduling. In spite of the name, ‘first’ patients are
not necessarily ‘first’ treated! In a patient’s referral, there might be a mandatory waiting period.
This mandatory waiting time can occur, for example, if a patient had surgery and needs the
wound to heal. In addition to this and other medical considerations, patients are scheduled to
receive their fractions according to a document (procedure) called ‘Logistic Overview’. This
procedure dictates which linacs can treat which care plans and all time related considerations of
the fractions (e.g. daily or twice per day, one or two timeslots, etc.). With all these information,
the AO plans the entire number of fractions of a patient. Even though patients have, for some
care plans, several weeks of fractions that are planned since the beginning, appointments are
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handed out on a weekly basis. Every Thursday, a patient receives his or her set of appointments
for next week, i.e. time and linac that will deliver the fractions. This gives some freedom to the
AO of re-scheduling some fractions, for example, when there is an unscheduled or unforeseen
maintenance in one of the linacs.

The main goal of the AO is to schedule If patients would be evenly distributed...
patients according to the requirements from 14000
the radiation oncologists. Nevertheless, they 12000

also try to fulfill other patient and staff 10000
desires as much as possible. For example,
some patients like to have their fractions in
the afternoon and some staff would prefer to
treat patients from different CPs. To illustrate
that these desires can have an influence on ,
the schedule performance, we consider the Lnacs a1 Az A Bl B2 B3 B+ BS
following example. Suppose the 252 patients T Amonwides s T Amongallech feasble fnacs | T Gy

that come on average from CP1 are Data used for this graph can be found in Appendix 1 and Appendix 2.
distributed evenly into the 6 ideal linacs for Figure 13 - Example of maximizing staff desires
this CP, i.e. 42 patients per linac per year. If we would do this for all CPs, such that the staff at
each linac has the largest variety of CPs per year, we would end with some linacs that use only
half of their capacity and others that use 30% more (see Figure 13). This example, although very
unlikely to happen, shows that improper management of the combination patient-fractions, can
lead to inefficient use of capacity.
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point out that even when not all linacs can
treat all CPs, they all are approximately Figure 14 - Fractions per linac delivered from January
delivering the same amount of fractions. 2011 until March of 2012*

Taking a look back at Figure 12, we notice that CP1 is treated more in linac A2 than in any other
linac (53% of the patients). Half of the patients from CP1 do not come just in time when for A2 to
be the first linac available, supporting the existence of some implicit logistic preferences..
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*Data from the MOSAIQ report ‘Overzicht Capaciteit’ was used to build these figures. Fractions given during weekends were filtered out.
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Information about waiting times is not Throughput Times
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This throughput time includes the duration of  Figure 16 - Throughput time between Sim/CT and 1st

step 3 (treatment planning) and other times Fraction for the largest 16 CPs

(including waiting times for RT treatment due to the linac being occupied). An important remark
is that the treatment planning lasts approximately 4 days for the CPs that require it. We can
assume that part of the remaining throughput time is in part due to the linacs being occupied
with other patient-fractions. However, this can only be very rough indication since the
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*A4 is the substitute or ‘backup’ linac. Explanation about data used to build this table can be found in Appendix 2.
Figure 17 - Histograms for throughput days from the Sim/CT to the first fraction

2.5 Summary

In this chapter the current situation of the NKI-AVL’s radiotherapy process is described.
Moreover, data about the treatment demand (patient-type and fractionation-scheme) as well as
linac capabilities and capacity use is analyzed. The key points to keep in mind are:

e Radiation therapy in the NKI-AVL is given using the latest forms of treatments and
different, state-of-the-art linacs. This is valuable for the quality of care, but introduces a
challenging in managing the capacity for all patients, current and future ones.

e The demand for treatment differs among the CPs. The number of fractions, the set of
‘ideal’ linacs, the different ‘urgencies’ increase the complexity of planning the capacity.

o The number of new patients per week varies from CP to CP and from week to week. On
average, the combination of new patients and the number of fractions they need requires
87% of the installed capacity.

The tradeoff between waiting times and utilization is a complex one due to the demand coming
from the combination of patient-type and fractionation-scheme. In the NKI-AVL, one of the
largest group in number of patients, bone metastases, is the one that receives the least number
of fractions and the one that has the highest urgency to start treatment. On the other hand, the
Prostate group, which one of the largest in terms of patient-fraction combination has less
urgency to start treatment the bone metastases but uses more capacity.
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In this chapter we present a brief overview of the scientific literature related to the
logistic planning of the radiotherapy (RT) process. In the healthcare industry, logistic planning is
concerned, among others questions, with how to allocate valuable resources (Rais and Viana,
2011). Specifically, the resources of the RT process which we plan in this thesis are the linear
accelerators, or linacs. We begin by introducing the characteristics of the logistic planning of
linacs and define the Linac Capacity Planning Problem (LCPP) in Section 3.1. According to this
characterization, we decide upon which literature to review. Then, in Section 3.2, we look at
different approaches that have been used for linac capacity planning and we evaluate their
strengths and weaknesses with respect to our definition of the LCPP. In Section 3.3 we study a
few examples of planning approaches of similar healthcare resources. From these examples we
get insights on how the different healthcare objectives and uncertainties can be incorporated
into a single planning approach. In a comparable way, in Section 3.4 we broaden the scope and
briefly take a look at examples of logistic planning in ‘related’ manufacturing businesses. From
these examples we extract ideas for potential planning decisions, and the implications they have
in the ‘production’ processes. Finally, in Section 3.5, we recap the main points obtained from the
literature reviewed and state the contribution of our work to the linac logistic planning
knowledge.
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3.1 Introduction to Linac Planning

Radiotherapy (RT) is a complex healthcare process in which many resources are used for
providing the necessary care to a patient. The decisions on which resource to use (i.e. allocate)
for a patient or a group of patients depend on all sort of criteria, including medical, technical and
patient preference factors. In the medical planning of the RT process a radiation oncology team
decides upon the treatment plan for a patient (e.g. dose of radiation, number of fractions, shape
and angles of beams, etc.) thus providing resource requirements for the treatment. In the
logistic planning of the RT process, a support-staff team checks which resources fulfill the
medical requirements, and from these, decides upon which resources to use. The main objective
of both types of planning is to achieve the highest quality in the treatment of patients. In
logistical aspects, this objective is translated into patients having prompt access to the resources
they need. In RT treatment, long waiting times can impair tumor control for some cancers
(Dodwell and Crellin, 2006) and add psychological stress to patients (Mackillop, 2007). The
management of the resources (e.g. linear accelerators, CT scanners, radiotherapists) through
adequate logistic planning can help providing the necessary and best care for a patient.

From all the resources needed for the
external-beam RT treatment of a patient, we focus . .
on the one used by all patients (and from which the Medlcal Plannlng
treatment derives its name): the radiation machines
or linear accelerators (linacs). We define the Linac
Capacity Planning Problem (LCPP) as the part of the
logistic planning of the RT process in which 2
decisions on how to allocate the linac capacity, or

1. Setoffeasible 1. Numberand
linacs type oflinacs
Fractionation available

scheme 2. Workingtime
the available time of the linacs for treating patients, 3. Importance 3. Patientor
are done with the objective of minimizing access factors category
times. In our context, access time is the time a allocation
patient has to obligatory wait before beginning
treatment. Since the linacs are used until the last
phase of the process (the actual treatment), we Logistic Planning

define access time to be the time between the end of
the .pre-treatment phas.e (trea‘Fment me_dl_cal Figure 18 - Example of medical and logistic
planning phase) and the first fraction of radiation planning interaction

(start of treatment).

The objective of LCPP is straightforward, but the decisions to achieve the objective are
more complex. First of all, the allocation decisions in this problem are interrelated to, and
dependent of, the medical planning of the RT process, as seen in Figure 18. This relationship
makes the linac capacity a constrained resource. Even though RT treatments are individual for
each patient, the medical constraints on the linacs usually apply for grouped patients, e.g. cancer
types. For this reason, we consider decisions in the LCPP to be done for categories of patients,
rather than individuals. These categories are different and have all medical characteristics (e.g.
which linacs are feasible to deliver the treatment) known. Furthermore, the decisions for the
categorized patients can be reactive, i.e. when a patient arrives, or proactive, i.e. before the
patient arrives. Reactive decisions have the benefit that individual patient information is known
and therefore there is much lower uncertainty than in the proactive decisions. Nevertheless,
Petrovic and Leite-Rocha (2008) state that research should be done on how to improve reactive,
day-to-day decisions with ‘look-ahead’ techniques that provide a robust solution for current and
future patients. In favor of this, and the aforementioned characteristics, we define the decisions
in the LCPP decisions to be how to allocate constrained linac capacity to categorized patients in
advance, i.e. before the patients arrive.
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When planning in advance, logistic decisions in healthcare can differ greatly as explained
in the framework for healthcare operations management by Hans et al. (2012) (see Appendix 6).
Using this framework, the level of LCPP decisions can range from strategic (e.g. which kind of
linacs to buy) down to the operational offline (e.g. what to do when a linac breaks down). As the
level of in-advance decisions decreases, two important characteristics of these decisions also
decrease: (1) the uncertainty in the information used and (2) the planning horizon or the time
extent when decisions should be effective. With respect to the uncertainty, LCPP decisions must
take into account information about the variability in the arrival of patients such that the
decisions can benefit future patients. This variability in the arrival of patients is the only form of
uncertainty we consider in the LCPP, i.e. linac capacity and categories’ medical information in
the LCPP are assumed to be certain. Linac capacity (e.g. number, type and working time of
linacs) is usually fixed for a long period of time (e.g. several years). However, medical
information, such as fractionation scheme and feasibility of linacs, is constantly changing as
improvements and new treatments are discovered. For this reason, we consider the planning
horizon for the LCPP decisions to be of a medium extension, i.e. six months to one year.

When decisions include uncertain and certain information, and they are effective for a
medium-term horizon, they are placed in the tactical level of the framework for healthcare
operations management by Hans et al. (2012). As explained by the authors of the framework,
tactical decisions are restricted to decisions from the upper strategic level (e.g. fixed number and
type of linacs). In turn, tactical decisions bound the decisions that can be made in the operational
level (e.g. in which linac a patient can be treated according to the LCPP allocation). For this
reason, the operational characteristics of the treatment phase of the RT process (such as
patients returning to receive several daily fractions) must be also included in the tactical level
decisions, thus increasing the complexity of making them. In order to find how to cope with
these characteristics of the LCPP (which are summarized in Table 4) and find a way to develop a
tactical level solution, we make a review the relevant scientific literature.

Table 4 - Summary of LCPP Characteristics:

Resources (suppl Treatments (demand Decisions
e Fixed number of linacs e (ategorized patients e Allocation of linac capacity
e Fixed working time e Recurrent use of to categorized patients
e Constrained linacs (i.e. not resources (daily fractions) e Tactical level

all of them can treat all e Different urgencies to e Medium-term horizon

patients) start treatment

e Uncertain arrival of
patients

3.1.1 Design of the Review

As pointed by Royston (2009), day-to-day activities and resource-constrained operations
in healthcare are increasingly being analyzed with operations research (OR) techniques.
Through mathematical analyses, OR techniques provide quantitative support for complex but
specific decision making, such as the one required by our LCPP. In our review, we search for
literature that deals with such kind of approaches and which is directly or indirectly applicable
to the LCPP. We divide the search into three topics: (1) linac planning and scheduling, (2)
healthcare resource planning and (3) industrial resource planning. For the first topic, we search
literature about quantitative linac capacity decisions. We confine the search to linacs only,
filtering out literature about other parts or resources of the RT process. Since tactical decisions
are limited by strategic ones, at the same time while they limit the operational ones, we review
literature on all three levels of planning for this first topic. In this first topic the aim is to briefly
study what has been done. For the second topic, which is indirectly applicable, but in the same
domain of the LCPP (i.e. healthcare), we specifically select literature in which constrained
resources are planned, at a tactical level, for categorized patients whose arrival is uncertain. In
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this second topic the aim is to study how these characteristics have been mathematically
approached and the effectiveness of such approaches. Finally, for the last topic, the application
domain of OR is extended to manufacturing business that share all characteristics of the LCPP,
with the (only) difference that demand is not in the form of patient treatments. We now shortly
discuss the relevant literature to the criteria just described and note down the important
remarks from the scientific theory to the solution of the LCPP.

3.2 Linac Capacity Planning and Scheduling

From the early days of radiotherapy up to the present day, a variety of studies on how to
quantify an adequate supply of linacs to meet treatment demand have been done. Since the
1990’s, researchers have gone beyond examining ways of calculating necessary linacs to meet
demand and have studied mathematical ways of guaranteeing this demand is satisfied as soon
as possible. The questions asked in this kind of studies range from the strategic (planning) ones,
e.g. how many linacs are needed for the next years, down to the operational (scheduling) ones,
e.g. how to book the fractions of a new patient. Although there is a large choice of which
questions to answer if low waiting times for RT treatments are desired, Conforti et al. (2010)
and Petrovic and Leite-Rocha (2008) report that the scientific literature has scarcely considered
all possible questions. In this section we give an overview of which questions about managing
RT capacity have been reported in the scientific literature, and how well these questions tackle
the problem considered in this thesis, the LCPP. Rather than exhaustively analyzing how each
and all of the studies are done, we describe key aspects of the questions asked and the answers
provided. For a larger and more comprehensive review of planning literature for the RT capacity
we refer to Leite-Rocha (2011). To present how linac capacity planning is done, we use the
healthcare operations framework of Hans et al. (2012).

3.2.1 Strategic linac capacity “planning”

We label strategic linac capacity questions as “planning” questions because they include
uncertainty of what might happen in the future. In the strategic level this uncertainty tends to be
large since the decisions are for the long-term. The main type of questions studied at this level
deal with “how many” and “which type” of linacs are required to satisfy future RT demand. We
find that most of the studies concerning these questions are approached on a regional (as
opposed to institutional) scale. For example, Erridge et al. (2007) use medical factors (such as
cancer incidence, radiotherapy usage for the different cancers, etc.) in combination with statistic
and probability formulae for forecasting the demand and predicting the machine capacity
required for the entire Scotland population for 2015. Nevertheless, Postma and Terpstra (2002)
show that even with simple formulae and statistical indicators of RT data from the Netherlands,
a balance between regional (in their case national) and institutional decisions is necessary for
‘expertise-requiring’ planning, such as linac capacity planning. An example of regional-
institutional interaction is the QUARTS (QUAntification of Radiation Therapy Infrastructure and
Staffing Needs) model of Bentzen et al. (2005). Their model determines, through the use of
epidemiological data, European guidelines (i.e. benchmarks of linac throughput) and forecasting
methods, the required number of linacs required per population per year. In these studies we
observe the importance of representative medical information and statistics to cope with the
characteristics of strategic linac capacity planning questions.

An important remark in the aforementioned studies is that their approach assumes that
the required capacity must be equal to the expected demand. However, from the logistic
planning knowledge, in this case queuing theory, we know that waiting times grow
exponentially when demand approaches capacity. There is, however, some strategic research
that has taken this into account. For example, Thomas et al. (2001) propose a queuing theory
method to calculate the overcapacity needed to meet waiting time targets. With their approach,
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they devise a formula that determines the level of excess capacity needed in order to see
patients without a waiting list. A variation of this model is then presented in Thomas (2003), in
which Monte Carlo simulation is used rather than queuing theory. Although this study does
consider categorized patients with different urgencies to start treatment, it assumes (as every
other strategic study reviewed) that linacs are able to treat all patients, and hence not comply
with the constrained resources of the LCPP. Nonetheless, in these studies we observe that
strategic linac capacity planning questions must go beyond the “how many” and “which type” of
linacs are required for meeting future demand. Strategic decisions must consider their effect in
lower levels in order to guarantee a good performance when executed.

3.2.2 Operational linac capacity “scheduling”

On the opposite level of strategic linac capacity questions we have the operational ones.
We label these questions as “scheduling” questions because they include fewer uncertainties
than “planning” ones, although they are done for the future as well. The main type of questions
studied at this level deal with “when” and “in which linac” should a patient be treated. These
questions imply decisions for a shorter time horizon, e.g. daily or weekly horizon, since they
refer to individual patients rather than the entire population. Nevertheless, answering the
questions from this level is still complex due to the large number of constraints and interactions
in the RT process, thus attracting researchers’ attention. The earliest study about how to
schedule RT treatments in the best way was carried out by Larsson (1993). He develops a model
based in arithmetic formulae in order to estimate the starting day of a patient, given a current
waiting list. The model was completely automated in a spreadsheet, allowing the user, i.e. the
planner, to check the different scheduling options for a patient and to choose the best one. A
more recent, but similar, booking tool is presented in Thomsen and Ngrrevang (2009). Their
model allows the planner to derive future waiting times curves for the different options for
scheduling a patient today. Again, these future indicators are derived from arithmetic formulae
and medical information and are used as support for the planner. In both studies only support
information is given to the planner, but there is no explicit optimization of waiting times for the
decisions.

More than indicating-tool studies, there are studies that explicitly aim to improve the
performance of scheduling. There have been researchers that, with OR methods have developed
rules of “when” and in “which linac” a patient should be scheduled. For example, Petrovic and
Leite-Rocha (2008) use a parameterized construction-and-improvement heuristic to schedule
patients at the end of a day. Some of the parameters in the construction part of their heuristic
include how close to the ‘due date’ (e.g. waiting time target) will the planner try to schedule a
patient and how long can the planner wait to do a schedule for a group of categorized (e.g.
urgent, non-urgent) patients. Their improvement approach is GRASP. Through a simulation with
4 different linacs, the authors conclude that their proposed approach performs better (than the
current way of working of the study hospital in the UK) as long as linac capacity is enough to
satisfy the incoming patients. On their sensitivity analysis, they observe that when they double
and triple the number of linacs, their heuristic significantly takes longer computational time to
run. Kapamara (2009) and Petrovic et al. (2011) use a similar approach of a construction-and-
improvement heuristic for the entire RT process. Opposite of the previous example, in both
studies greedy construction heuristics are used (e.g. plan urgent patient as soon as possible).
After the schedule has been constructed, the authors use as their improvement approach
‘steepest’ hill climbing and a multi-objective genetic algorithm. The main conclusion of these
three studies is that heuristics or simple rules for making the decisions (e.g. plan a number of
days from now, plan this patient first, etc.) can improve the waiting time performance.
Furthermore, with advanced OR methods such as the improvement heuristics the resulting
schedule can be ‘improved’ under the assumption that this can be done for patients grouped
over a planning horizon (e.g. a schedule can be finalized after a day).
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Heuristics are usually are ‘easy to understand’ rules that improve performance.
However, if the assumption the scheduling for patients that are grouped over a planning horizon
is true, then the OR method that guarantees the best scheduling performance is mathematical
programming. Conforti et al. (2008) propose such an approach. By modeling the scheduling
problem as mixed integer linear programming (MILP) model they develop an optimal weekly
schedule for the patients that have been grouped for a week. They benchmark their approach
against real-world data of a hospital in Italy that has 1 linac and show that, not only waiting
times could have been shorter, but also more patients could have been treated if their MILP
would have been used. We find a similar, but more complex MILP model in Conforti et al. (2010).
The authors include a set of machines, rather than a single one, different working times per
machine per day, a priority value for each patient, set up times, amongst other considerations.
To test their approach, they develop six scenarios based on real data, with 2 linacs. They report
that computational time does become large in one of the six scenarios, but short enough to be
used in real practice. From these two studies we observe that modeling the complex RT
treatment scheduling process with mathematical programming is possible, therefore the
possibility to always obtain the optimal schedule. However, due the different components of the
process itself, the model is not always practical (and sometimes impossible) to solve
computationally for large problems (e.g. ‘large’ number of linacs or patients).

3.2.3 Tactical linac capacity planning

From the strategic planning perspective, Erridge et al (2007) suggest that further
research on how to meet the projected demand also considering the waiting times is needed.
Thomas (2003), who already considers waiting time in his strategic study, indicates that further
research is needed to manage access rates and fractions per course if linac capacity is already
planned considering waiting times. From the operational perspective, Conforti et al. (2010)
point out it is important to handle the uncertainty that affects the scheduling model in an
appropriate way. Petrovic and Leite-Rocha (2008) suggest the use of ‘look-ahead techniques’ as
an extension of operational scheduling. Strategic studies of RT linac capacity suggest there is a
need to consider lower-level planning aspects, i.e. waiting times. Operational studies of RT linac
capacity suggest there research should be done on how to incorporate upper-level planning
aspects, i.e. uncertainty. Nevertheless, a very few studies that have looked at this “middle”
planning level (or tactical planning level in the framework of healthcare operations of Hans et al.
(2012) of the RT linac capacity.

Although there main objective is to develop an operational method, Petrovic and Leite-
Rocha (2008) include an implicit “tactical decision” on their operational model. They include a
parameter (whose value is decided by the planner) that tells how much capacity to reserve for
urgent patients. All other patients are scheduled up to a certain limit imposed by this capacity
reserved for urgent patients. They use a value of 10% for this parameter, but with no
methodology to optimize it over all the uncertainties of the RT linac capacity planning problem.
A similar study that includes an implicit “tactical aspect” is the one by Munro and Potter (1994).
In their study, they use a Monte-Carlo simulation to analyze the effect of allocating “machine-
hours” to three different categories. Their model, which is built in a spreadsheet, allows the user
to see the expected tradeoff between allocated machine hours (to the three categories). The user
(i.e. the planner) has then to decide how much machine hours to allocate, in a “numerical
enumeration” of waiting times. From these two studies we observe that there have been ideas
on how to link the strategic and the operational decisions through tactical aspects, but no real
optimization of the scheduling or planning decisions have been done (i.e. they are left to the user
to decide).
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3.3 Healthcare Resource Planning

In healthcare organizations that provide specialized treatments or care, resources (e.g.
infrastructure, specialized drugs, personnel, etc.) are generally expensive and unique. In
addition, these organizations face uncertain demand for these treatments, and therefore the use
of their specialized resources. Not only the number of patients that will arrive in the near future
is unknown, but also the type and priority of the specialized care they will need is variable. Due
to the nature of the medical treatments, and the resources used to provide it, these organizations
have challenges when defining an effective logistical plan. According to Leite-Rocha, (2011) the
challenge of planning in specialized clinics is to reserve enough capacity for prioritized patients
while maintaining a high utilization of resources. In this section, we present a few examples on
how this challenge is tackled, i.e. how healthcare resources have been planned to meet uncertain
and categorized demand in constrained healthcare processes. Furthermore, we review the
different forms that healthcare objectives can take.

An outpatient resource that is similar to a linac in the RT process, from a logistical
perspective, is a CT-scanner in a diagnostic facility. Vermeulen et al. (2009) present an adaptive
heuristic approach for resource allocation of CT scanners. In their study, they consider patients
to be grouped according to different medical attributes. They consider a set of scanners to have
different ‘timeslot-type specification’ (TTS) per day. These TTS restrict which patients (from the
different groups) can be scheduled on them. They develop a model to optimize these TTS
variables for the mid- and short-term, considering an uncertain arrival of patients in the future.
The model schedules each patient on the first TTS available. After scheduling a patient, their
model re-adjusts the TTS (according to the attributes or category of the scheduled patient) with
the goal of maximizing the expected number of patients scanned on-time (i.e. within a medical
time window). The re-adjustment of TTS is done through a patient-arrival simulator and a
heuristic algorithm. Furthermore, their model is equipped to adjust capacity in-advance if
necessary, i.e. increasing or decreasing the opening times of the CT scanners. The authors test
their approach using real-life data and a simulation from a hospital in the Netherlands and show
that benefits can be gained in efficiency of resource usage and ‘on-time’ performance for all
groups. Their main contribution, to the planning literature of CT scanners, is the reduction of the
gap between the strategic-only and the operational-only planning literature by a tactical method
that links to the two.

A different approach for a diagnostic resource is developed by Patrick et al. (2008). They
consider similar demand characteristics (i.e. grouped patients, different priorities for diagnostic,
uncertainty in the arrivals) and capacity characteristics (i.e. deterministic service time) as the
previous example. However, their approach is based on a Markov Decision Process (MDP) model
rather than a heuristic approach. Their model’s goal is to minimize a cost function of waiting
times and lateness (with respect to a time window) of patients, in addition to overtime use of
capacity. A MDP approach outputs a ‘policy’ for scheduling, which in this case gives rules of
when to book a patient in nominal or overtime, according to a given ‘state’ of the system.
However, there are so many ‘states’ of the system that the problem becomes impossible to solve
directly. The authors overcome this issue with a complex approximate dynamic programming
technique. They test their approach using real-life data and a simulation from a hospital in
Canada, for small and large instance settings. Their approach outperforms the current way of
working of the hospital and proves to be robust to small changes in the parameters (e.g. same
policy for an increment in demand). Their main contribution is the design of a method that
schedules patients through policies (or rules defined in advance) that are robust to the
uncertainties inherent to healthcare processes. As a concluding remark, the authors also state
that their approach is applicable in surgical scheduling and scheduling of radiation treatment.
However, they point out that for the latter one, a complication of the modeling approach is that it
involves a series of appointments rather than a single one.



26 | Chapter 3 - Literature Review

A last example of a healthcare-resource planning that has been approached through
tactical methods is the operating room. Although different from the linacs, operating rooms also
face uncertainties in the operational scheduling and many constraints for the strategic planning.
Van Oostrum et al. (2008) develop a master surgical scheduling approach for the tactical
planning of this resource. They consider different types of surgical procedures, each with a
stochastic duration. They define, for each operating room, a cyclic ‘master surgical schedule’
(MSS) that specifies a list of surgery types that can be performed every day. A MSS restricts
which patients (from the different types of surgical procedures) can be scheduled for an
operating room on a given day. They construct a mathematical programming model with
probabilistic constraints and use a column generation technique to construct MSSs that
minimize the required capacity and level hospital bed requirements. The authors test their
complex approach using real-life data from a large hospital in the Netherlands. In the test they
build weekly, two-weeks and monthly MSSs for a capacity of 5 up to 20 operating rooms and
conclude that, within reasonable computational times, it is possible to obtain schedules. Their
main contribution is the development of a cyclic (i.e. repeating) tactical plan that reduces
planning efforts while attaining strategic and operational goals.

From these few examples of planning healthcare resources for categorized patients, we
can derive several indications on how to tackle the challenges of the LCPP. There are different
mathematical approaches (e.g. heuristics, MDP, MILP with stochastic constraints, etc.) to handle
the uncertainty in the arrival of patients and the patient-related objectives (e.g. minimizing
waiting times, maximizing patients served within a timeframe, etc.). Independent of the
approach, some form of allocation of capacity to the different categories is obtained with the
approaches. These allocation plans provide guidelines on when and where a patient can be
scheduled (i.e. use the resource) that prove, for real-life data, to be better than not having them.
Depending on the objective or objectives considered, and the size of the problem characteristics
(i.e. number of resources, categories, etc.), some approaches that handle the uncertainty are not
directly applicable. For instance, the MDP and the MILP-with-stochastic-constraints require
additional (usually approximation or heuristic) techniques to provide an answer (a plan). From
this section, the two main observations about healthcare resource planning are that (1) plans in
the form of in-advance capacity allocation can improve current way of working with respect to
patient-related objectives and that (2) combined mathematical techniques are required to
handle all characteristics of healthcare processes.

3.4 Manufacturing Resource Planning

In this section we broaden the scope of the study to manufacturing businesses that use a
constrained supply of machines to produce and satisfy a demand of different types of products.
Pinedo (2005) provides a framework to classify the scheduling in this manufacturing
environments according to their machine, job (product) and objective characteristics. Using this
framework, we can describe the LCPP as the scheduling problem of having parallel machines
(with machine eligibility restrictions and recirculation) in which there are weighted jobs (with
release dates) that must be scheduled in such a way that the total weighted completion time is
minimized. Although his focus is on operational scheduling rather than tactical planning, Pinedo
provides indications on ‘look-ahead’ solution approaches (e.g. ‘composite dispatching’
heuristics). Based on these ‘look-ahead’ indications by Pinedo, as well as the characteristics of
the LCPP in his framework, we present a few examples of businesses problems. Our objective in
this section is to obtain ideas for tactical decisions and understand the interaction between these
tactical decisions and the manufacturing characteristics. It is not our goal to completely depict
the LCPP to a specific manufacturing problem or to survey all possible examples that are
applicable. For the purpose of conceptualizing the entire RT process, and a exhaustive review of
RT examples, as a manufacturing process we refer to Kapamara (2006) and Leite-Rocha (2011)
respectively.
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We begin by presenting a study done by Aghezzaf et al. (2010). In this study, the authors
consider a production system with uncertain demands of finished products, inspired in a
medical and graphical film manufacturer. They test stochastic and deterministic MILP
approaches for reserving production capacity for product families and at each stage of the
production system. All of these approaches have the objective of minimizing costs and are tested
under several levels of demand variability and capacity tightness. Their numerical experiments
report that average costs are 6% lower in the stochastic model for high variability and capacity
tightness, but they show significantly more variation than the deterministic model. Furthermore,
they report that the stochastic model becomes computationally more expensive (running time of
hours) than the deterministic one (running time of minutes) as instances become large (i.e. 5
product families, 6 week planning horizon, 2 stages). Thus, they recommend the deterministic
MILP model for defining the tactical variables of reserved time for product families. An
important remark is that, although the model is labeled as deterministic, the reserved capacity
(called the ‘cushion level’) is built in the model similar to a ‘safety stock’ of production capacity.
For this ‘cushion level’, the demand is assumed to be stochastic, but with known average and
standard deviation. It is also assumed that a ‘service level’ (i.e. probability of not meeting
demand) is known for the model to work. The main contribution of this study is the
deterministic ‘cushion level’ MILP that performs (in terms of costs) as good as the stochastic one
under some circumstances (e.g. capacity tightness), for a far less computational time.
Furthermore, for those circumstances where the stochastic model performs better, the
deterministic model shows less variation in the costs (in a series of numerical experiments)
leading to a more robust planning method.

In contrast to the MILP based approach of the previous study, Almada-Lobo et al. (2008)
present a research about composite dispatching rules with a variable neighborhood search (i.e. a
metaheuristic approach) for the tactical planning of a glass container manufacturer. The
technologies of the machines used for molding the glass restrict which containers can be
produced on them. In addition, the furnaces have sequence dependent setup times according to
the color of the glass paste to be processed. Both furnaces and machines are completely
automated and work 24 hours per day, 7 days per week. In this highly constrained and massive
production environment, their goal is to build a yearly plan that assigns colors to furnaces and
products to machines monthly, and that minimizes a multi-objective weighted function. To
achieve this, first they build a plan through a composite dispatching rule. This rule assigns a
‘priority index’ to product-machine pairs and schedules, as soon as possible, the highest pair.
Forecasts for the monthly demand of finished products are assumed to be known. The resulting
plan is then improved by a variable neighborhood search, with a special ‘neighborhood
changing’ scheme. The main contribution of this paper lies in this neighborhood changing
scheme, which achieves better solutions (than the dispatching rule itself) at almost no
computational cost, for a highly constrained and complex process. However, no indication is
given about the performance when the forecasts are not as expected or any stochasticity in the
demand of glass containers.

Last two examples of manufacturing businesses have been of small products (film and
glass containers). Finally, we analyze a larger manufacturing environment, a build-to-order
automobile production. More specifically, we analyze an engine manufacturer study done by
Garcia-Sabater et al. (2012). They relate the mid- and short-term planning via two sequential
(iterative) MILP models. Similar to the previous example, they consider forecasts for the
different engine types (more than 40 variants) to be available for a 6 month horizon. They
describe demand to be stable, and thus forecasts to be accurate. The tactical MILP, which they
call master planning process, is used to decide production rates and down days for the different
engine types on the assembly lines such that a multi-objective weighted function is minimized.
The output is then used in a complex weekly MILP (with all industry specific constraints) that
minimizes costs. They report the implementation in a real-life business, in which an additional
algorithm relaxes some constraints in order to deliver a feasible plan when necessary.



28 | Chapter 3 - Literature Review

Furthermore, their implementation included an algorithm to stop at the last feasible plan (with
the lowest integrality gap) whenever the MILP became computationally too expensive. The two
main contributions of this paper are (1) a model that links (and coordinates) mid- and short-
term planning and (2) the results of a real-life implementation where additional benefits such as
reducing planning complexity and stable planning of workers.

With this few, but representative examples (of the characteristics of the LCPP in Pinedo’s
framework) we observe that allocation (in advance) of machine time capacity can model in
several forms and solved with different approaches. The allocation can be in the form of
reserved capacity (such as the cushion levels), production rates, no work days, etc. We observe
also that authors contribute with methods for making the different approaches more
computationally efficient for real-life instances, which in part is due to the maturity of the
knowledge for logistical planning in the manufacturing industry. We also see that, as processes
get larger and more complex, the link between the tactical and the operational planning
becomes more of an issue. For this reason, ‘look-ahead’ techniques that allocate capacity to
different product families (rather than individual products) should be able to include the
operational constraints to give an applicable solution to job-machine planning problems. As in
healthcare applications, combined mathematical techniques are required to completely handle
all characteristics of manufacturing tactical planning.

3.5 Summary and Contribution

In this chapter we briefly discussed the relevant scientific literature about linac capacity
planning for the three hierarchical levels. Furthermore, we reviewed examples on how similar
problems to the LCPP, in the healthcare and manufacturing industries, have been approached.
The two key points of this chapter are:

o The majority of studies for planning the linac capacity have been done in the strategic
and operational level. Strategic studies are usually medically oriented and do not include
any logistical consideration (e.g. waiting times). On the other hand, operational studies
usually do not include information about the process uncertainties (e.g. future patients)
which can diminish their performance when applied in real-life. The tactical level
studies, which relate the other two levels, have only been done for indication (support)
purposes rather than optimizing ones.

e Similar processes to the RT linac capacity process can be found in the healthcare and
manufacturing industries. Examples of tactical planning in these processes show that
allocation of capacity, done in advance and for the different types of demand, can help
achieve operational and strategic goals. There are different forms of allocating capacities,
and different methods to do so. For similar processes to the RT linac capacity, a
combination of mathematical techniques is required to capture, and cope with, problem
characteristics.

Our contribution to the scientific literature is the design of a tactical planning
methodology for radiotherapy linac capacity that handles uncertainty in the arrival of
categorized cancer patients and minimizes the expected waiting times. The two main
characteristics of this methodology are its (1) applicability in highly-constrained and large RT
departments and that (2) relates the two levels of planning (tactical and operational) into a
single solution. The output of this methodology is an allocation of capacity in the form of
maximum linac-time that can be assigned to category. As described by van Oostrum et al.(2008),
an implicit contribution of tactical approaches in practice is the simplification of scheduling
while attaining the planning objectives of higher levels.
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The Linac Capacity Planning Problem (LCPP) arises when a healthcare institution wants
to minimize the access time of categorized patients by planning its linac capacity in advance. In
this chapter we present “ProaRT”, a solution (planning method) for the LCPP. We begin by
presenting, in a nutshell, what is the linac capacity problem and what is our solution approach,
in Section 4.1. In Section 4.2 we mathematically formulate the sets, inputs parameters, variables,
objective and constraints that characterize the LCPP. In Section 4.3 we explain how ProaRT
works and how its different parts tackle the problem characteristics. Furthermore, we indicate
the assumptions we make in each part. In Section 4.4 we present a series of numerical
experiments that provide insight in how the access time is influenced by ‘in-advance’ planning
for different problem settings. In Section 4.5 we present a discussion about the approach and the
results. Finally, in Section 4.6 we summarize the key points of modeling and solving the LCPP
through ProaRT.
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4.1 Problem and Solution in a Nutshell

In order to describe the linac capacity planning problem (LCPP), we begin by describing
the relevant characteristics of the part of the radiotherapy process considered. A linear
accelerator (linac) is a machine that delivers sessions of radiation to a cancer patient. We define
linac capacity as the time from a group of linacs which can be used to treat different patients. We
consider patients that need this kind of treatment to be categorized according to medical
aspects. Each category (of patients) undergoes a different number of daily sessions of radiation,
which are called fractions, and has a different urgency to start treatment (e.g. some categories
can wait some days while others need immediate irradiation). Due to technical restrictions, the
different categories can be treated only in some of the linacs. We call these restrictions linac
feasibility constraints. We consider all aforementioned characteristics to be known and
deterministic (e.g. number of fractions, linac feasibility constraints). However, we consider the
arrival of patients (e.g. how many patients of each category will arrive next week) to be
uncertain but statistically describable. With these considerations, we define the LCPP as follows:

The LCPP in a nutshell:

We define the LCPP as the problem of allocating linac capacity in advance and to
categories of patients such that the expected access times (ie. times to start
treatment) are minimized over a mid-term horizon while considering all process
attributes (such as number of fractions, linac feasibility constraints, etc).

Table 5 - ProaRT’s output table:

In order to allocate linac capacity in advance,
pacity \ Linac1 Linac2 | Linac3

such that access times are minimized for the different

) . . . Category 1 5 23 7
categories of patients, we build a mathematical method [ category2 | 11 2 0
we call “Proactive Radiotherapy” or shortly “ProaRT”. In Category 3 9 0 14
ProaRT we assume the linac capacity is measured in : :

timeslots, and that one fraction lasts one timeslot, thus only one patient can be treated per
timeslot. The allocation output of our method is a table that gives the maximum number of
timeslots that can be used in a linac for a category. Due to our timeslot per patient assumption,
this table gives a threshold on the number of patients from all categories that can be treated on a
linac, any given day. An example of this kind of output is given in Table 5, where for instance, no
more than 7 patients from category 1 can be treated daily on linac 3. ProaRT builds this table
considering all process attributes for a mid-term horizon (e.g. 6 months). Furthermore, ProaRT’s
table is used in the day-to-day scheduling of patients as follows: all patient’s daily fractions are
planned on the earliest available linac that (1) has less than the number of maximum patients
(given by the ProaRT table) planned and that (2) has the least number of total planned patients.

To obtain good values for the output table (i.e. thresholds that minimize the expected
access times for the mid-term horizon), ProaRT uses a simulation and heuristic algorithm. Based
on the arrival information and the length of the mid-term horizon, ProaRT builds samples of
incoming patients. For each sample, or group of simulated patients, a local search algorithm
finds thresholds (i.e. values for the table) that minimize the access time of the patients from that
specific group. This means, that for each sample, the local search algorithm finds a different
table. At the end, all tables are merged into a single one through applied statistics. This last table,
which results from the statistical analysis of all sampled ones, is the output of the ProaRT
method. In the following two sections we present a formal, and detailed, description of the
problem and the solution method, respectively.

4.2 Formal Problem Description

The Radiotherapy Capacity Planning Problem (LCPP) consists in the design of an
effective plan, for a mid-term horizon, that allocates in advance the linac capacity to categorized
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patients. This allocation must be done taking into account all process and treatment restrictions
and, at the same time, considering the uncertainty in the arrival of patients. We say a plan for the
LCPP is effective when it minimizes the access times in accordance to the healthcare
organization’s preferences and standards. To properly describe the LCPP, we first introduce the
three main sets and their mathematical notation (all notation can be seen in Appendix 7). We
consider different types of demand for RT treatment that comes from a set of categories G, which
is indexed with g and g’. We consider a set of linacs M (resource supply) to deliver the RT
treatment, which is indexed with m and m'. We consider a plan must be constructed for a mid-
term planning horizon D, which is discretized in working days which are indexed with d and d'.

Expectations for the demand for treatment for the horizon D are known. We consider
that for each category g € G the number of patients that will “arrive” during a period of time is a
stochastic variable with mean p; and variance agz. As explained in Section 2.2, when patients
first arrive to the radiotherapy process, a pre-treatment phase is executed (e.g. CT scans,
contouring, etc.). However, we consider the “arrival” of a patient in the LCPP to be the day at
which the patient has completed his or her pre-treatment phase and is ready to receive
radiation. Each category or care plan g has a constant number of fractions s, (radiation
sessions). We consider that all fractions of a patient must be given in the same linacm € M, or
in a backup one while mis in maintenance. From a medical perspective, there are different
effects of waiting time for different cancer sites, and hence different “importance factors” a, for
the different categories g € G. The higher the value of a4 the higher the importance of having
lower waiting times for category g.These values work as ‘penalties’ in the objective function.

With respect to the resources, we consider all linacs in M to have the same working time
(i.e. time for treating patients) during a day. The working time (capacity) of a linac is expressed
in discrete timeslots t € . We assume that any fraction of any category in any linac lasts one
timeslot. Although all linacs share the same nominal time, each linacm € M has its own
technical characteristics, which might differ from the other linacs. To denote the technical (and
medical) capability of linac m for treating category g, we use the binary parameter f;,,. This
parameter gets a value of one if linacmis able to treat a patient from category g, and zero
otherwise. Another characteristic of the specialized resources in the LCPP is the series of
different inspections @ that must be carried out in each m € M. Each inspection type g € Q must
be done periodically, at a fixed interval of r, days between inspections. All inspections require
the use of the same measuring devices. We define ¢ as the number of measuring equipment the
institution has, and hence as a limit on the number of simultaneous inspections that can be
carried out. Moreover, an inspection g has a duration k, timeslots in which no patient can be
treated. Patients that cannot be treated in linac m due to maintenance are assumed to be treated
in a backup linac. The maintenance schedule is assumed to be known in advance. We present a
list of assumptions with respect to the resources and the demand for treatment in Table 6.

Table 6 - Assumptions of the LCPP:

Assumptions of the LCPP

With respect to the linacs: With respect to the treatments:
1. Linac capacity is fixed. 1. Demand arrives when pre-treatment
2. There is no overtime. phase of the radiotherapy is completed.
3. All fractions last one timeslot. 2. Treatment characteristics are the same
4. The categories that can be treated in a linac for all patients from the same category.
are constrained by medical factors. 3. Fractions are given on a daily basis for all
5. Preventive maintenance is done in all linacs categories.
with a fixed frequency and known schedule. 4. All fractions of a patient are given in the
6. There is one backup linac. same linac.
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The main question in the LCPP is how much capacity (timeslots) should be allocated on
the different linacs (in advance for the mid-term horizon D) for the different categories in order
to achieve a minimum weighted-function of the access times. We denote the capacity from linac
m € M allocated to category g € G with the integer variable V ,,,. As explained in Section 4.1,
Vy,m represents the maximum number of timeslots that can be used for treating patients from
category g on linac m. We define F; (x) to be the total access time function (sum of all patients)
of category g for a given tactical plan x. A tactical plan x is the vector (output table) consisting of
all V; , variables (thresholds) as seen in Constraint (2) . We define X as the feasible and finite
decision space for x, which takes into account all assumptions and constraints in the LCPP
(Constraint (3)) such as all fractions scheduled in one machine, linac-feasibility constraints, etc..
Finally, we denote the expectation of this function for the medium-term horizon by E? [Tg(x)]
and define the objective Z in Function (1). The objective function is then to minimize a penalized,
total access time function (expected sum of all patients from all categories). The formal problem
description and its mathematical formulation can be visualized in Figure 19.
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Figure 19 - Graphical illustration and mathematical formulation of the LCPP

As seen in Figure 19, the access time function F;(x) is “unclosed”, i.e. not explicitly
defined in our formulation. This is to indicate its dependency in other decisions of planning and
scheduling. The access time of a patient is defined as the number of days between his or her
arrival and the start of treatment. The tactical plan x does not specifically say when a patient will
start treatment, although it prohibits him or her to start treatment on a linac m if there are V, ,,
patients already planned from his or her category g on a given day. It is the operational
scheduling which indicates the specific beginning of treatment, following the tactical plan x and
all process considerations. The operational scheduling can be done in several ways, some of
which can be found later in this chapter. Nonetheless, at a tactical level our objective is to
minimize the expectation of this function for the mid-term horizon, thus the term E? [.‘Fg (x)] in
the objective. From the aforementioned characteristics, we observe that sound solution
(optimization method) for the LCPP must incorporate operational decisions and handle the
stochastic nature of patients’ arrivals for the mid-term. As mentioned by Petrovic and Leite-
Rocha (2008) in RT treatment scheduling ‘look-ahead techniques’ (tactical planning methods)
must be an extension of day-to-day (operational) scheduling.
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4.3 Formal Solution Description

We propose the use of a simulation-based meta-heuristic, which we call “ProaRT”, to
solve the LCPP. ProaRT first generates a collection J of patient-sets P; for the time horizon D.
Then it minimizes a penalized access-time function O(%;) for each generated patient set P; by
designing a tactical plan x;. Finally it constructs the overall best tactical plan x’, through a
statistical weighted-function Jl({xl,xz, ...,xm}) of all designed tactical plans x;’s, that will
achieve the goal from Equation (1). For this reason, we split the ProaRT method into three parts:
(1) a patient-set generator, (2) a patient-set optimizer and (3) a statistical analyzer. The method
has three sets of input parameters !, 72,73 for each part, respectively. These input
parameters are user-defined and have a direct influence on the performance of the entire
method. Moreover, the output of each part of the method is used in the following part, as can be
seen in Figure 20, the graphical representation of ProaRT. In the following subsections we
describe each part into more detail. An overview of the entire mathematical notation used in this
chapter can be found in Appendix 7 and a short definition of technical terms in the Glossary.

Patient-Set Generator

o®)

xi

S
)
N
=
=
=
=)
joh
o
o
5}
9]
o
=]
)
=
=)
©
(=¥

|
[ |
2 = A({xy 20 o xp)) N
r N [ [ ||
ol (2| G 12| .|

m- Linac1 Linac2

||
|| ||
6 2] 6 12

Statistical Analyzer

Figure 20 - Graphical representation of the ProaRT solution method

4.3.1 Patient-Set Generator

The first step in our solution method is the ‘simulation-base’ of ProaRT. We simulate the
arrival of patients from all categories g € G for the planning horizon D, a total of |7]| times. For
each simulation i € J we construct a set of patients P;, where each patient p € P; belongs to a
category g and has a known arrival day a,,. The arrival of patients is built upon random variates
from a Poisson distribution with rate A4, i.e. ug; = 05 = Ag4- This probability distribution is used
because of its discrete and memory-less properties, and because evidence of a real-life
radiotherapy department supports it as a mathematical representation of the arrivals (see
Appendix 5). If the arrival rate A, is expressed in a longer time-unit than the days d € D of the
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planning horizon (e.g. patients per week) then we use a factor ¢ to determine an arrival day a,,
for every patientp € P; from a uniform distribution of days, i.e. a,~Uniform(1, ), within the
time-unit of A4. All the input parameters in H'1 can be seen in Equation (4).

H* ={17,G,D,44Vg € G, ¢} (4)

From the parameters in A, the number of simulations |7]| is the only one that is not
problem specific (as are the categories G and their arrival rates A4, for example). The value of |7|
controls how much of the ‘stochastic picture’ the ProaRT method can capture. In every
simulation i € 7, random numbers are used to determine the number of patients in ; and their
arrival day. The larger the value of |7| the better the picture is, however, the method becomes
computationally more expensive.

4.3.2 Patient-Set Optimizer

The second step in the ProaRT method minimizes a penalized access-time function O (%P;)
for each generated patient set P; by designing a tactical plan x;. We remind the reader that a
tactical plan x; is the vector consisting of all V ,, variables, which is the capacity from linac
m € M allocated to category g € G, for a simulationi € J. These Vj,, variables define the
maximum number of patients from category g that can be scheduled on linac m during any day
d. In the RT planning literature, similar scheduling constraints can be found in Thomsen and
Ngrrevang (2009) and Petrovic and Leite-Rocha (2008). To design each tactical plan x;, our
method uses a Simulated Annealing (SA) algorithm. This ‘meta-heuristic’ varies the values of the
Vym's in a tactical plan x;, evaluates O(®;) and adjust them in such a way that the best tactical
plan is obtained. To explain in more detail how this is done, we have sub-divided this second
step of the ProaRT method in two. First we will describe the SA algorithm (i.e. how V ,,, is varied
and how is the tactical plan x; adjusted) and second how the penalized access-time function
O(%P;) is evaluated.

4.2.2.1 Simulated Annealing (SA)

Simulated Annealing is an useful optimization method for combinatorial problems
whose objective function depends on many parameters (Kirkpatrick et al, 1983). It has been
widely and successfully applied in different planning problems as reported by Hans et al. (2008).
Non-simulated annealing is a heat treatment process for a solid material in order to obtain
certain physical properties. The material is heated to an initial temperature and then cooled
down slowly until it reaches a desired temperature (so called thermal equilibrium). By small
decreases in the temperature, different properties can be obtained in the material. In
combinatorial optimization problems, the simulated version of this process does small changes
in the decision variables (i.e. a local/random search method) for a “temperature” range with the
objective of having a lower objective function value. For a complete description on how the SA
algorithm works we refer the reader to Aarts and Korst (1989).

In the ProaRT method, our SA algorithm goes from the initial temperature 7! down
to the final temperature 7/ through a proportional cooling system. Temperature is changed
as follows: foltowing — 5. T“‘"ent|0 < § < 1, consequently the next temperature is (1 —8§)%
less than the current one. While the algorithm is at a certain ‘temperature’, a number k of single
random changes (Markov chain length) in the decision variables I, ;,’s are made. For a single
random change (neighborhood structure), first a category g’ is randomly chosen, then a random
feasible machine m’lfgr,mr = 1chosen and finally a random value between zero and |T|is
assigned to V... This means that a “change” is just a new value between zero and the number
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of timeslots in one of the cells of a tactical plan x;, i.e. Vgr,mr|fgr‘mr = 1. Every change that

decreases the objective function O(®;) is accepted. On the other hand, every change that
increases O(P;) is accepted with a temperature-dependent, monotonically and exponentially
decreasing probability function e=7/* where n, just ast, is updated for every change of
temperature as follows: n/towing = (0.9 + §) - n¥7ent, All the input parameters in 2 can be
seen in Equation (5). A pseudo-code of the SA in the ProaRT can be seen in Table 7.

}[2 — {Tinitial’ Tfinal' 5, K, 7,]im'tial' O(j)i)} (5)

Table 7 - Pseudo-code of the SA in the ProaRT:
1. Initialize all parameters in H 2.
2. Empty all variables V .
3. While t = t/™4 do
4. Fork=1tokdo
5 CurrentSolution = O (%;).
6. Do random change in one V, ;.
7 NewSolution = O(%;).
8 If (NewSolution<CurrentSolution) or (e ™/ =Random(0,1)) then

9. Accept random change.

10. If (NewSolution<BestSolution) then
11. Define BestSolution=NewSolution.
12. End If.

13. Else

14. Reject random change.

15. End If.

16. End Fork.

17. Updatet=46"1.

18. Update n = (0.9+6) ' n.
19. End While.

20. Define x; = [Vg,mv‘g,m] .

To maximize the effectiveness of the method, all the SA parameters (Greek lettered ones
from the set 7£2) must be chosen such that (1) all solutions are reachable and (2) a worse
solution is almost always accepted close to the initial temperature but very rarely accepted
when approaching the final temperature. In addition, we have included the parameter O(%;) in
H? to indicate that the way of evaluating a solution depends on the scheduling method used.
This makes ProaRT a robust method since the approach is independent of the way of scheduling,
which may vary from hospital to hospital. In the following subsection we elaborate more on how
to evaluate O(%;).

4.2.2.2 Scheduling Methods

The value of the objective function O(P;) needed by the SA algorithm to design a tactical
plan depends on the scheduling method. Some hospitals schedule a patient’s treatment when he
or she arrives, and do this in the earliest time available. Some others aim to level the use of their
resources each time a patient comes. On the other hand, other hospitals first wait to accumulate
a group of patients (e.g. patients that arrived a certain day are scheduled at the end of the day)
and then schedules the treatment of every patient in the group. Even though the ProaRT method
can be applied to many scheduling methods (as long as the constraint by the V; ., variables can
be imposed), in this section we present the three methods exemplified above. Before describing
each scheduling method in detail, let us introduce some notation.

Each patient p € P; has a known arrival day a, and a known category g € G that defines
the number of fractions s, and the linacs f; ,, that can treat him or her. The parameter b,, ; gets a
value of one if patient p is categorized into g and zero otherwise. We assume a patient can only
belong to one category, i.e. Y ,b,, = 1,Vp. Furthermore, we consider that all linacsm € M
have a number of timeslots T, for every day d € D, in which they can deliver fractions. One
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timeslot t € T corresponds to one patient fraction of any kind. However, as mentioned earlier,
during periodic maintenance inspections q € @, linacs cannot be used to deliver fractions of
radiation to patients. As mentioned earlier, we consider that the complete schedule of these
maintenance inspections is known in advance. We define the binary parameter r ,, ; 4 to equal

one if maintenance inspection q is scheduled in timeslottat machine m on dayd and zero
otherwise. With respect to the decision variables, we introduce the binary variable X, ;, ¢ 4

which indicates whether patient p is scheduled to receive a fraction in timeslot t at machine m
on dayd (Xp,m,t,d = 1) or not. We also introduce an auxiliary binary variable X;fg” which

indicates if patient p received his or her first fraction on day d. As mentioned earlier, decisions
are constrained by the tactical plan variables V ,,,. The relation between these tactical variables

V;m and the patient scheduling variables X, ,,, ; 4 can be seen in Constraint (6):
Z z z bpg  Xpmta <Vgm VYmd ©)
JgEG pEP; teT

Finally, for every method, the performance is measured as a weighted (penalized) function of the
access time for the patients of the different categories O(%;), as seen in Equation (7):

o) =Z|Lg' Z Z(d_ap)'bp.g'nggrt | (7)

QEgl PEP;

Access time of patient p J

We now describe in more detail the three operational scheduling methods used as
examples at the beginning of this section. Method 1 (Open Access Scheduling) and Method 2
(Balanced Workload Scheduling) are the methods in which patients are scheduled as soon as
they arrive, i.e. no grouping. Method 3 (Weekly Optimal Scheduling) on the other hand, groups
patients for a week and then schedules them. The methods are described using the general
notation from above and with Constraint (6) implicitly introduced.

Open Access Scheduling

Table 8 - Open access scheduling algorithm:
Open Access Scheduling

Thls method is based in the common 1. Sortall p € P; in non-increasing arrival days ay.
‘first come first served’ scheduling rule. In the g FO;(’)’r:dl:t(;'?tﬂ (Iigl
LCPP, however, a patient that comes first is | 4 Form = 1 to |M] do
not necessarily treated earlier in time thana |5 If f41b, 4=1,m = 1 then
patient that arrives later. This situation might | © For t =1to|T| do
. . 7. 1Y ep Xp/mta + 2q Tgmea = 0 then
result due to the constraints on the linacs, e.g. e e
. . . . . 8. 139 Xprep Zer(bprg " Xp'mp'.a) < Vgm then
the earliest available linac can irradiate the | g Set Xpmqr = LVd' = {d,d +1,..,d +5,).
patient that arrived today is fully booked | 10. Set X3trt = 1.
until three days later. This method is an | 11 Exit Loops t,m, d.
‘onli tional’ scheduli b 12. End If.
online-operational’ scheduling one because | ;3 EndIf.
patients are scheduled as soon as they arrive, | 14. End For t.
one by one (no grouping of patients for a 12 . (f‘l;d It
4 . nd For m.
week in order to do a schedule for the next | 17 EndFord.
one). A requirement of this method is a set of | 18.End Forp.
19. Calculate O(P,).

patients P; that is ordered in non-increasing
arrival days a,. All daily fractions from patient p are scheduled in the first available feasible linac

m. Please note that the first available linac is determined from the current schedule which
consists of all variables X, .,  ; for patients p’ earlier than p in the ordered set #;. This method

tries to schedule patients as soon as possible while filling the first linacs also as soon as possible.
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An important remark is that linacs are ordered alphabetically, e.g. A1, A2, B1, B2, etc. The
complete algorithm for the ‘Open Access Scheduling’, including the tactical plan constraint, can
be found in Table 8.

Balanced Workload Schedulin
9 Table 9 - Balanced Workload scheduling algorithm:

Balanced Workload Scheduling

This method is an extension of the 1. Sortall p € P; in non-increasing arrival days a,,.
‘first come first served’ with one additional g FO;§r=d1=t(:z|?ticlJ?z(;|
consideration in comparison to Method 1 |, Evaluate L, according to Equation (8).
(Open Access Scheduling). This method sorts | 5 Sortallm € M in non-decreasing L.
all linacs that are available on the earliest day ?' Form =1to |M] do
by non-decreasing number of planned |4
9

Iffg|bp’g=1_m = 1then
) i _ ‘ For t =1to|T|do
patients. A patient is then scheduled in the

Y prap Xp' mia + XqTgmea = 0 then

first linac of this list, thus scheduling him or | 10. 39 Zprap Zer(bp' g * Xp'mit'.a) < Vym then
her in the earliest available linac that has the | 11 SetXpmear = 1,Vd' = {d,d +1,...,d +s5}.
. . 12. Set X3t = 1,
least amount of treatments to deliver (ie. | |5 Exi
R . . xit Loops t,m, d.

workload). Opposite to the previous method, | 14. End If.

this method does not fill the first linacs first, 12 ; (ffFld IE

but aims to balance the workload among all | ;7 End ?f o

available linacs (hence the name). For this | 18.  EndForm.

purpose, we introduce an auxiliary integer | 1% Ef;‘?(,f;’;d'

variable L,, which indicates the number of | 21 calculate 0(2)).

patients planned on linac m at a given point

in time. We define it as shown in Equation (8). We use the index d’ in this equation to remark
that this variable is updated every time a patient is planned, and thus changes over the day.
Please note that the index d' is not applied in the Ly, variable, just in the X,,,, . /. The complete

algorithm for the ‘Balanced Workload Scheduling’, including the tactical plan constraint, can be

found in Table 9.
Ly = Z ZXp,m,t,d' vm,d’ (8)
PEP; tET

Weekly Optimal Scheduling

In this last method, we consider two significant differences from the previous ones. The
first difference is that this is an ‘offline-operational’ scheduling method as described by the
framework of Hans et al. (2012). Instead of scheduling a patient’s fractions as soon as he or she
arrives (as in the previous two methods), this method assumes patients can be ‘buffered’ for a
week and then scheduled. We denote these weekly buffers of patients with w € W|w c P;. The
motivation for this ‘buffering’ is that during this time, a patient is being processed in the first
steps of the RT process, and then a ‘ready to receive fractions’ day a, is known for when the pre-
treatment phase ends. The second, and most significant difference, is that this method uses an
ILP (integer linear program) to develop an optimal solution for the weekly objective function
O(w) as seen in Equation (9). To model this method as an ILP, we introduce an auxiliary binary
variable X{,f?nac which indicates whether patient p gets treatment on linac (le,f?nac = 1). For a
week w, the schedule of all previous weeks w’ are taken into account by the variables
Xp‘m_t’d|p € w’ which act as parameters rather than variables. The ILP formulation of the
‘Weekly Optimal Scheduling’ (where the index d runs for the days in week w) has the objective:

| 1
[ |
min O(w) = Z as‘;]alt ) Z | Z(d - ap) ’ bp,g 'Xij.tfrt (9)
d

gEgl PEW J
Access time of patient p
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subject to the constraints:

zzzb pmtdSVg,m vm,d (10)
g b t
X ,m,t ngm vm;t:d,p,glbp,g =1 (11)
Z pmtd T Z Tgmtd = 1 vm,t, d (12)
p q
ZXpmtd<1 vp:d (13)
z Xpmta = Sg° z X9 vpglbyg =1 (14)
m,t,d
ZXp,m,t,d < Sg 'X;)l}lnac vm,p,glbyg =1 (15)
t,d
Xp,m',t,d S Sg ' (1 - Xél,%lac) vml p:glbp_g = 1 (16)
m'eM\{m}t.d
ng'tgrt <1 Vvp (17)
d
d+sg—1
Z ZXp,m,t,d' = Sg X;,tt(ilrt vp, d'glbp,g =1 (18)
d'=d mt '
All Xpmtd:XStaTt le)f%zac € {0,1} (19)

The tactical plan is enforced by Constraints (10). Constraints (11) ensure that a patient is
only treated in a machine capable of doing so. The restriction of having a patient treatment if and
only if the timeslot in a linac is available (e.g. no other fraction or a maintenance inspection is
done at the time) is imposed by Constraints (12). The “one fraction per day” is reflected on
Constraints (13). The complete treatment (number of fractions) for the care plan a patient has is
ensured with Constraints (14). The set of Constraints (15) and (16) make sure that all the
fractions of a patient are assigned to the same linac. Constraints (17) assign the value of the
starting day of treatment for a patient. Constraints (18) make certain that, after a patient has
started treatment, the remaining fractions are given on consecutive days. Comparable
formulations of ILPs for scheduling radiotherapy patients can be found in Conforti et al. (2010)
and (2011). However, we use the ILP as a mean for designing a tactical plan, i.e. is a part of a
larger model rather than the only model. In addition, an ILP can give insights on the optimality
gap of previous methods for a weekly schedule.

4.3.3 Statistical Analyzer

The last step of the ProaRT method receives as input all tactical plans x;’s and through a
statistical analysis of the V], ,, variables generates the best tactical plan x'. Every tactical plan
x; is myopically optimized by the SA for its “sampled” patients i. There might be some samples i,
which due to randomness, are very rare realizations of the entire probability distribution (e.g.
outliers). Allowing the SA algorithm to obtain one tactical plan x’ over all samples can resultin a
possible bias of this plan towards that specific realization. For this reason, we decide to look at
several statistics of each individual Vj,, variable in all tactical plans x;’s. We define
c/l({xl,xz, ...,xm}) as the parameterized function used to define x'. In this function, the Vom
variables in x' (denoted as I{q’,c,’,L) are defined through a weighted average of the mean, median
and mode correspondentV, ,,, in all x;’s (denoted as I{gx,‘n) We see this definition in Equation
(20). Once again, by assigning different weights to the different statistics we can ensure that a
possible “rare realization” of the arrival distributions will not have a large impact. A brief
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discussion on how we defined the weights can be seen in the following sub-section. Finally, the
weights constitute the set of parameters 73 of the ProaRT method, as seen in Equation (21).

e o hy- Meanieg(l{qﬁin) + h, - Medianl-eg(lfq’f}n) + hy - MOdeiEg(V;;in)

gm hy+ hy + hy
H3 = {h1'h2:h3}

4.3.4 ProaRT Parameter Selection

vgm (20)

(21)

. 1 qr2 ap3
All parameters for ProaRT (i.e. ", H“ ") are Taple 10 - Values for the ProaRT problem-

user defined, meaning there is no
determining them. Some parameters are problem

sub-algorithm independent parameters

Parameter Value

dependent (such as are the categories G and their arrival
. ) |7] 30 samples

rates A4) and therefore are fixed inputs the user can only initial 120
enter. On the other hand, the problem independent ' Final 90
parameters can be modified as the user wants. These T 5 0.98
input parameters (such as the number of simulations or y 2'00
samples |7| and the SA parameters) influence the pinitial 1

erformance of the ProaRT method (the quality of the
?actical plan). The tradeoff on choE)singq thes}:e input 0() Balanced workload.
parameters is between quality of the solution and hy L
computational time. To choose the best values for the ZZ 28

3

ProaRT problem-independent parameters, we carry out
a small numerical search considering the problem dependent parameters from the NKI-AVL’s RT
department. We notice that the SA parameters chosen (see Table 10) were robust enough for all
samples i € 7, meaning the algorithm could find a tactical plan x; that significantly improved the
objective function. As explained earlier, the tactical plan developed by ProaRT is related to the
way the operational scheduling is done. For the theoretical and practical experiments in the
remaining of this thesis, we choose ProaRT’s operational scheduling method to be the ‘balanced
workload’ one because it resembles current hospitals scheduling (higher implementation
potential) while performing better than the ‘open access’ and being far less computationally
expensive than the ‘weekly optimal’. As reported by Vermeulen et al. (2009), an approach that
improves, but not replace, the current way of scheduling in a hospital has the greatest benefits in
flexibility of usage and acceptability. Throughout the remaining of this thesis, for both the
numerical experiments and the case study, the aforementioned ProaRT considerations and
parameters are used.

4.4 Theoretical Experiments

As mentioned before, researchers have identified a need for ‘in-advance’ planning
methods for effectively managing the RT capacity. However, not all hospitals which provide RT
have the same linac-capacity characteristics or face the same treatment demand, and therefore
have the same need for ‘in-advance’ or tactical planning. In this section, we make a series of
theoretical (numerical) experiments to test, under different theoretical circumstances, how well
ProaRT works. With these experiments we aim to get insight on when (e.g. large demand,
constrained linacs, etc) a tactical plan (designed through the ProaRT method) can be an effective
way of managing the RT capacity in a hospital (and thus solving the LCPP) and when does it not
make a difference at all. These numerical experiments are based on realistic data gathered from
the NKI-AVL’s Radiation Oncology department, but are modified to the different theoretical
circumstances. Specific experiments for the NKI-AVL are realized in the case study of Chapter 5.
Following this introduction to the theoretical experiments, we explain what the experimental
configuration in Section 4.4.1. We describe the LCPP settings considered, as well as the
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simulation setup used for the statistical validity of the results. In Section 4.4.2 we present our
hypotheses and the experimental factors (experimental variables) we consider for testing then.
We describe what levels (values) we consider in each factor and their motivation. Finally, in
Section 4.4.3 we analyze and present the results of these theoretical experiments.

4.4.1 Experiments Setup

We first introduce the problem settings, which are the LCPP parameters that remain
constant throughout all the experiments. These LCPP parameters are based in the current
situation of the NKI-AVL'’s RT. We consider demand for treatment to come from 16 categories,
i.e. |G| = 16. These categories have fixed ‘importance factors’ a;Vg € G as seen in column W1 of
Appendix 9. They also have fixed ‘number of fractions’ s;Vg € G seen in the same appendix.
These categories correspond to the 16 largest care plans (in terms of patient-type and
fractionation-scheme) from the NKI-AVL. To deliver the radiation to the patients from these
categories, we consider there are eight linacs, i.e. |M'| = 8. The time horizon for which we want
to minimize the expected (penalized) access-time function is six months, i.e. |D| = 130. The
LCPP patient arrival parameters Kg» oj , linac feasibility fg,m, and the number of timeslots T are
used in the experimental factors described in the next section, and hence are variable
throughout the experiments. To construct a tactical plan x' that solves the LCPP, we use the
ProaRT method configured as explained in Section 4.3.4.

In the second place, we introduce the simulation settings we use to guarantee the
validity of the conclusions. For every experiment, we construct a tactical plan 2" according to the
experimental settings and factors. Since this tactical plan is constructed under the stochasticity
of the LCPP, its potential improvements are also stochastic. In the interest of giving a better
estimate of this improvement, we decide to build confidence intervals (as opposed to point
estimates) for the performance. Using the so-called Sequential Procedure, we determine the
number of replications to be 1000, for a confidence level of 95% and a maximum relative error
allowed of 10%. Furthermore, the simulation we use for the numerical experiments is
categorized as a non-terminating one (Law, 2007). This means that the performance must be
analyzed when the system has reached a steady state. In our simulation, the initial condition
(empty linacs) has an influence on the when the steady state is reached. We use Welch’s method
to determine the ‘warm-up’ period, which is the period it takes for the simulation to reach a
steady state. This period is estimated to be of 25 days. According to Law (2007), the run lenth
should be much larger than the warm-up period in order to be able to better capture the steady
state performance indicators. We increase the run length from 130 to 260 days, which makes
each simulation a year worth and makes the run length more than 10 times the warm-up period.
At last, to assure a proper comparison, we apply the concept of Common Random Numbers to
our simulation. Common Random Numbers filter out differences due to variability in stochastic
settings. In our simulation, we measure both scheduling with ProaRT’s tactical plan and without
it over the same set of patients. This is an advantage of a simulated environment, since in reality
it is not possible to schedule a patient’s fractions in two ways. These sets of patients are
randomly generated, and stored for applying the different scheduling methods. For a more
detailed explanation on the simulation settings, we refer the reader to Appendix 8.

4.4.2 Experimental Factors

The two main factors that make the LCPP a distinct problem from most of the problems
studied in the RT planning literature are the decisions for categories of patients (rather than
individuals) and the use of a large set of constrained linacs. As explained in all three previous
chapters, effectively managing access times becomes challenging when there is uncertainty in
the arrival of patients, they have different priorities for starting treatment according to their
category and not all linacs in use are able to treat them. In our formulation of the LCPP, the
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parameters pg, O'; and f; ., control these challenging characteristics, which we consider
experimental variables for our theoretical experiments. An important remark is that we assume
arrivals to be Poisson distributed (i.e. 4y = aj = Ag4) based on the evidence of Appendix 5 and
the properties of this distribution, meaning that the interest variable is 4,. In addition to the two
distinctive and patient-related factors mentioned above, we consider the third experimental
variable to be the number of timeslots 7. This experimental variable is of interest from a
management perspective, since it is one which can have potential costs benefits. For instance,
experiments might show that reducing the nominal working time while using a tactical plan
through ProaRT can achieve the same performance indicator as a nominal working time without
this planning method.

Based on the experimental variables described above, we define the three experimental
factors we consider most relevant for the development of a tactical plan as follows: Factor 1: -
Linac feasibility (fg,’s), Factor 2 - Capacity availability (77) and Factor 3 - Fraction distribution
(A4’s). For each factor, we consider three levels of the experimental variables as can be seen in
Table 11. All the levels identified with an “N” correspond to the normal, current situation of the
NKI-AVL. Levels identified with a “C” correspond to lower, or critical, level with respect to the
current situation. Levels identified with an “R” correspond to a higher, or relaxed, level with
respect to current. The values of the different levels are chosen in such a way that they represent
realistic hospital characteristics. A more detailed view of the different levels, and values used for
the different experimental variables can be found in Appendix 9.

Table 11 - Experimental factors for the numerical experiments of ProaRT:
Experimental
Factor (EF

ID Levels Description of the levels

1. Linac L-C 50% Percentage of the total linacs (on
feasibility L-N 63% average) from which a category
L-R 75% can receive fractions.
2. Capacity T-C 28 timeslots Timeslots available per day per
availability T-N 30 timeslots linac.
T-R 32 timeslots
3. Fraction F-C (2x30%, 1x20%, 13x1%)  This is the distribution of patient
distribution F-N (2x15%, 4x10%, 10x3%)  type - fraction scheme demand
F-R (16x6%) among the 16 categories.

We hypothesize a tactical plan will have a higher impact on the critical levels (identified
with a C) than the others levels (identified with an N and an R). By a higher impact we mean that
the value of the weighted access-time function will be lower than the normal way of working of a
hospital. We consider the normal way of working to be the non-tactical, open access scheduling
(which is the current practice at many hospitals such as the NKI-AVL). Finally, we define three
hypotheses, in order to get insights on the impact of the critical level of each individual factor.
These hypotheses can be seen in Table 12.

Table 12 - Hypotheses for the theoretical experiments:

Hypotheses for the theoretical experiment:

A tactical planning and control approach (through the ProaRT method) will
have the highest positive impact on the performance of a hospital that:

(H1) has highly constrained linacs,

(H2) has lowest available capacity,

(H3) has a not-evenly distributed demand (patient type -fraction scheme).
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4.4.3 Experimental Results

In accordance with the number of experimental factors and levels, we construct a 3k
experimental design. With this design, a total of 27 experiments are carried out. Each
experiment consists of 1000 simulated years for three planning and control methods: (1) Open
access scheduling, (2) Balanced workload scheduling and (3) Tactical planning through ProaRT.
As explained in the simulation setup, the same set of patients (common random numbers) is
used for the three methods, for the simulation of a single year. Through our simulation we are
able to analyze 81000 years worth of data. Before diving into the analysis of this data, we first
introduce a legend in Table 13 which applies for all figures and tables from this subsection. For
readability purposes, we divide the results in three parts, each corresponding to one hypothesis.
Nevertheless, all statistics from the experiments can be found in Appendix 10.

Table 13 - Legend for results' figures and tables:

Color mBlue ‘Open access scheduling’ (OAS)

Coding: mRed ‘Balanced workload scheduling’ (BWS)
‘Tactical plan with ProaRT’ (ProaRT)

Naming _/_/ The name of each experiment consists of 6 characters in 3

Convention: P1 P2 P3 positions. “L” stands for the linac feasibility (factor 1), “T” for the
capacity availability (factor 2), “F” for the fraction distribution
(factor 3), “C” for the critical level of the factors, “N” for the
normal level of the factors and “R” for the relaxed level of the

factors.
Line type: —— Average (point estimate)
(figuresonly) ~—————- Confidence interval (bounds)
Objective Z The objective function is the expected weighted sum of all access
Function times of all patients (i.e. average O(P) for the 1000
simulated Ps )
Relative C.L C.I. stands for a 95% Confidence Interval. The relative
Improvement improvement is measured as the absolute difference over the

initial value of the objective function.

1. Analysis of hypothesis 1

Our first hypothesis (H1) states that, tactical (in-advance) planning through the ProaRT
method has a higher positive impact in those cases where there are highly constrained linacs. In
our experiments, highly constrained linacs occur when experimental factor 1 (linac feasibility) is
in the critical level (L-C in our notation). To test this hypothesis, we fix the remaining two
factors (capacity availability and fraction distribution) in one of their levels.

In Figure 21 we observe the analysis of goono
hypothesis 1 for ‘critical levels’ of the capacity <0000
availability and fraction distribution (factors 2 and
3 respectively). From left to right, we see the linac
capacity (factor 1) going from largely constrained to
rarely constrained. When largely constrained linacs
occur (F-C/L-C/T-C), the improvement of ProaRT
with respect to OAS is in the order of 39-39% and
when rarely constrained linacs occur (F-C/L-R/T-
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0

C), the improvement is in the order of 8-8% (see FojLc/Te ReunsTe Ro/LRTC
Table 14). Analogous improvements occur with
respect to BWS. Therefore, in ‘critical levels’, our Figure 21 - Hypothesis 1 for critical levels

hypothesis 1 is supported.



In Figure 22, we observe now ‘normal
levels’ of the capacity availability and fraction
distribution. Again, from left to right, we see the
linac capacity going from largely constrained to
rarely constrained. When largely constrained linacs
occur (F-N/L-C/T-N), the improvement from OAS is
in the order of 48-51% and when rarely
constrained linacs occur (F-N/L-R/T-N), the
improvement is in the order of 41-45%. The
improvements from BWS are in lower magnitude

and in the opposite direction hypothesized. Thus, in
‘normal levels’, hypothesis 1 is partly contradicted.

In Figure 23, we observe the ‘relaxed levels’
of the capacity availability and fraction distribution.
Again, from left to right, we see the linac capacity
going from largely constrained to rarely
constrained. When largely constrained linacs occur
(F-R/L-C/T-R), the improvement from OAS is in the
order of 54-58% and when rarely constrained
linacs occur (F-R/L-R/T-R), the improvement is in
the order of 79-84%. The improvements from BWS
are in lower magnitude in the hypothesized
direction. Consequently, hypothesis 1 is partly
supported in the ‘relaxed levels’.

Table 14 - Results for hypothesis 1:
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Figure 22 - Hypothesis 1 for normal levels
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Figure 23 - Hypothesis 1 for relaxed levels

Experiment Objective Function Z (average 0 (P)) C.I. Percentual Relative Improvement

ID 0AS BWS ProaRT m0AS—m BWS ®mOAS— 1 ProaRT mBWS —= 1 ProaRT
C-C/L-C/F-C 51806 48776 31450 [6%,6% ] [39%,39% ] [35%,36% ]
C-C/L-N/F-C 6783 5708 5596 [16%,16% ] [16%,19% ] [-1%,4%]
C-C/L-R/F-C 5031 4878 4625 [3%,3%] [8%,8%] [5%,6%]
C-N/L-C/F-N 671 341 338 [48%,50% ] [48%,51% ] [0%,2%]
C-N/L-N/F-N 934 337 336 [63%,65% ] [63%,65% ] [0%,0% ]
C-N/L-R/F-N 599 371 342 [36%,40% ] [41%,45% ] [8%,8%]
C-R/L-C/F-R 195 105 86 [46%,47% ] [54%,58% ] [18%,18% ]
C-R/L-N/F-R 525 43 42 [91%,93% ] [91%,93% ] [0%,3%]
C-R/L-R/F-R 236 43 43 [79%,84% ] [79%,84% ] [0%,0%]

2. Analysis of hypothesis 2

Our second hypothesis (H2) states that, tactical planning has a higher positive impact in
those cases where there is low available capacity. By low available capacity we mean that
demand is able to fill up (theoretically) 96% of the linacs. In our experiments, this situation is
obtained by varying the number of timeslots (experimental factor 2). The setup for the analysis

is similar as the one of hypothesis 1.

In Figure 24 we observe the analysis of 60000

hypothesis 2 for ‘critical levels’ of the linac
feasibility and fraction distribution (factors 1 and 3
respectively). From left to right, we see the linac
availability (factor 2) going from low (28 timeslots
- 96%) to high (32 timeslots - 84%). When low
linac availability occurs (F-C/L-C/T-C), the
improvement is in the order of 39-39% and when
the contrary occurs, (F-C/L-C/T-R), the
improvement is in the order of 41-42% (see Table
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Figure 24 - Hypothesis 2 for critical levels
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15). The improvements from BWS are in similar magnitude in the hypothesized direction. For
this reason, in ‘critical levels’, hypothesis 2 is supported.

Figure 25 corresponds to ‘normal levels’ of 7000
the linac feasibility and fraction distribution. Again, 6000 .
from left to right, we see the capacity availability
going from low to high. When low available capacity
occurs (F-N/L-N/T-C), the improvement from OAS
is in the order of 20-21% and when high available
capacity occurs in (F-N/L-N/T-R), the improvement
is in the order of 90-92%. When compared to BWS, 1000
an unique result happens. The impact direction is as
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In Figure 26, we observe the ‘relaxed levels’ 18000
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the linac feasibility and fraction distribution. Once
more, from left to right, we see the capacity
availability going from low to high. When low
available capacity occurs (F-R/L-R/T-C), the
improvement from OAS is non-existing and when
high available capacity occurs in (F-R/L-R/T-R), the
improvement is in the order of 79-84%. When o
compared to BWS, the improvement of ProaRT is ‘ \
simply non existing. For this reason, in ‘relaxed FR/LR /T FR/LR/ TN FR/LR/TR
levels’, hypothesis 2 is completely contradicted.
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Figure 26 - Hypothesis 2 for relaxed levels
Table 15 - Results for hypothesis 2:

Experiment Objective Function Z (average O(P)) C.I. Percentual Relative Improvement

ID 0AS BWS ProaRT m0AS—>mBWS  ®mOAS— 1 ProaRT mBWS— ProaRT
F-C/L-C/T-C 51806 48776 31450 [6%,6% ] [39%,39% ] [35%,36% ]
F-C/L-C/T-N 23995 20861 15364 [13%,13%] [36%,36% ] [26%,27% ]
F-C/L-C/T-R 7147 4775 4162 [33%,34%] [41%,42% ] [12%,13% ]
F-N/L-N/T-C 5649 4552 4497 [19%,20% ] [20%,21%] [1%,1%]
F-N/L-N/T-N 934 337 336 [63%,65% ] [63%,65% ] [0%,0% ]
F-N/L-N/T-R 267 15 19 [94%,95% | [92%,93% | [-41%,-17% ]
F-R/L-R/T-C 14783 14825 14803 [0%,0% ] [0%,0% ] [0%,0% ]
F-R/L-R/T-N 1287 1002 1002 [21%,23%] [21%,23%] [0%,0% ]
F-R/L-R/T-R 236 43 43 [79%,84% ] [79%,84% ] [0%,0% ]

3. Analysis of hypothesis 3

Our last hypothesis (H3) states that, tactical 50000
(in-advance) planning through the ProaRT method
has a higher positive impact in those cases where
there is a not-even distribution of demand (patient
type - fraction scheme). By not-even we mean that
a small number of categories account for the vast
majority of the demand. In our experiments, this
situation is obtained by varying the arrival of
patients in experimental factor 3. The setup for the
analysis is similar as the previous ones.

50000

40000

30000

20000

Objective (Penalty) Function Value

10000

F-C/L-C/T-C F-N/L-C/T-C FR/LC/T-C

Figure 27 shows the analysis of hypothesis 3 Figure 27 - Hypothesis 3 for critical levels
for ‘critical levels’ of the linac feasibility and capacity availability (factors 1 and 2 respectively).
From left to right, we see the fraction distribution (factor 2) going from not-even to even. When



Theoretical Experiments | 45

the fraction distribution is not even (F-C/L-C/T-C), the improvement is in the order of 39-39%
and when fractions are evenly distributed, (F-R/L-C/T-C), the improvement is in the order of 8-
9% (see Table 16). The improvements from BWS are in similar magnitude in the hypothesized
direction. For this reason, in ‘critical levels’, hypothesis 3 is supported.

In Figure 28 we see the ‘normal levels’ of the 1800
linac feasibility and capacity availability. Again, 1600
from left to right, we see the fraction distribution 1400 ) /
going from not-even to even. When there is a not- e Z
even distribution of fractions (F-C/L-N/T-N), the o 0
improvement from OAS is in the order of 47-49%,
as when the fraction demand is evenly distributed
(F-R/L-N/T-N), the improvement is in the order of
31-33%. The improvements from BWS are very
small, but in the hypothesized direction. As a result RO/LN/TN EN/LN/TN ER/LNT
hypothesis 3 is also supported in ‘normal levels’.
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Figure 28 - Hypothesis 3 for normal levels

Figure 29 corresponds to the ‘relaxed levels’ 300
the linac feasibility and capacity availability. Once 250
more, from left to right, we order the fraction
distribution going from not-even to even. When
demand is not-even (F-C/L-R/T-R), the
improvement from OAS is around 56-65% and
when demand is even (F-R/L-R/T-R), the
improvement is in the order of 79-84%. When
compared to BWS, the improvement of ProaRT is , ‘ ‘
simply non existing. For this reason, in ‘relaxed FC/LR /TR PN/LR/TR PR/LR/TR
levels’, results say the opposite to hypothesis 3.
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Figure 29 - Hypothesis 3 for relaxed levels

Table 16 - Results for hypothesis 3:

s Objective Function Z (average 0(P)) C.I. Percentual Relative Improvement
0AS BWS ProaRT m0AS—»mBWS  mOAS— 1 ProaRT mBWS— 1 ProaRT

F-C/L-C/T-C 51806 48776 31450 [6%,6%] [39%,39% ] [35%,36% ]
F-N/L-C/T-C 5174 4615 4445 [11%,11%] [14%,14%] [3%,4%]
F-R/L-C/T-C 15478 16917 14161 [-10%,-8%] [8%,9%] [16%,17% ]
F-C/L-N/T-N 1071 568 557 [46%,48% ] [47%,49% ] [1%,2%]
F-N/L-N/T-N 934 337 336 [63%,65% ] [63%,65% ] [0%,0% ]
F-R/L-N/T-N 1473 1005 999 [31%,33%] [31%,33%] [0%,1%]
F-C/L-R/T-R 43 17 17 [56%,65% ] [56%,65% ] [0%,0% ]
F-N/L-R/T-R 139 15 14 [87%,91% ] [88%,92% ] [4%,7%]
F-R/L-R/T-R 236 43 43 [79%,84% ] [79%,84% ] [0%,0% ]

4.4.4 Experiments Conclusion

The overall results of the theoretical experiments show that using ProaRT significantly
improves the performance of a RT department that uses OAS as its scheduling (planning)
method. In all experiments and figures (from the previous section) except one (experiment F-
R/L-R/T-C in Figure 26), the yellow line (ProaRT) is lower (better) than the blue line (OAS). The
relative improvement (from OAS to ProaRT) can reach up to 93% (F-N/L-N/T-R), situation in
which the method can virtually reduce the access times to zero. However, this relative
improvement is quite high because the demand/capacity ratio (due to factor T-R) is low (ratio of
approximately 84%) and the access time function is already quite low (i.e. ProaRT improves
something that is already good). From queueing theory we know that access times explode when
the demand/capacity ratio gets closer to 100% (as explained in Section 1.4). In our
experiments, the higher this ratio goes is 96% with experimental factors T-C. In this case (in
which access times are really large) the highest improvement seen with ProaRT is 39% (F-C/L-
C/T-C). In absolute (not relative) terms this is a more substantial result considering the access
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time function is more than 190 times larger here than the situation of the 93% improvement. To
come to the point, ProaRT performs better than OAS for critical, normal and relaxed levels of the
important RT factors.

In addition to OAS, we also experiment using a BWS rule. In this case, the results of the
theoretical experiments show that using ProaRT improves the performance for some cases, has
no significant improvement for others, and even “deteriorates” the performance for some few
ones. We observe that ProaRT significantly improves the performance from BWS in those
experiments that had highly constrained linacs (L-C), the highest improvement being in the
critical levels F-C/L-C/T-C with 36%. In 13 out of the 27 experiments ProaRT had no significant
improvements (0-4%). All of these 13 experiments had at least one factor in the normal level. At
last, in 3 of the experiments there was a negative improvement (deterioration) in the objective
value. These three experiments had the relaxed level of the capacity availability and at least one
of the other factors in the normal level. As discussed before, the relaxed level of the capacity
availability already performs well in terms of access times (since there is enough capacity). The
worst deterioration in the objective value was -4, wether in the critical level the improvement is
in the order of 17000. To sum up, ProaRT performs better than BWS for critical levels of linac
feasibility and fraction distribution, has no significant improvement for most normal levels and
deteriorates the performance for relaxed levels of capacity availability.

In our research motivation (Section 1.3) we draw the attention to the delays that can
occur when there is no in-advance planning for RT treatments in constrained linacs. In the LCPP
definition (Section 3.1) we indicate that, these constraints apply to categories of patients (rather
than individual patients) whose arrival is uncertain (stochastic) and argue decisions should be
done accordingly. We hypothesized that the greater these characteristics (constrained linacs and
uncertain arrival of categorized patients) are in a hospital, the worse it is not to plan in advance.
In our numerical experiments (Section 4.4), we analyze the soundness of this hypothesis. In
these experiments, we label the ‘greater’ state of the characteristics as critical levels. We observe
that, when all-but-one characteristics are in a critical level (first figure of each hypothesis
analysis of the previous section), the higher the benefits are from in-advance planning when the
remaining characteristic goes towards a critical level. For example in Figure 21, where the
uncertainty in the arrivals is in its critical level (not-even fraction distribution), the
improvement of having an in-advance plan (through ProaRT) increases from 8% to 16% to 39%
as the linac constraints (linac feasibility) increases from a relaxed to a critical level. Similar
results occur in Figure 27, which shows how the arrival uncertainty increases its complexity.
Therefore, we conclude that there is a larger need for a tactical plan when these aforementioned
characteristics increase under a critical level of the other ones. Thus, our hypothesis is sustained
by the theoretical results.

4.5 Discussion

The theoretical experiments are by no means exhaustive to all LCPP characteristics. The
experiments are meant to give indications on the relation between the problem and the
solutions when certain circumstances, or combination of characteristics, occur. In this section,
we briefly discuss the different characteristics considered, and not considered, in our theoretical
experiments. These characteristics influence the results, and hence the analysis that is done
from the experiments. We start by examining the input used for the experiments in Section 4.5.1.
We discuss about the level of detail of the chosen input and the limitation of the insights. In
Section 4.5.2 we talk about the output from the experiments. We discuss about further analyses
that can be done, and considerations that need to be taken into account when formulating
conclusions. Finally, in Section 4.5.3 we discuss how the medical preferences (i.e. weights) have
an influence on the performance of ProaRT when solving the LCPP.
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4.5.1 Factors and Levels

The conclusions that can be obtained from the theoretical experiments are limited by
their configuration. The chosen configuration resembles the NKI-AVL’s current situation in
terms of demand (16 categories) and supply (8 linacs) for RT treatments. A more detailed
categorization of the demand is useful for medical purposes due to more individualized
treatments for patients. However, from an industrial perspective, when categories are identical
in logistical aspects, a more detailed categorization is just making the problem unnecessary
complex. A small categorization is also not desirable since then the problem just becomes
inexistent. In our experiments, the number of categories remains constant. The factor that varies
in our experiments, with respect to the demand, is the ‘fraction distribution’ of the categories.
Fraction distribution is the factor that measures the number of patients of a category times the
number of fractions each patient receives. For instance, a category with 5 patients that receive
20 fractions each is ‘equally distributed’ to a category with 100 patients that receive 1 fraction.
This is a logistical characteristic that is important for the amount of capacity (linac time) that a
category requires (and hence must be allocated). We consider the number of fractions (e.g. 20,
1) to be constant medical aspects, and therefore vary the number of patients (e.g. 5,100). In the
‘normal level’ of this factor, 6 out of 16 categories require more than 60% of the capacity. In the
‘critical level’, 3 out of 16 categories require around 80% of the capacity. In the ‘relaxed level’, all
categories require the same percentage of capacity. The categories that require more capacity
are chosen based in the group of ‘large 5 cancers’ (see Section 2.3). A characteristic we do not
consider in our experiments is whether the categories that require more capacity are those that
need to wait less (higher importance factor). This can also be a characteristic of interest if, for
example, one wants to get insights on the benefits of having a tactical plan for categories with
high importance factors and low required capacity.

The other point of discussion with respect to the input factors is from the supply side.
Just as we consider the 16 categories to be fixed, we consider 8 linacs to be constant throughout
the experiments. One of the main reasons for the proposed solution to the LCPP is the
constraints the linacs have. When there are a few linacs, it is not possible to experiment how
much of an effect the constraints have (e.g. in 2 linacs there is only two options, to use both or
just one). Considering that the factor that varies in our experiments with respect to the supply is
the ‘linac feasibility’ (linac constraints), it is desirable to have a relatively large number of linacs.
More into detail, the factor shows how many linacs a category can use (i.e. receive fractions
from). In the ‘normal level’, categories can use 63% (5 out of 8) of the linacs, on average. In the
‘critical’ and ‘relaxed’ levels, categories can use on average 50% (4) and 75% (6) respectively. In
the normal level, the linacs a category can use correspond to the NKI-AVL linac constraints. For
the critical and relaxed levels of this factor, the linacs which a category can use are randomly
chosen. A characteristic we do not consider in our experiments is the number of categories a
linac can treat. This characteristic can be interesting if, for example, one wants to get insights on
which linacs the tactical planning reserves timeslots. Furthermore, this characteristic can
control the linacs that are ‘all-capable’ (can treat all categories) and the ‘very constrained’ (can
treat only a few categories). As in the current situation of the NKI-AVL, it might happen that if a
linac can only treat a few categories, most of the fractions of one of those categories are planned
at that linac (see Section 2.4). These are some examples of what further insights, and different
conclusions, can be obtained with other experimental configurations. We believe that, some of
these experimental configurations, which are out of the scope of this thesis, are still interesting
to research upon and present them in Section 6.3.
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4.5.2 Interaction Effects

The results and conclusions from the 1800
analysis of the previous section aim to confirm 1600
the experimental hypotheses and answer 1400
research question 3 (see Section 1.5). However,
in all analyses done, we varied one factor at a
time. For example, in the analysis of H1, we
observe F and T to have the same value in each
graph (only L varies). One can also vary two
factors at a time, and get insights on the so-
called interaction effect. For example, in Figure PN /LC/TR ‘ FR/LC/TN
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30 we observe a constant L, and the factors F
and T varying from a normal to a relaxed
level. We observe that BWS (red) performs as good as ProaRT (yellow) and better than OAS
(blue) in F-N/L-C/T-R. When F relaxes (from F-N to F-R) and T goes in the opposite direction
(from T-R to T-N), not only BWS performs worse than ProaRT, but it also performs worse than
OAS. In all analysis done before, BWS always performed better than OAS, except in this one. All
results can be found in Appendix 10, from which the interested reader can analyze the
interaction effects. We do not include an analysis of these effects in the previous section because
(1) they answer different questions than the ones we consider and (2) they are considered
higher order interactions (more than 2 levels and 2 factors) and hence are rarely meaningful.
Nevertheless, it is important to keep in mind their existence and that they might limit the
generalizability of the main conclusions from the previous section.

Figure 30 - Interaction effects on the experiments

4.5.3 Weight (penalty) dependence

A more subjective, but very important, point of discussion is the dependence of the
approach (and consequently the theoretical results) on the ‘importance factors’ for the different
categories. The proposed method, ProaRT, optimizes the tactical plan according to these
‘importance factors’. We believe that the more different the weights are (relative to each other)
the higher the impact of ProaRT is on the overall performance. To get an idea on how much the
impact of the weights is, we repeat all experiments under a set of ‘un-weighted’ categories,
where all categories’ weights are the same, i.e. ¢y = 1Vg € G. The results of these experiments
can be found in Appendix 11.

In Figure 31 we observe the graph of 35000
hypothesis 1 for critical levels looks under un- 30000
weighted categories. We see exactly the same
pattern in the lines, but a much lower difference
from the yellow one to the other ones, meaning a
lower impact of planning in-advance through
ProaRT. Nevertheless, in Table 17 we see that the
results for the critical levels (same analyses done 5000
for all hypotheses in the previous section) present a
similar tendency, but in much more lower scale. In FC/LC/T-C F-C/LN/T-C FC/LR/TC

other words, the hypotheses still hold, but the
impact is now smaller. The main conclusion we can
get out of these results is that, independent of the
weights, the other LCPP characteristics make planning in-advance (through ProaRT) always a
better option than not doing it. The impact, and therefore the need to plan in advance, is much
higher as the difference in weights (or medical preferences) increases.
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Figure 31 - Hypothesis 1 for critical levels under
un-weighted categories



Summary
Table 17 - Results of theoretical experiments for 'un-weighted' categories:

Objective Function Z (average 0(P)) C.I. Percentual Relative Improvement
Experiment ID m OAS - m OAS - m BWS -

OAS BWS ProaRT m BWS ProaRT ProaRT
C-C/L-C/F-C 28304 26689 24656 [6%,6%] [13%,13%] [7%,8%]
C-C/L-N/F-C 3286 2710 2726 [17%,18%]  [17%,17% ] [-1%,0% ]
C-C/L-R/F-C 1861 1791 1791 [4%,4%] [4%,4%] [0%,0%]
C-N/L-C/F-N 28304 26689 24656 [6%,6%] [13%),13% ] [7%,8%]
C-N/L-N/F-N 13021 11323 10533 [13%,13%]  [19%,19% ] [7%,7%]
C-N/L-R/F-N 3821 2538 2681 [33%,34%] [30%,30%]  [-8%,-4%]
C-R/L-C/F-R 28304 26689 24656 [6%,6%] [13%,13% | [7%,8%]
C-R/L-N/F-R 1787 1406 1407 [21%,22%]  [21%),22%] [0%,0%]
C-R/L-R/F-R 3561 3686 3230 [-4%,-3%] [9%,10%]  [12%,13%]

4.6 Summary
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In this chapter we mathematically modeled the LCPP and proposed a solution method
(ProaRT) based on its characteristics and the guidelines from the previous chapter.
Furthermore, we tested the effectiveness of the method with some theoretical experiments and a
simulation. More specifically we tested how well ProaRT attains the objective of the LCPP in
comparison to other methods under a series of circumstances. The three key points of this

chapter are:

e The LCPP is the problem of allocating linac capacity in advance, and to categories of
patients, such that the expected access times are minimized for a mid-term horizon while

considering all relevant process characteristics.

e ProaRT is a mathematical method that determines, in advance, the maximum linac
capacity that can be used by a category of patients per day. In terms of the LCPP
description in this chapter, ProaRT outputs a table that gives a threshold on the number
of patients from every category that can be treated on every linac, any given day. This
table is constructed via a simulation and heuristic algorithm. First, a number of ‘samples’
of arriving patients are built. Then, a local search heuristic determines a table that
achieves the LCPP goals for every specific sample of patients. At last, statistics are
applied to all sampled tables and a formula used to merge them into a single, final one.

e The theoretical experiments show that ProaRT significantly achieves lower weighted
access times compared to OAS, a typical way of working of hospitals (including the NKI-
AVL). Depending on the circumstances, ProaRT can achieve weighted access times that
are up to 90% lower than the ones from OAS. When compared to a second way of
working, namely BWS, ProaRT achieves, for some circumstances, higher (i.e. worse)
weighted access times. This shows that under some circumstances, ProaRT (i.e. planning
in advance) might not be relevant. In addition, with our theoretical experiments we
tested the hypothesis that motivated this research: the more constrained the linacs are
and the more uncertain the arrival of patients is, the worse it is not to plan in advance.
Our numerical results show that as these factors become ‘critical’ (e.g. patients can be
treated in only 50% of the linacs the arrival of 20% of the patients account for 80% of
the fractions), the weighted access times are between 8% and 39% lower when having a

tactical plan (via ProaRT) than when not having it (using OAS only).






“There is no use talking about the problem
unless you talk about the solution.”
Betty Williams (1943)
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In the previous chapter we consider a number of theoretical situations and show how
the ProaRT method can prevent delays in the start of radiotherapy (RT). In this chapter, we
study the impact this method can have on practical (real-life based) situations from the NKI-AVL.
We first review the main characteristics of the demand for radiotherapy treatment and the
supply of linacs at the NKI-AVL in Section 5.1. Then, in Section 5.2 we introduce the different
cases (questions) we examine, and the methods we use to analyze them. In Section 5.3 we
present the results of the access times for each case (answers). More important, we assess the
benefits and drawbacks that ProaRT can have when compared to the current way of planning. In
Section 5.4 we discuss some important observations about this case study. In Section 5.5 we
describe what the conditions for implementing ProaRT are, and what future use can be given to
the method. Finally, in Section 5.6 we close with the key points of this chapter.

5.1 InputData

The NKI-AVL is a large and growing oncology center that diagnoses and treats cancer
patients from all over the Netherlands. During the last three years, approximately 13500 new
patients arrived to receive radiotherapy. From 4340 patients in 2009 up to 4690 in 2011, the
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demand for radiotherapy is steadily increasing. In 2012, around 95 new patients arrive for
treatment each week, a 5.6% increase on the average of 90 new patients per week from last
year. Each patient that arrives is categorized into one out of 60 different care plans by a
radiation oncologist. These care plans (CPs) are patient-categories specific to the NKI-AVL’s RT
department as mentioned in Chapter 2. We reduce the complexity of this case study by
considering only 16 CPs, in concordance with Section 2.3.1. Nevertheless, these 16 CPs are
representative of the ‘demand’ at the organization since they account, on a yearly basis, for 80%
of the new patients and 90% of the total fractions delivered. Since we consider part of the total
demand, we also consider part of the supply (as explained later on). We assume part of the linac
capacity not considered to be used to for the remaining care plans (i.e. 20% patients and 10%
fractions). For the purpose of this study we consider that all patients from a same CP receive the
same number of fractions. The number of fractions for each CP comes from the fractions that the
majority of patients (categorized with it) received during 2011 and the first quarter of 2012. We
also consider that each CP has a known ‘importance factor’, which defines how urgent it is to
start the treatment of a patient categorized with it. The larger the importance factor of a CP, the
shorter a patient categorized with it should wait to start treatment. In other words, low
importance factors (e.g. 1) can wait longer than high importance factors (e.g. 3). The importance
factors are implicit in the NKI-AVL, e.g. planners know that ‘Botmetastasen’ should start
treatment immediately while ‘Prostaat’ can wait longer. We quantify this implicit knowledge
with experts from the department. All the information about the CPs is shown in Table 18.

Table 18 - Input data for case study at the NKI-AVL:

Arrival rate Fractions ) Linac Feasibility
Care Plan (in Dutch) (new patients per Importance
. factors A1l A2 A5 Bl B2 B3
per week) patient

Prostaat 4,86 39 1 X X X X X X
Mamma Breath Hold 8,48 21 2 X X X X X
Mamma e- (Okselregio/Parasternaal) 5,03 21 2 X X X
Long > 44 Gy 4,29 24 3 X X X X X X
KNO 4,40 23 3 X X X X X
Mamma 5,86 16 2 X X X X X
Rectum / sigmoid 2,05 25 2 X X X X X X X
Prostaatloge 1,52 33 1 X X X X X X X X
Hersenen 1,02 30 3 X X
Oesophagus 1,15 23 3 X X X
Botmetastasen 25,48 1 6 X X X X X X X
Long AP/PA 2,48 10 3 X X X X X X X
Cervix/Endometrium/Uterus/Ovarium 1,06 23 2 X X X
Hersenen 2vs 4,74 5 3 X X X X X X X
Anus +/- liezen 0,63 33 2 X X X
Blaas 0,80 25 2 X X X

In order to fulfill the growing ‘demand’ for radiotherapy, the NKI-AVL has a considerable
‘supply’ of linear accelerators (linacs). In total there are nine different linacs from which eight
work continuously (nominal linacs) and one works when the other eight cannot (backup linac).
In this case study we consider as the base situation, the situation in which the backup linac only
treats patients while one of the nominal linacs is under the weekly maintenance inspection.
Unless otherwise stated, this distribution of nominal and backup linacs is considered for each
case. Furthermore, technical specifications and other medical considerations forbid some CPs
from being treated in some linacs. Some linacs can treat only a few CPs while others can treat
almost all of them, as seen in Table 18 where an X’ denotes that a linac is able to treat a given CP.
Demand for radiotherapy is in the form of patient-type and fraction-scheme. In the NKI-AVL, for
most patients a fraction lasts one timeslot of 15 minutes. For this reason, we consider the
fractions of all CPs to last one timeslot. We measure the supply of linac-time (or linac capacity) in
this kind of timeslots. For the purpose of this study, we consider nominal working time to be 30
timeslots per day, instead of 35 that are currently available. We decrease the nominal working
time in order to keep the ‘demand/capacity’ ratio of the NKI-AVL given the reduction to 16 CPs,
which is currently around 90%. The 5 timeslots not considered are assumed to be used for the
fractions of the excluded CPs, meaning that working time remains unchanged.
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Finally, the last characteristic from the NKI-AVL’s RT department we introduce is the
‘open access scheduling’ (OAS). This is the current way of planning and controlling the balance
between the demand and supply for RT treatments. In the OAS approach, there is no in-advance
assignation of linac capacity to CPs. Instead, linac capacity is assigned individually to every
patient, as soon as they arrive. More in detail, all fractions of a new patient are scheduled in the
first feasible linac available. This approach seeks to minimize the access time (i.e. time that a
patient has to wait before starting treatment) of each individual new patient. However, different
types of patients (according to their care plan) have different ‘urgencies’ for starting treatment
(e.g. bone metastases patients require immediate treatment). For this reason, we define
performance as the weighted sum of access times of all patients, over a period of time, rather
than an individual one. The weight of the access time of a patient corresponds to the importance
factor of his or her care plan.

5.2 Cases and Methods

The objective of this case study is to look at a small number of practical situations, which
we define as cases, and examine what benefits planning the linac capacity in-advance can have.
In contrast to the theoretical experiments from Chapter 4, the case study in this chapter does not
aim to test hypothesis or look for general cause-effect relationships. Instead, our goal is to draw
specific-context conclusions which can support management decisions in the NKI-AVL RT
department. For this reason, in each case we focus only on one practical factor of interest (e.g.
growth in number of patients, increase in the number of timeslots, etc.), and analyze if, for that
factor, in-advance planning can improve the access time performance. This performance is
scrutinized from all stakeholders’ perspectives (i.e. patients, oncologists, management) such that
balanced decisions, and thus valid-for-all benefits obtained from planning in-advance for the
different cases. Table 19 shows a brief description of each case we study.

Table 19 - Cases analyzed:

Case ID Situation Description

1 Current situation In this case we analyze the existing demand-supply
presented in Table 18.

2 Growth in number of patients  In this case we analyze an increase in the arrival rate
of patients of 5% and 10%.

3 Working time In this case analyze decreasing and increasing the
nominal working time 5%.

4 Old linac replacement In this case we analyze replacing one of the existing
linacs, thus changing the linac feasibility.

5 New linac acquisition In this case we analyze the purchase of a new linac,

thus increasing the linac capacity.

In order to plan in-advance, we use the ProaRT method. ProaRT is a mathematical
method that allocates linac capacity for the medium term, taking into account the characteristics
of the supply (i.e. which linacs can treat which CPs) and the characteristics of the demand (i.e.
random arrival of patients from a CP, number of fractions, etc.). ProaRT’s output is a table that
gives the maximum number of patients categorized with a CP that can be planned on a linac, any
given day (e.g. no more than 5 ‘Prostaat’ patients in linac ‘B1’). The way that day-to-day planning
is done is the similar as in the OAS (i.e. a patient’s fractions are planned in the earliest available
linac) with two main differences being that a patient is planned on the earliest available linac
that (1) has less than the number of maximum patients planned given by the ProaRT table and
that (2) has the least number of total planned patients for that day. These two differences are
two new constraints (with respect to OAS) that ProaRT uses to ensure that the planning that is
done will benefit both the patient that just arrived and the patient that will arrive later in time.
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The method we use to investigate the benefits of ProaRT for the different cases is a
computer simulation. A computer simulation allows a direct comparison between OAS (the
current way of planning) and ProaRT (the proposed way of planning) since the exact same group
of simulated patients that was planned (and treated) one way can be ‘re-planned’ (and ‘re-
treated’) in the other one. More into detail about the simulation used, we consider the test time
(simulation run length) to be of a single year. After one year, treatments (i.e. linac constraints)
and demand (i.e. arrival of patients) might change, and thus a new table from ProaRT should be
constructed. To obtain a 95% confidence on the performance indicators, we simulate a total of
1000 years (replications) per case. A more detailed explanation about the settings of the
simulation (e.g. warm-up, arrival distributions, etc.) and their validity is shown in Appendix 8.

5.3 Results and Analyses

In this section we present, for each case, the results of the simulation and their analyses.
We first introduce some general terminology for all cases. The objective value is the main
performance indicator we try to minimize. We define the weighted objective value “Wov” to be
the sum of access times X;, over all patients i from the n patients during a year, multiplied by
their correspondent importance factors w;. We calculate it by Wov = Y], w; - X;. Hence the
performance is characterized by a penalty (cost) function of the access time, in which the goal is
to lower (minimize) its value. Furthermore, we define the un-weighted objective value “Uov” to
be the circumstance where all CPs have an importance factor equal to one. We compute it by
Uov = Y-, 1-X;. This un-weighted circumstance is included in the results of each case to
analyze the benefits of using ProaRT for a ‘strictly equitable’ handle of patients (i.e. other
stakeholder’s perspective). All access times are measured in days. For this reason, the un-
weighted objective value shows the exact sum of the access days for all patients in a year. The
expected objective values (i.e. E[Wov] and E[Uov]) and expected access time statistics (e.g. mean,
median) are calculated as the average of the 1000 simulated years for each case. The 95%
confidence intervals are built upon the variation observed in this sample of simulated years
(frequentist statistics). At last we consider that the user-configuration of the ProaRT method is
done according to the suggested settings from Chapter 4.

Table 20 - Legend for the case study:

For readability purposes we . -
use the standards in Table 20 for all Legend for figures and tables of each case’s results

figures and tables. Furthermore, Color mBlue Current (OAS)

when we talk about improvement | C0ding: : Proposed (ProaRT)

we refer to the difference between a | Box"Plot B8 striped 1+ Quartile to Median
performance indicator of ProaRT Shading; Ml solid Median to 34 Quartile
and OAS, i.e. how much lower is the | Line typein —————  Expected OV

value of the indicator of ProaRT than [ figures: = -=---- Confidence interval OV

the one from OAS. We define the relative improvement as the ratio between the improvement
and the indicator for the OAS. Finally, the part of a figure indexed with (i) corresponds to the
weighted CPs and the one indexed with (ii) corresponds to the un-weighted ones.

5.3.1 Case 1: Current settings

The first case resembles the present-day situation of the NKI-AVL in terms of demand for
radiotherapy treatment and supply of linac-time. In this case we estimate how much access time
is currently caused due to the linac constraints, the uncertainty of the arrivals and the current
way of planning the appointments for fractions. This estimated access time establishes the
starting point of comparison to all other cases (e.g. how much will the access time increase in a
10% growth on the number of patients). Furthermore, the comparison is for both the OAS
(current) and the ProaRT (proposed) way of planning. We now present the simulation’s result
for the current situation and the impact ProaRT would have if implemented immediately.



Table 21 - Case 1, Numerical results for the current situation:
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Weighted Care Plans

Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
0AS [889,978] 0.24 [378,412] 0.24
ProaRT [299,374] 0.05 [103,128] 0.05
Improvement [581,613] 0.20 [273,287] 0.20
% Improvement [63%,65%] 81% [70%,72%] 81%

*Expected access time measured as average of all patients and all CPs.

Currently, the simulation shows there are on average 395 access days per year (un-
weighted), which when multiplied by the importance factors of the different patients (weighted),
results in a value of 934. If ProaRT would be implemented immediately, we see in Figure 32 (i)
that the weighted access days can be reduced to 337 and the un-weighted access days to 115 in
Figure 32 (ii). ProaRT is able to reduce the weighted OV from 63% up to 65%, from the one from
OAS. Similar relative improvements are obtained in the un-weighted situation, as seen in Table
21. Moreover, we can see that in both situations ProaRT is able to shift the 3rd Quartile below the
line of the 1st Quartile of the OAS, meaning that the entire distribution of access times is lowered,
not only the expected value. The ProaRT table for this case (i.e. maximum number of patients
from a CP that can be planned on a linac) can be seen in Appendix 12.
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Figure 32 - Case 1, Objective values for the current situation

When taking a closer look at the average access days for all care plans we observe that
some of them do not have any access time at all while a few have more than half a day per
patient, as seen in Figure 33 (i) and (ii). It is on these latter care plans where ProaRT achieves
the largest benefits in access time (e.g. ‘Anus+/-liezen’). In Figure 33 (i) and (ii), the three CPs
that wait the longest in OAS (blue line) are also the ones that wait the longest in ProaRT (yellow
line). Furthermore, the pattern is the same for both weighted and un-weighted graphs, meaning
that for the current situation, ProaRT is not dependent on the weights. A deeper discussion
about the pattern of the access times per care plan is presented in Section 5.4. For this first case,
the main conclusion is that ProaRT can have a positive, significant and large impact for the
weighted and un-weighted OVs (relative improvement of 63% and 70% as seen in Table 21)
and care plans’ access time (0.24 days down to 0.05 days).
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Figure 33 - Case 1, Access times for the current situation
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5.3.2 Case 2: Growth in number of patients

The second case we analyze deals with the situation of the growing ‘demand’. We analyze
the situation when the arrival of patients per week increases 5% (2a) and 10% (2b). These
growth bounds are representative to the growth that the NKI-AVL’s RT department has
experienced over the last years. For this case, the same linacs, number of timeslots and
fractionation scheme of the current situation are used. We now present the simulation’s result
for the aforementioned future situation, which if the trend continues will occur in one or two
years, and the impact ProaRT would have on it.

Table 22 - Case 2a, Numerical results for a 5% growth in patients’ arrivals:

Weighted Care Plans Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
0AS [ [2854,3167] 0.49 [1087,1188] 0.49
ProaRT [1854,2149 ] 0.23 [ 604,696 ] 0.23
Improvement [979,1038] 0.27 [476,498] 0.27
% Improvement [33%,34%] 54% [42%,44% ] 54%

*Expected access time measured as average of all patients and all CPs.

If there is a 5% growth in the number of patients that arrive for RT and OAS is kept as
the chosen way of working, there are on average 1138 access days per year (un-weighted) which
account for a weighted objective value of 3011. This is an increment of 743 access days and
2077 weighted-days from the current situation. If ProaRT would be implemented then, the
increments would be lower: 255 access days rather than 743 and 1069 weighted-days rather
than 2077. However, in this future situation where there is a higher demand, ProaRT is only
33% up to 34% better than OAS in the weighted objective value, as seen in the ‘% Improvement’
row of Table 22. Slightly higher improvements are obtained for the un-weighted OV. In contrast
to the current situation, in this growth situation, ProaRT has a lower impact on both OVs (i.e.
black lines have a moderate slope in Figure 34 (i) and (ii) rather than the steep one from Figure
32). Furthermore, ProaRT does not shift the entire distribution of access times (i.e. yellow bar is
not lower than blue bar in Figure 34 (i) and (ii) as it is in Figure 32). With respect to the
objective value, ProaRT would have less relative impact if ‘demand grows’, but will still achieve
significant benefits.
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Figure 34 - Case 2a, Objective values for a 5% growth in patients’ arrival

The 1138 access days in this growth situation (where there are on average 4032 patients
per year) are more substantial than the ones from the non-critical current situation. More into
detail about the access time for patients, Figure 35 (i) and (ii) shows that with a 5% growth in
the arrival of patients, there are no CPs with zero access time. Furthermore, on the contrary to
the current situation (Figure 33), when the demand grows there are more than a few care plans
have at least half a day per patient of access time (Figure 35). Just as in the current situation,
ProaRT (yellow) has the same line pattern as OAS (blue). An interesting observation in Figure 35
(i) and (ii) is that for the same six CPs as in the current situation (e.g. ‘Mamma e- Group’, ‘Long
AP/PA’) ProaRT is not able to decrease the expected access time per patient.
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Figure 35 - Case 2a, Access times for a 5% growth in patients’ arrivals

For a 10% increment in the arrival rate of patients, the relative improvement of using
ProaRT rather than OAS is only 11%, as seen in the lowest row of Table 23. This improvement is
lower than the 33% for the ‘5% growth’ and much lower than the 63% for the current situation.
Figure 36 shows the same tendency: the ProaRT (yellow bar) is almost the same height as the
OAS (blue bar) and the black line is slightly tilted. Furthermore, Figure 37 (i) and (ii) shows that
patients from all CPs wait longer than in the previous case, and that ProaRT’s improvements are
smaller (yellow and blue line are closer). The main conclusion for the second case is that as
‘demand’ grows, ProaRT is beneficial, but has a smaller impact on the current way of working
(11% compared to 33% of the current demand as seen in Table 23 and Table 22 respectively)
due to the tight use of capacity (demand/supply ratio of 94% and 98%).

Table 23 - Case 2b, Numerical results for a 10% growth in patients’ arrivals:

Weighted Care Plans Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
0AS [ 13420, 14989 ] 1.46 [ 4358, 4823 ] 1.46
ProaRT [11861,13399] 1.14 [3634,4089 ] 1.14
Improvement [1504,1646] 0.32 [708,751] 0.32
% Improvement [11%,11%] 22% [16%,16% ] 22%

*Expected access time measured as average of all patients and all CPs.
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5.3.3 Case 3: Working time

The third case we study deals with an important factor from the employees perspective:
the working time. We analyze the situation when the nominal working time is reduced (3a) and
increased (3b) by 2 timeslots. With respect to the number of timeslots considered
representative for the current situation, this represents a 5% change. For this case, the same
linacs, weekly arrival rates, and fractionation scheme from the current situation are used. We
now present the results for the situation where linac capacity is tighten or eased by reducing or
increasing the working time, respectively.

Table 24 - Case 3a, Numerical results for a 5% reduction in nominal working time:

Weighted Care Plans Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
[5323,5974 ] 0.78 [ 1874, 2075 ] 0.78
ProaRT [4184,4811] 0.50 [1336,1527 ] 0.50
Improvement [1109,1194] 0.29 [529,557] 0.29
% Improvement [20%,21%] 37% [27%,28%] 37%

*Expected access time measured as average of all patients and all CPs.

If there is a 5% reduction in nominal working time and OAS is kept as the chosen way of
working, there is an increment of 1580 access days and 4716 weighted-days from the current
situation. An interesting remark is that with this 5% reduction in timeslots, access times are
approximately twice as much as the ones from 5% increment in patients (see Table 24 and Table
22 respectively). If ProaRT would be implemented in this situation, the increment would be
about 20% lower than the one from OAS for the weighted OV. Similar improvements are
obtained for the un-weighted OV, as seen in Table 24. Just as when the ‘demand’ grows (case 2),
we observe that when capacity decreases ProaRT’s relative improvements are lower than the
ones from the current situation. Figure 38 shows this by the yellow bar not being much lower
than the blue one, and the black line not very steep. Moreover, Figure 39 shows the same pattern
observed in the previous case: ProaRT (yellow) line is able to significantly reduce the access
time of those CPs that have the largest average access time per patient in OAS (blue line).
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As expected, if there is a 5% increment in nominal working time (i.e. more capacity)
there is a reduction of 276 access days and 667 weighted-days from the current situation, when
using OAS as the way of planning. On the other hand, the expected OVs from Table 25 show that
if ProaRT is implemented in this situation, the access time is almost eliminated (i.e. reduction of
more than 90%). Furthermore, Figure 40 shows that not only the expected OV (black line) is
decreased, but also the entire distribution (yellow bar) is shrunk to almost zero. Figure 41(i) and
(ii) show that, even though the majority of CPs have very low access times per patient in OAS
(blue line), ProaRT is able to decrease all of them to an average of zero days (yellow line).

Table 25 - Case 3b, Numerical results for a 5% increment in nominal working time:
Weighted Care Plans \ Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
[257,277] 0.12 [115,124] 0.12
ProaRT [15,24] 0.00 [6,9] 0.00
Improvement [240,255] 0.11 [108,115] 0.11
% Improvement [92%,93% ] 97% [93%,94% ] 97%

*Expected access time measured as average of all patients and all CPs.
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Figure 41 - Case 3b, Access times for a 5% increment in nominal working time

The main conclusion we get from this third case is that the access-time performance is
more sensitive to a change in ‘supply’ (i.e. linac timeslots) than to a change in ‘demand’ (i.e.
number of patients). In case 2a there is a “total-fractions-per-year/capacity” ratio of approx.
94% and an expected weighted OV of 3011 (in OAS). In case 3a where there is a similar
demand/supply ratio of approx. 95%, the expected weighted OV is of 5649 (in OAS). These cases
account for approximately a 5% change, in the demand and supply respectively, but have a
different impact. The ratios of 94% and 95% should, intuitively, have a similar access time
function, not a large one as observed. We believe that, due to the linac constraints, the
performance is more sensible (i.e. the expected weighted OV increases or decreases more) to a
change in supply than to a change in demand. As mentioned earlier, in OAS a change in demand
had an expected weighted OV of 3011 while a corresponding change in supply had an expected
weighted OV of 5649. ProaRT, which always performs better than OAS in these cases, has
coinciding observations, supporting the previous conclusion.
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5.3.4 Case 4: 0ld linac replacement

The fourth case we analyze deals with the replacement of an old linac. The NKI-AVL has
one spare shielded-room which is continuously used for installing a new linac. Based on this
continuous update of technology, we study the replacement of the ‘oldest’ linac (B4 which dates
from 2003) with two possible replacement options: (4a) the oldest linac is replaced with the
‘latest’ type of linac (A2 from 2011) or (4b) the oldest linac is replaced with a ‘highly-capable’
type of linac (A1 which can treat 14 out of 16 care plans). For this case we consider the current
linac feasibility, the current number of timeslots and a 10% larger arrival rate (which was
previously studied in case 2b). We use this increment (which models a two year growth
approximately) in order to study the effect during the time when the ‘old linac’ would stop being
used and the replacement one would start. Furthermore, with all the aforementioned settings
we can study the effects that having, or not having, a certain type of linac can have on the access
time performance. We now present the performance under OAS and ProaRT when replacing the
oldest linac. In addition, we compare the performance to that of no replacement (i.e. case 2b).

If the ‘oldest’ linac (B4) is replaced with a linac of the ‘latest’ type (A2), there is an
increment of 743 access days (expected un-weighted OV) and of 5008 weighted days when
compared to the no-replacement situation (seen in Table 26 and previous Table 23). This
increment in OV is to be expected since a linac of the type of A2 can treat less care plans than a
linac of the type of B4. However, under the OAS way of planning, both the replacement and the
no-replacement situation have the same expected access time (measured as the average of all
patients and all CPs). This apparent ‘contradiction’ to the increment in the OV is due to a larger
number of care plans with similar, closer to average, access times rather than very low and very
high as in the no-replacement situation (case 2b). Now, with respect to the ProaRT way of
planning, just as the no-replacement situation, ProaRT performs better than OAS. Nevertheless,
when compared to the no-replacement situation, the relative improvement between ProaRT and
OAS is slightly higher in the weighted CPs than in the un-weighted version. This is the first case
in which we encounter this state of improvements, which is due to the linac feasibility and
demand. Figure 42 (i) shows that the slightly higher improvement of ProaRT in the weighted CPs
is paid with the ‘Mamma e- Group’ having an access time a little larger than in OAS, i.e.
performing worse. Although in Figure 42 (ii) the un-weighted CPs show a relative improvement
smaller than the weighted ones, all CPs perform better, or at least equally good, in ProaRT
compared to OAS. With this linac replacement, weights influence how ProaRT performs.

Table 26 - Case 4a, Numerical results for replacing B4 with an ‘A2-like’ linac and 10%

Weighted Care Plans

srowth in arrivals:
Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
[ 18320,20104 ] 1.45 [5082,5584 ] 1.45
ProaRT [15384,17129 ] 121 [4341,4834 ] 121
Improvement [2873,3038] 0.24 [724,768] 0.24
% Improvement [15%,16% ] 16% [14%,14% ] 16%

*Expected access time measured as average of all patients and all CPs.
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Figure 42 - Case 4a, Access times for replacing B4 with an ‘A2-like’ linac and 10% growth in arrivals
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If the ‘oldest’ linac (B4) is replaced with a linac of a ‘highly-capable’ type (A1), the
expected OVs for the OAS are equal compared to those when replacing with the ‘latest’ type (as
seen in Table 27 and previous Table 26). In the OAS way of planning, both types of replacement
similarly increase the OVs, making it better to not replace the ‘oldest’ linac at all. However, when
ProaRT is used as the way of planning in the simulation, results show the same state of
improvement of the previous linac replacement, but in a larger scale. In all previous cases,
ProaRT’s relative (percentage) improvement was higher in the un-weighted CPs than in the
weighted situation. In this ‘linac replacement’ case, the opposite occurs due to the linac
feasibility (i.e. it is the only factor that differs from previous cases). Figure 43 (i) shows that for
the weighted OV, ProaRT has a higher improvement (lower yellow bar and steeper black line on
the left) than for the un-weighted OV in Figure 43 (ii). Once again, ProaRT’s higher improvement
comes with the price of the ‘Mamma e- Group’ having a much worse access time than in the OAS,
for the weighted CPs, as seen in Figure 44 (i). A discussion on why this CP is the one whose
access time is deteriorated is presented further in this chapter, in Section 5.4. On the other hand,
for the un-weighted situation, ProaRT is able to lower all access times below their level in OAS.

Table 27 - Case 4b, Numerical results for replacing B4 with an ‘A1-like’ linac and 10% growth in arrivals:
Weighted Care Plans

Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
[18320,20104 ] 1.45 [5082, 5584 ] 1.45
ProaRT [ 13336, 14883 ] 1.28 [ 4341, 4835 ] 121
Improvement [4935,5270] 0.17 [ 723,767 ] 0.24
% Improvement [26%,27%] 12% [14%,14%] 16%

*Expected access time measured as average of all patients and all CPs.
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Figure 43 - Case 4b, Objective values for replacing B4 with an ‘A1-like’ linac and 10% growth in arrivals
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Figure 44 - Case 4b, Access times for replacing B4 with an ‘A1-like’ linac and 10% growth in arrivals

Finally, in this fourth case, we see how ProaRT can be of support when choosing which
linac should replace another one. ProaRT can show differences performance differences that
other calculation methods cannot. For instance, in Table 26 and Table 27 we see the same values
for the OAS row, showing no difference between linacs A2 and Al respectively. In the same
tables, if we observe the ProaRT row, we do see a difference. What is more important, we
observe that for some linac feasibility and demand characteristics, the weights of the care plans
influence how much of an equity benefit (for all CPs) ProaRT can achieve. Although A1 performs
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better than A2 in terms of the weighted objective value, we observe in Figure 44 (i) that there is
one CP whose access time worsens. Nevertheless, if the weights are assumed to be correct (and
the relative access times to be medically possible) then it can be argued that Al is a better
candidate than A2 to replace B4 due to the differences observed with the ProaRT method.

5.3.5 Case 5: New linac acquisition

In this fifth and last case, we analyze the situation of expanding the capacity. Strictly
speaking, acquiring a new linac expands the capacity by 1/8 or 12.5%. However, this new
capacity cannot be used by all care plans due to the linac constraints. Similar to Case 4, we study
acquiring two types of linacs: the first one (5a) is a linac of type A2, the ‘latest type’ and the
second one (5b) is a linac of type B3, a ‘highly-capable type’. Since the new linac means more
capacity, increment the demand as well. We study the performance considering a 20%
increment in the arrival rates for all care plans in order to observe access times that are
significant enough to show differences between the two linacs in question. All other settings
remain the same. With this increment in both capacity and demand, the “total-fractions-per-
year/capacity” ratio is of approximately 95%, similar to that of case 2a and case 3a. We now
present the performance under OAS and ProaRT when acquiring a new linac.

We begin by analyzing the case when the 9t linac is of the type of A2. In line with the
growth in the number of patients that arrive per year, the expected OVs (which are defined as
the yearly sum of all patients of all care plans) in this case are larger than in the previous cases
2a and 3a, which have similar demand/supply ratio, as seen in Table 28. When considering the
individual care plan’s access time, Figure 46 (i) and (ii) show that the expected access times are,
in general, of similar magnitude and pattern (i.e. some care plans half of the average, some more
than twice) as in the previous cases with the same demand/supply ratio. This means that with a
9th linac of the type A2, the situation is more of a larger instance of previous ones, rather than a
different one. Just as the previous cases, ProaRT performs better than OAS in both weighted and
un-weighted situations, with similar relative (percentage) improvements.

Table 28 - Case 5a, Numerical results for adding a 9th linac of the type of A2 and 20%

Weighted Care Plans

srowth in arrivals:
Un-weighted Care Plans

Expected Access Time (days) for weigted OV

E[Wov] E. Access Time* E[Uov] E. Access Time*
[6357,7010] 0,68 [2069,2259] 0,68
ProaRT [4226,4844 ] 0,38 [1267,1447] 0,38
Improvement [2102,2196] 0,30 [794,820] 0,31
% Improvement [31%,33%] 45% [36%,38%] 45%
*Expected access time measured as average of all patients and all CPs.
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Figure 45 - Case 5a, Access times for adding a 9th linac of the type of A2 and 20% growth in arrivals

When the 9thlinac is of the type of B3, the expected OVs in the OAS way of working are
much lower than when the 9t linac is of the type of A2, as seen in Table 29. Furthermore, the
overall expected access time (average) also decreases and each individual care plan’s expected
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access time is closer to the average, as seen in Figure 46. In this case, we do observe a change in
magnitude and pattern of the expected OAS access time when compared to case 2a and 3a. The
reason for this case to have the lowest expected OAS access time (of all cases whose
fraction/demand ratio is 95%) is that the new linac is able to treat almost all care plans (15 out
of 16), allowing the increment in linac capacity to be accessible to almost every patient. On the
other hand, this case is also the one where ProaRT improves the least the expected OVs (relative
to OAS). There is a smaller difference, compared to other cases, between the two ways of
working if B3 is chosen (e.g. expected improvement between 5% and 6% in the weighted CPs as
seen in Table 29).

Table 29 - Case 5b, Numerical results for adding a 9t linac of the type of B3 and 20% growth in arrivals:

Weighted Care Plans Un-weighted Care Plans
E[Wov] E. Access Time* E[Uov] E. Access Time*
[3837,4437] 0,40 [1245,1422] 0,40
ProaRT [3607,4201] 0,31 [1067,1239] 0,31
Improvement [204,261] 0,09 [172,190] 0,09
% Improvement [5%,6%] 23% [13%,14%] 23%
*Expected access time measured as average of all patients and all CPs.
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Figure 46 - Case 5b, Access times for adding a 9t linac of the type of B3 and 20% growth in arrivals

Finally, if we were to choose considering OAS as the way of working, the clear choice
would be B3. If we were to choose considering ProaRT, the decision would have to be done more
carefully and with other considerations, since both linacs access time performance is similar
under this way of working. In the theoretical experiments when developing ProaRT, we found
that the more constrained a RT department is (i.e. the fewer care plans the linacs can treat), the
higher the impact of changing from OAS to ProaRT. In this specific case, ProaRT decreases the
access times (with respect to OAS) much more in linac type A2 (which can only treat 4 out of 16
care plans) than in linac type B3 (15 out of 16). The main conclusion in this case is that with
ProaRT, two different linacs (one which can treat a few and other which can treat almost all)
perform similarly well, thus enabling the decision maker to include and focus on other
considerations (such as costs) for the decision.

5.4 Discussion

The general goal of this chapter was to look at a small number of practical situations and
examine what benefits could planning the linac capacity in-advance through the ProaRT method
have. The general benefit that ProaRT has, in all cases from this chapter, is the significant
reduction of the expected objective value, which is the sum of all (weighted) access times of all
patients in a year. Depending on the case, these reductions can be large or small (when
compared to the current way of working, or OAS). However, when examining the cases from
other perspectives and looking into the detail of the results, we observe patterns that pose new
questions about the behavior of the performance, in both OAS and ProaRT. In this section we
briefly discuss some of these observations and try to answer some of the rising questions.
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5.4.1 Importance Factors (Weights)

In all cases from this chapter we present the results of the current importance factors (or
weights), seen in Table 18, and which stand for the ‘weighted CPs’. In addition, we present the
results when all importance factors are set to one, meaning the OV is directly the expected sum
of all access days of all CPs, per year (un-weighted CPs). The current way of working, OAS, does
not make use of these importance factors, although in reality preferences are done according to
them. In the results of the different cases, it is only ProaRT which is influenced by the ‘weighted’
or ‘un-weighted’ CPs. In all cases but one (case 4), ProaRT has a higher relative improvement (in
the expected OV and with respect to OAS) for the ‘un-weighted’ care plans compared to the
‘weighted’ ones. It seems as if better results (for everybody) are obtained if all care plans are
equally important rather than differentiated. However, case 4 reveals that this conclusion
depends in the linac feasibility and the demand of RT treatments. To illustrate this we will take
as an example case 5a (which showed that ProaRT improved more the ‘un-weighted’ CPs). When
adding a 9t linac of the type of A2, but a 30% growth rather than a 20% one, we observe totally
different results:

Table 30 - Discussion about weights, numerical results for example situation:
Weighted Care Plans Un-weighted Care Plans

E[Wov] E. Access Time* E[Uov] E. Access Time*
[171396, 177145 | 10,70 [ 48895, 50536 | 10,70
ProaRT [103017,107501 ] 8,90 [ 46087 ,47685 ] 10,17
Improvement [67572,70451] 1,80 [2744,2916] 0,53
% Improvement [39%,40% ] 17% [6%,6%] 5%

*Expected access time measured as average of all patients and all CPs.
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Figure 47 - Discussion about weights: access times for example situation

In this example situation, average demand (patient-type and fractionation-scheme)
slightly exceeds supply. From Queuing Theory we know that access times grow infinitely large in
this situation. However, since access times are measured for a patient (not the individual
fractions which are counted as units of demand) and we consider the average of one year of
data, access times do not appear to be infinite, as seen in Table 30. Although this situation would
immediately be tackled in reality by increasing capacity, we discuss it to show an extreme
situation in the relation between ProaRT and the CPs importance factors (weights). We observe
that ProaRT is able to reduce the OVs and the expected access time significantly more in the
weighted care plans than in the un-weighted ones. Nevertheless, this comes with a very high
price. Figure 47 (i) shows that all care plans’ access time (but one) is reduced in the weighted
situation. The one that is not reduced (‘Prostaat’) is more than doubled, since it is ‘cheaper’ to let
them have longer access times than the ‘expensive’ care plans (e.g. Botmetastasen Group). This
is understandable since ProaRT’s objective is to minimize the expected weighted sum of access
times per year. Strictly speaking, ProaRT achieves its objective; however, the solution is not
desirable since the expected access time of one care plan is just unacceptable. Furthermore, in
this example situation, having un-weighted care plans is a better solution, but by no means
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perfect. Figure 47 (ii) shows some care plans whose access time is lower in ProaRT, but also
shows that the ‘Mamma e- Group’ access time in ProaRT is larger than in OAS. With this example
we show that the importance factors determine how much will ProaRT improve the performance
with respect to OAS and also how realistic is the solution. Although the situation in this example
is not encountered in the majority of cases we study (and hence won’t be noticeable in the
medium-term future), the implementation of ProaRT in the NKI-AVL should keep in mind the
criticality of the weights for the method’s solution.

5.4.2 Care Plans - Linac Feasibility

The second discussion point deals with how many linacs are able to treat a care plan.
This discussion point arises because, in all cases studied, some care plans appear to always have
larger access times than others. To illustrate this discussion point, we will take as example the
current situation and an increase in demand (cases 1 and 2 respectively). Figure 48 shows the
expected access times for the 16 care plans, where the care plans are ordered in a non-
decreasing number of feasible linacs. The general pattern, for the three charts, is that access
times decrease as the number of feasible linac increases, which is reasonable since a patient has
more linacs to go to. However, the care plans with 3 feasible linacs have both large and low
access times when compared to all other care plans. More into detail, Figure 48 shows that the
differences between care plans with 3 feasible linacs are larger (almost 2 days) in the case
where there is 10% growth. The 3-feasible-linacs care plan with the lowest access time is the
‘Mamma e- Group’, and the longest one is ‘Anus+/-Liezen’. Although they both have 3 feasible
linacs, the ‘Mamma e- Group’ can go to linacs that have a low number of feasible care plans, and
the ‘Anus+/- Liezen’ can go to 3 linacs that can treat almost all other care plans. Hence, there is a
larger probability of the latter 3 linacs to be full, compared to the first ones.
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Figure 48 - Detailed view of access times per number of feasible linacs

As seen in cases 4 and 5, and now as illustrated in the previous figures, the linac
feasibility is a factor of considerable effect on the behavior of access times, i.e. which care plans
waits longer or shorter time. Although ProaRT can be used to cope with this effect of the linac
constraints, the linac feasibility and the care plan demand should be carefully studied for long
term decisions (as those from cases 4 and 5).

5.5 Implementation

The ProaRT method is a tactical planning method that has to be used at the beginning of
every mid-term horizon (e.g. 6 months, 1 year). The output of this methods is a table which is
used in the day-to-day scheduling of patients (for the mid-term horizon) as follows: all patient’s
daily fractions are planned on the earliest available linac that (1) has less than the number of
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maximum patients (given by the ProaRT table) planned and that (2) has the least number of
total planned patients. After the mid-term horizon passed, the method must be executed in order
to obtain a new table. In addition, to achieve the benefits of the ProaRT’s output, whenever the
linac feasibility constraints changes (e.g. new treatments, new equipment, etc.) or whenever
there is a significant change in demand (i.e. not due to the normal variation alone) ProaRT
should be executed. As explained by van Lent et al (2012), conditions for a successful
implementation are related to technical (e.g. data availability, quality of data, simplicity of
model, etc.) and process quality factors (e.g. commitment from the user, communication
between stakeholders, realistic expectations, etc.). In the NKI-AVL, data availability is not an
issue, since an electronic database (MOSAIQ) is kept. Furthermore, ProaRT was programmed as
a stand-alone executable file that reads text files (see Appendix 13) which can be generated by
MOSAIQ. In addition, all technical factors have been validated and verified with experts from the
process and the model has been kept simple to maximize the chance of implementation. On the
other hand, planning according to the ProaRT table represents a change (even though small) in
the current way of working, and thus requires involvement of the planners. We believe
implementation is possible without major efforts or investments at all.

5.6 Summary

In this chapter we analyzed how ProaRT would perform for practical situations, i.e. real-
life cases rather than theoretical ones. The different situations, or cases, are based in the NKI-
AVL, its characteristics and motivations. We consider the current way of planning at the NKI-
AVL to be OAS. For each situation we test for a weighted and an un-weighted circumstance. In
the un-weighted one, all CPs are assumed to have an importance factor of 1, meaning that all
patients are equally “important” or urgent for starting treatment. The main observations of this
case study experiments are:

e Currently, access times from the linac capacity are low: 0.24 days on average for all
patients of all CPs. Nevertheless, ProaRT is able to reduce this to 0.05 days (81%). As
demand grows (increment in the number of patients that arrive per week), access times
also grow and ProaRT’s relative improvements reduce. For a 5% and 10% growth in
number of patients, ProaRT can reduce access times 54% and 22% respectively.

e Comparing two cases (2a and 3a) we observe that the access-time performance is more
sensitive to a change in ‘supply’ (i.e. linac timeslots) than to a change in ‘demand’ (i.e.
number of patients). In case 2a there is an increment of 5% in the demand. In case 3a
there is a reduction of 5% in the supply. In both cases there is a demand/supply ratio of
approximately 95%. The expected weighted OV (through OAS) is larger in the change in
supply (5649) compared to the change in demand (3011). We believe the change is due
to the linac constraints, but further research is necessary to determine if it is not an
approximation effect. ProaRT, which performs better than OAS in both cases, has
coinciding observations, supporting the previous conclusion.

o The general pattern of the CPs’ access times observed in this case study is that they
decrease as the number of feasible linacs increase. However, CPs with 3 feasible linacs
are the exception, having in some cases both the largest and the lowest access times of all
CPs. The 3-feasible-linacs care plan with the lowest access time is the ‘Mamma e- Group’,
and the longest one is ‘Anus+/-Liezen’. Although they both have 3 feasible linacs, the
‘Mamma e- Group’ can go to linacs that have a low number of feasible care plans, and the
‘Anus+/- Liezen’ can go to 3 linacs that can treat almost all other care plans. Hence, there
is a larger probability of the latter 3 linacs to be full, compared to the first ones. When
using ProaRT as the planning method, this pattern is less noticeable compared to OAS,
but still present.
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In this chapter we summarize the main findings of all previous chapters. We begin by
reviewing the objective and motivation with which we worked on this thesis in Section 6.1.
Then, in Section 6.2 we briefly outline the answer for each of the research questions posed in the
introductory chapter. Finally, in Section 6.3 we provide ideas and directions for future research
within the linac capacity planning.

6.1 Thesis Goal

The radiotherapy (RT) process is a complex one, especially when it is done at
comprehensive cancer center such as the NKI-AVL. From the entire RT process, our focus was on
the linear accelerators (linacs) and the categorized patients that receive treatment from them. In
a comprehensive cancer center, new technologies and treatments restrict which linac can treat
the different categories of patients. This characteristic, in combination with the uncertainty in
the arrival of patients and the different urgencies patients have to begin treatment led us:

Research Goal: |

To develop a tactical planning and control methodology for the allocation of
linac capacity of a radiotherapy process, to categorized patients, that minimizes
the access time of the different categories and maximizes the number of patients
treated while taking all process constraints and characteristics.
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6.2 Research Answers

Throughout the thesis, an analysis of the RT process at the NKI-AVL, a review of scientific
literature, a number of theoretical experiments and a case study helped us developing a
methodology that fulfills the goal seen in the previous section. Proactive linac capacity planning
with the ProaRT method has been shown, through a series of research questions, to be helpful in
preventing delays in the start of radiotherapy. In this section we present the main conclusions
we obtained for each question.

1. What is the current situation of the radiotherapy linac capacity and its demand at the

NKI-AVL?

Radiation therapy in the NKI-AVL is given using the latest forms of treatments and
different, state-of-the-art linacs. Due to the nature of the treatments, and the technology of the
linacs, some of them can only treat some patients. There are currently 8 linacs for daily
treatments and 1 backup device. Around 95 new patients arrive per week, for a total of more
than 4500 per year. Each patient is categorized into a care plan (CP), which determines his or
her fractionation scheme. Depending on the CP, a patient can receive from 1 up to 35 daily
fractions of radiation. After doing statistical analyses on the electronic database from the
department, we concluded that demand (defined as the combination of patient-type and
fractionation-scheme) currently requires around 89% of the capacity. Moreover, 16 out of more
than 40 CPs account for 80% of the new patients and 90% of the fractions delivered per year.
Also, on average a patient can go to 5 out of 8 linacs, but it can vary from 2 up to 7. After
interview and meetings with staff from the department, we concluded that there are priorities
when scheduling the patients. In addition, the performance (in terms of access times and
utilization) is within acceptable levels.

2. What factors and quantitative methods are relevant for planning the radiotherapy linac

capacity?

From all the analyses of the current situation of the linac capacity and demand at the
NKI-AVL, we concluded the most relevant factors were the linac constraints and the uncertainty
in the arrival of patients. More important, with the insights obtained in Research Question 1, we
defined the LCPP and defined which literature would be relevant to review. After a short study
of scientific literature about planning the RT linac capacity, we concluded that there was a gap
between the strategic studies (which in this case are usually medical oriented and do not include
any logistical consideration) and the operational studies (which usually do not include
information about the process uncertainties (e.g. future patients). ‘Look-ahead’ techniques, such
as the ones from tactical planning, were used as indication and suggestion by several authors.
Furthermore, we derived guidelines as to which quantitative methods were applicable in the RT
process (considering all factors and characteristics), from literature on similar processes in
healthcare and manufacturing businesses. From the examples studied, we concluded that a
single approach (such as mathematical programming or Markov decision processes) is not able
to incorporate all necessary factors for tackling the planning problem. Also from the examples,
we observed several forms of ‘look-ahead’ techniques, with the one common aspect of in-
advance allocation of capacity to categories (of patients or products) rather than individuals.
Allocation of capacity at this level showed the benefit of simplifying the scheduling while
attaining the planning objectives of higher levels.
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3. What is a useful planning method for radiotherapy linac capacity with NKI-AVL'’s

characteristics?

Based on the guidelines from Research Question 2 we mathematically modeled the LCPP
and developed a solution method which we call ProaRT. To achieve the objective of the LCPP,
ProaRT determines, in advance, the maximum linac capacity that can be used by a category of
patients per day. This proactive allocation can be considered as a planning table that gives a
threshold on the number of patients, from each category, which can be treated on every linac on
any given day. ProaRT constructs this table via a simulation-and-heuristic approach. In
accordance to the examples of Research Question 2, the heuristic approach handles the
problems characteristics (e.g. linac constraints, daily fractions of radiation, etc.) and the size of
relevant instances (as seen in the data analyses from Research Question 1). The simulation part
of the approach handles the uncertainty in the arrivals and the mid-term horizon (for in advance
tactical planning). Besides the theoretical guidelines with which ProaRT was built, we carried
out a number of theoretical experiments to test the “usefulness” of the method with respect to
theoretical (NKI-AVL based) characteristics. The theoretical experiments show that ProaRT
significantly achieves lower weighted access times compared to OAS, which is a typical way of
working of hospitals and the current way of planning the linac capacity at the NKI-AVL.
Depending on the theoretical circumstances, ProaRT could achieve weighted access times that
are up to 90% lower than the ones from OAS. In addition, we observed in our theoretical
experiments that as the relevant factors from Research Question 2 (the linac constraints and the
uncertainty in the arrival of patients) became ‘critical’ (e.g. patients can be treated in only 50% of
the linacs the arrival of 20% of the patients account for 80% of the fractions) the impact of
ProaRT (planning in advance) was higher, i.e. weighted access times were between 8% and 39%
lower when having a tactical plan (via ProaRT) than when not having it (using OAS only).

4. What would be the benefits of implementing the proposed planning method for the NKI-

AVL?

To analyze the benefits that implementing ProaRT in the NKI-AVL would have, we do a
series of experiments (and simulations) of practical (real-life based) situations. Each situation,
which we label as a case, uses input data about the current and future linac capacity and demand
at NKI-AVL. Benefits from all care plans perspectives are reviewed. Overall, ProaRT performs
better in terms of objective function and individual access times than OAS, which is the current
way of planning the linac capacity at the NKI-AVL. In the current situation, access times (due to
the linac capacity and OAS) are low: 0.24 days on average for all patients of all CPs. In this
situation ProaRT is able to reduce this indicator to 0.05 days (81%). However, as demand grows
(increment in the number of patients that arrive per week), access times also grow and ProaRT’s
relative improvements reduce. For a 5% and 10% growth in number of patients, ProaRT can
reduce access times 54% and 22% respectively. With respect to each individual CP, in most
cases ProaRT reduces, or at least not increases, the access times in a similar manner. However,
there are cases, such as replacing B4 with an ‘Al-like’ linac and 10% growth in arrivals, where
ProaRT decreases the average access time over all CPs, but increases one (individual) CP’s
access time almost twice as much from its original value (in OAS). Another important remark is
that in OAS, a general pattern of the access times is observed. In OAS, access times decrease as
the number of feasible linacs increase. However, CPs with 3 feasible linacs appear to be the
exception. In some cases, the 3-feasible-linacs CPS have both the largest and the lowest access
times of all CPs. When using ProaRT as the planning method, an additional benefit is that this
pattern is less noticeable, thus leveling all CPs access times (i.e. equity objective).

Finally, the research done in this thesis demonstrates the advantages of planning the
linac capacity in advance. More specific, this research shows that allocating a maximum capacity
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for each care plan in each linac significantly improves the access time of patients when the linacs
are constrained and there is an uncertain arrival of patients. Nonetheless, there are still
opportunities for more comprehensive models and improved approaches, as seen in the
following section.

6.3 Further Research

While answering the research questions, new ideas arose and further questions
appeared. In this section we briefly summarize the ideas that have been earlier discussed. We
categorized them into two areas of interest: (1) research for the NKI-AVL and (2) research for
ProaRT’s extensions and improvements.

6.3.1 Research for the NKI-AVL

After carrying on both theoretical and practical experiments, we came with ideas of
further research for the NKI-AVL, which can have an impact in accordance to the observations
made in the experiments. For instance, further research can be carried on the ‘feasibility’ of a
linac treating a certain care plan. In the ideal world, all patients would be able to go to all linacs,
but in reality this is far from true as technologies and human experience are different, and
critical, for the success of radiotherapy. Currently, the Clinical Physics and Instrumentation is
working on a project of delivering filter-free irradiation. Achieving this project’s goal would be of
great help, since more linacs would be able to deliver the same treatments, and from the insights
of this case study, lower access times would be attained. Furthermore, in the analysis of the
current linac situation we observed a differentiation of the ‘ideal’ and the ‘technically feasible’
linacs per CP. Further research can be done on how to choose which ‘technically feasible’ linacs
to promote to ideal, or vice versa. These aforementioned research ideas have a logistical impact,
but are in the technical and medical domain. Research ideas in the logistics domain can be, for
instance, researching about the constraint that a patient should be treated in the same linac for
the entire fractionation-scheme. This doesn’t necessarily mean plan every fraction in any linac,
but rather than just using one, perhaps using two can improve the access times. If moving linac
is allowed, then it might be interesting to research how to schedule the maintenance inspections
and patients’ fractions together. At last, but surely not at least, further research on the tactical
(in advance) planning of other resources in the RT process (such as CT scanners, contouring
personnel, etc.) can be done such that the entire chain of the process is optimized. This thesis
serves as an example on how this kind of planning can be beneficial to attain performance goals.

6.3.2 Research for ProaRT’s extensions and improvements

From the literature, the modeling and the experiments, we developed several ideas for
future research, both in extensions and improvements of the ProaRT method. Examples of
research for extensions include researching the way to incorporate (change) the current
assumptions (e.g. same fractionation-scheme for all patients of a category, the discretization of
linac capacity in timeslots, etc.). Another extension, in the interest of different stakeholder’s
perspective, is researching how useful it is to modify the objective function. From the
experiments we see cases where some care plans are benefited by ProaRT while some others are
not. This brings us to the idea that, if a more equitable access is desired, a term for equity in the
objective function or a squaring of the access time variable can be researched upon. Another way
for achieving this desire, without modifying the objective function, might be introducing some
extra-constraint such as the maximum access time a patient can wait before “cancelled”. With
respect to the further research on the tactical (in advance) planning of other resources in the RT
process (such as CT scanners, contouring personnel, etc.) research can be done to find a way of
including these resources in the ProaRT method, or in developing a larger approach that can
incorporate ProaRT.
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ProaRT is a parameterized simulation-based meta-heuristic whose results depend on the
chosen input parameters. For this thesis, a simple numerical search was used to tune these
parameters for the NKI-AVL problem settings. However, in the scientific literature there exist
methods for optimal learning and simulation optimization that can provide a base to develop a
‘tuning’ algorithm for ProaRT’s input parameters. With such a tuning algorithm, ProaRT can be
guaranteed to deliver the best results possible, independent of the problem settings.
Furthermore, ProaRT is a method that can be applied to different forms of operational
scheduling, as long as they can have the maximum linac allocation constraint. Further research
on scheduling heuristics (such as the balanced workload scheduling) can be done to achieve
larger improvements.
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Glossary

In this Glossary we present a list of acronyms, medical and logistical terms used throughout this
thesis along with their short explanation.

Access Time

Arrival Rate

Capacity

Care plan (CP)

Category

Cone-Beam CT
(CB-CT)

cT
EPID

Ideal Linac-CP

relationship

Fraction

Instance

Linac

Linac Capacity

Metastatic
Cancer

Time that a patient has to wait to begin treatment. In the context of this
thesis, the access time is the time in days between the end of the pre-
treatment phase and the beginning of the fractions.

Rate with which patients arrive to receive treatment, measured in number of
new patients of a CP per unit of time (e.g. 25 bone-metastasis patients per
week).

See linac capacity.

Term used to define the type of cancer a patient has and the type of
radiotherapy that will be used. It defines how many fractions will a patient
receive and which linacs can execute these, among other characteristics.

See care plan.

Technique for high precision radiotherapy developed in 2004 by the NKI-
AVL (The Netherlands Cancer Institute, 2006b). It allows more effective
doses on cancerous tissue, while allowing healthy tissue to be less damaged.
It uses low-energy X-ray tubes in addition to a silicon flat panel imager. By
2006, 20 linacs around the world had adopted this technology.

Computed Tomography

Electronic Portal Imaging Devices

The ideal relationship between a linac and a CP denotes that both, technical
configuration of the linac and experience of the radiation therapists with a
CP, make it preferable to treat that CP in that linac.

Session of radiation treatment of a patient.

An instance is a specific realization of a stochastic input variable(s) from a
problem. In the context of this thesis, a problem instance is a random set of

patients ready to receive RT.

Linear Accelerator: Machine that accelerates subatomic particles that are
used to deliver radiation treatment to a cancer patient.

The linac capacity is the amount of fractions a linac can deliver. In the context
of this thesis, the linac capacity is the amount of timeslots available per linac.

Cancer that has spread from the place where it first started to another place
in the body.
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MRI
PET

Problem
Instance

Problem
Settings

RT

Settings

Technically
Feasible
Linac - CP
Relationship

Magnetic Resonance Imaging.
Positron Emission Tomography.

See instance.

See settings.

Radiotherapy: the use of high-energy radiation to treat cancer.

The settings are all the general input parameters of a problem. In the context
of this thesis, problem settings are all the parameters of the LCPP described
in Section 4.2, i.e. number of CPs, linacs, fractions per CP, etc.

The technically feasible relationship between a linac and a CP denotes that all
the technical radiation parameters from a CP can be configured in a linac, but
the staff does not have the experience to treat the CP, and hence is not ideal
to plan the patient there.
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1. NKI-AVL'’s Care Plan Information

Sl Percentage Percentage | Feasible
Dev. ) Avg. - .

Pat per Pat. Per Fractions of Total of Total Linacs
Per. Patient- ' Per Year New Fractions

Average
New
Pat. Per
Week

Fractions
Care Plan Name

Year

Course Patients Per Year
Week

*These care plans are combination of various logistically identical sub-care plans.

All information of this table was obtained from the MOSAIQ database “Master Mini-DB” for the year 2011 and the first quarter of
2012. The data was filtered to only Site number 1 and Machines different from “Brachy”. All courses and patients are considered.

Appendix 1 - Relevant Care Plan Information
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2. Ideal (X) and Technically Feasible (T) Linacs per CPs

S

Care Plan Name Al A2 A4 A5 Bl B2 B3 B4 Bs odl ‘ Total

X T

O OO UT D WN -
'
'
'
'
'
'
'
'
'
'
'
'

*These care plans are combination of various logistically identical sub-care plans.

Information is based on the latest version (63) of the ‘Logistiek Overzicht’ and the care plans selected from

Appendix 1. The X’ represents a linac that is ideal or preferred for treating a CP, and a ‘T’ represents a linac that can be technically
configured to deliver a fraction of radiation for a CP

Appendix 2 - Linacs’ Feasible (X) and Technically Possible (T) CPs
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3. Percentage of Patients treated in linacs per CP

S

Care Plan Name Al A2 A5 B1 B2 B3 B4 B5

O OO UT D WN -
'
'
'
'
'
'
'
'
'

*These care plans are combination of various logistically identical sub-care plans.

All information of this table was obtained from the MOSAIQ database “Master Mini-DB” for the year 2011 and the first quarter of
2012. The data was filtered to only Site number 1 and Machines different from “Brachy, A3 and A4”. All courses and patients are
considered. Differences with the linacs capable of treating can be found due to special treatments for patients of a CP.

Appendix 3 - Percentage of patients assigned to a linac from all patients from a CP
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4. CP Fractions delivered per linac

S

Care Plan Name Al A2 ) B1 B2 B3 B4 B5

O OO UTLH WN -
'
'
'
'
'
'
'
'
'

*These care plans are combination of various logistically identical sub-care plans.

All information of this table was obtained from the MOSAIQ database “Master Mini-DB” for the year 2011 and the first quarter of
2012. The data was filtered to only Site number 1 and Machines different from “Brachy, A3 and A4”. All courses and patients are
considered. Differences with the linacs capable of treating can be found due to special treatments for patients of a CP.

Appendix 4 - Fractions of a CP delivered by a linac



84 | Appendix

5. Arrival analysis of the 16 largest CPs

With a Chi-Squared Test, we examined the weekly arrivals of the 16 largest from the MOSAIQ database “Master Mini-DB” for the year
2011 and the first quarter of 2012 (n = 65). The data was filtered to only Site number 1. With a 95% confidence we do not reject
that the arrival of a CP follows a given distribution marked with an “X”:

Care Plan Name Normal Poisson Gamma
1 Prostaat X - X
2 Mamma Breath Hold* - - -
3 Mamma e- (Okselregio/Parasternaal)* X X -
4 Long > 44 Gy - - X
5 KNO - X -
6 Mamma* X - X
7 Rectum / sigmoid - X -
8 Prostaatloge - - -
9 Hersenen - X -
10 Oesophagus - X -
11 Botmetastasen* X X X
12 LongAP/PA X X X
13 Cervix/Endometrium/Uterus/Ovarium - X -
14 Hersenen 2vs X X X
15 Anus +/- liezen - X -
16 Blaas - X -

The following table shows the test statistic 22 for (A) Sturge’s rule (table value of 2,45 = 14.07) and (B) Square-Root Rule (table
value of y3o45 = 15.51) for interval estimation. In this goodness-of-fit test, the null hypothesis H,, states that the difference between
the observed frequencies and the theoretical expectations (from a given distribution) is not significant. If $* < y2,_, we conclude
the differences are probably due to chance alone.

Care Plan Name Normal Poisson Gamma
A B A B A B
1 Prostaat 6.31 11.62 32.49 28.62 10.14 18.39
2 Mamma Breath Hold* 15.88 15.77 47.78 46.36 46.27 50.33
3 Mamma e- (Okselregio/Parasternaal)* 10.43 17.09 22.05 381 19.86 35.95
4 Long > 44 Gy 46.11 33.50 75.46 21.10 30.20 12.29
5 KNO 16.33 43.47 7.98 6.95 23.09 55.05
6 Mamma* 14.02 25.67 12744 133.41 7.34 9.78
7 Rectum / sigmoid 42.48 63.95 5.76 576 42.88 62.50
8 Prostaatloge 44.88 59.18 36.50 46.40 28.20 36.24
9 Hersenen 63.85 85.86 3.77 3.77 31.39 31.43
10 Oesophagus 70.13 70.44 42.95 1.35 81.88 7291
11 Botmetastasen* 4.11 4.95 7.82 29.58 3.98 11.55
12 Long AP/PA 6.63 21.18 6.53 6.53 3.61 12.70
13  Cervix/Endometrium/Uterus/Ovarium 93.69 119.02 0.47 36.56 7592 116.54
14  Hersenen 2vs 14.59 10.51 5.26 8.15 11.18 14.47
15 Anus +/- liezen 12690 163.83 2.78 29.75 5842 91.79
16  Blaas 88.94 101.62 38.70 3.87  64.33 60.13

Discussion about the test:

The x? statistical estimator works better asn — oo. The
sample size cannot be extended, since the CPs have changed
over the last years. Law (2007) recommends at least 3
intervals and a theoretical number of observations in each
interval of at least 5. The theoretical number is dependent on
the sample size, and hence our small sample size limits us from
more accurate results. Nevertheless the test is used to get an
indication about the statistical distribution of the arrivals.

At last, we decide to use a Poisson distribution in our ProaRT
tactical model because it is an ideal discrete distribution to
describe arrivals (rates) that are independent from each other.

Number of Weeks In the Range

Histogramvs. Density Overplot for CP 1

25

20

15 9 = Observed

=Normal*
10 Exponential
= Poisson

Gamma*

153 345 456

6-7,5

7,59 9-10,5 10,5-13

New Patients Per Week

Graphical example of the y? test for the ‘Prostaat’ CP.

Appendix 5 - Arrival analysis of 16 largest CPs
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6. Framework for Healthcare Planning and Control by Hans et al.

Hierarchical Decomposition

Managerial Areas

Resource Capacity

Operational

Operational

Medical Planning ; Materials Planning  Financial Planning
Planning
Case mix pl.anmng, Investment plans,
Research, capacity . . .
. L Supply chain and contracting with
development of dimensioning, . :
. warehouse design insurance
medical protocols workforce .
. companies
planning
Treatment qud{ plann.m.g, Supplier selection, Budget and cost
selection, staffing, admission . .
. : tendering allocation
protocol selection planning
D1agn951s and Appomtn'lent Materlallls DRG billing, cash
planning of an scheduling, purchasing, flow
individual workforce determining order analvsis
treatment scheduling sizes y
Triage, diagnosing Monitoring, Rush ordering, Billing
emergencies and emergency inventory complications
complications coordination replenishing and changes

Appendix 6 - Example of Framework for Healthcare Planning and Control applied to a general hospital by

Hans et al. (2012)
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7. Mathematical Notation in LCPP Formulation and ProaRT Method

[ g9 Categories (care plans)

M m,m' Machines (linear accelerators).

D d,d Days in the planning horizon (D c N).

T t,t' Timeslots a machine can work during a day (7" c N).

9] q Maintenance inspections (quality checks).

J i Simulations (samples) in the ProaRT method (7 < N).

HL, M2 H3 - Sets of input parameters for the ProaRT steps (1,2,3 respectively).

P; n,p Patients in a simulation i.

Parameter Domain Description

Ug R Mean arrival rate of category g.

of R Variance of the arrival rate of category g.

Sg N < |D| Sessions of radiation treatment (fractions) a patient from category g requires.

ag N Importance factor of a patient of group g (penalty for one day of access time in the
objective function).

fgm {0,1} Feasibility of treating patient group g on machinem (f;,, = 1) or not.

T4 N Frequency (in days) of maintenance inspection q.

c N Number of simultaneous inspections q that can be done at a time.

kg N < |T| Consecutive timeslots maintenance inspection q needs.

Ag R Mean of a Poisson distribution describing the arrivals of category g.

1) N < |D| Conversion factor for the arrival of patients.

ay D Arrival day of patient p.

ginitial R Initial temperature of the SA algorithm in the ProaRT.

el ] R Final temperature of the SA algorithm in the ProaRT.

) (0,1) Cooling parameter of the SA algorithm in the ProaRT (t7¢*t = § * gPTevious),

K N Number of random changes (Markov chain length) of the SA algorithm in the
ProaRT.

pinitial R Initial value of the accepting probability parameter of the SA algorithm in the
ProaRT.

bp.g {0,13 Patient p belongs to group g (b, , = 1) or not.

Tgmtd {0,13 Inspection q is done at machine m during timeslot t on day d.

hi, hy, hs R Weights in the A ({x;Vi}) statistical function.

Variable Domain Description

Vi N < |T| Tactical variable that indicates how many timeslots from machine m are allocated to
category g (maximum number of patients of category g that can be treated in
machine m in any day d according to the ProaRT method).

x [Vg’mvg, m] Tactical plan (vector of all V, ,, variables).

x; [Vg,mVQ' m] Best tactical plan for simulation i in the ProaRT method.

zx' [Vg’mvg, m] Overall best tactical plan (solution given by the ProaRT method).

Fy(x) N Total access time function for category g when given a tactical plan x.

]ED[:Fg (x)] N Expected total access time function for category g (sum over all expected patients)
for planning horizon D and for a given a tactical plan x.

o(P,) N Penalized total access time function for a given set of patients P; for simulation i in
the ProaRT method.

A{x;Vi}) x Statistical weighted function to construct x' given all x;’s in the ProaRT method.

T R Temperature variable of the SA algorithm in the ProaRT.

n R Accepting probability variable

Xt {0,13 Scheduling variable that indicates if timeslot t at machine m is assigned to patient p
on day d.

X;f;” {0,1} Scheduling variable that indicates the day d in which patient p started the treatment.

I N Auxiliary variable which indicates the number of patients planned on linac m at a
given point in time.

X},f’,,‘{“ {0,13 Auxiliary variable that indicates whether patient p gets treatment on machine m.

Appendix 7 - Notation used in our formulation of the LCPP and ProaRT method
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8. Simulation Setup for the Numerical Experiments

The simulation used for both, the numerical
experiments and the case study of this thesis, is a non-
terminating one. For this reason, we are interested in
the steady state performance, which can be estimated
only when the system has reached this state. In our
simulation, the linacs start empty, which has an
influence in the waiting time of the first patients that
arrive. In order to determine from which day it is
significant to start measuring the performance we
applied Welch’s graphical method. We follow the
procedure and parameters recommended by Law
(2007), and obtained the graph to the right. From this
graph, it is possible to observe that the system reaches
its steady-state around day 25. This value is used for all

250.0

Welch's Graphical Method

200.0

150.0

100.0

50.0

—W15
—W10
W5

experiments and simulations for a proper comparison. Furthermore, it is recommended that a simulation run must be
much larger than the warm-up period. For this reason, the run length was increased from 6 months (130 days) to 1

year (260 days).

In order to guarantee statistical validity of a simulation, we used a sequential procedure to determine the number of
replications (in our case number of simulated years) that are needed to achieve a maximum relative error. With this
maximum error allowed, we seek that the confidence intervals have a high probability of containing the real mean of a
performance indicator. After sequentially increasing the number of replications from 100 to 1000, we obtained the
following table, which indicates the simulation is able to achieve the desired confidence level.

Sequential Procedure Parameter
Sample's average X,,

Sample's variance S2

Number of replications n
Relative error allowed y
Confidence interval probability a
Corrected relative error y’
T-student table value t,,_; 14,
Estimated relative error ¥

C1L1T30-M1

913.11

423912.96
1000.00

0.10
0.05
0.09
1.96
0.04

C1L1T30-M2 C1L1T30-M2
316.30 314.31
286392.18 278878.25
1000.00 1000.00
0.10 0.10
0.05 0.05
0.09 0.09
1.96 1.96
0.10 0.10

Appendix 8 - Simulation setup
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9. Overview of Data for Numerical Experiments

This is the input data for the numerical experiments

C21 | Perc* | C1A | Perc* | C34 | Perc* w1 w2
1 Prostaat 39 8.92 32% 4.86 18% 1.75 6% 1 1
2 Mamma Breath Hold* 21 15.50 30% 8.48 17% 3.21 6% 2 1
3 Mamma e- (Okselregio/Parasternaal)* 21 9.21 18% 5.03 10% 3.21 6% 2 1
4 Long > 44 Gy 24 1.54 3% 429 10% 2.83 6% 3 1
5 KNO 23 1.58 3% 4.40 9% 2.92 6% 3 1
6 Mamma* 16 2.13 3% 5.86 9% 4.21 6% 2 1
7 Rectum / sigmoid 25 0.75 2% 2.05 5% 2.71 6% 2 1
8 Prostaatloge 33 0.54 2% 1.52 5% 2.04 6% 1 1
9 Hersenen 30 0.38 1% 1.02 3% 2.25 6% 3 1
10  Oesophagus 23 0.42 1% 1.15 2% 2.92 6% 3 1
11 Botmetastasen* 1 9.17 1% | 25.48 2% | 67.50 6% 6 1
12 Long AP/PA 10 0.88 1% 2.48 2% 6.75 6% 3 1
13  Cervix/Endometrium/Uterus/Ovarium 23 0.38 1% 1.06 2% 227 6% 2 1
14 Hersenen 2vs 5 1.71 1% 4.74 2% | 13.50 6% 3 1
15 Anus +/-liezen 33 0.25 1% 0.63 2% 2.04 6% 2 1
16  Blaas 25 0.29 1% 0.80 2% 2.71 6% 2 1

*This is the percentage patient-x-fractions out of total patient-fractions.

Category Name

123456 1 4567
1 Prostaat XIXIX[X| [X] | XEX|X[] [X]|X]|X]|X
2 Mamma_Breath_Hold_Group X [X[X] |IX] [XEX X[X] |X|X
3 Mamma_e-_(Okselregio/Parasternaal)_Group X X| |X X|X[X] [X] [X[X
4 Long_>_44_Gy X[XIX|X| [X] |[XEX]| |X| [X]X]|X[X
5 KNO X[ IX|X| [X] [XEX|X|X[X[X]X] [X
6 Mamma_Group X XX [X] [XBEX|X[X]|X[X]|X[X
7 Rectum_/_sigmoid X| XX XXX XBX[X|X|X]|X]|X]|X
8 Prostaatloge XIXXIXXIXXIXEX] [X] [X]X[X
9 Hersenen X (XEX[X|X[X]|X[X]|X
10 Oesophagus X X X|X|X| |X X
11 Botmetastasen_Goup X X X|X X XX
12 Long AP/PA X X X X|X|X|X
13 Cervix/Endometrium/Uterus/Ovarium X X X|X|X[ [X]X]|X[X
14 Hersenen_2vs X X X|X[X|X[X]|X
15 Anus_+/-_liezen X X X X|X|X|X[X
16 Blaas X X|X| [X[X] |X[X

This table defines the parameter f ,, for the three levels of the linac feasibility experimental factor.

Appendix 9 - Input data for numerical experiments




Appendix | 89

10. Statistical Results for Set of Numerical Experiments 1

Each experiment is based on a simulation of 1000 replications and a run length of 1 year (260 days) for the set of penalties (weights)
W1. The experiments are labeled with the ID combination of the experimental factors found in Section 4.4. The value in each cell of
the following table is the average objective function.

Average Average Average Varianceof Varianceof Varianceof Averageof Averageof Averageof Var.ofDiff. Var.of Diff. Var. of Diff.

Experiment

of M1 of M2 of M3 M1 M2 M3 Diff. M1-M2 Diff. M1-M3 Diff. M2-M3 M1-M2 M1-M3 M2-M3
F-N/L-N/T-N 934 337 336 524049 368890 365747 597 597 0 65554 65202 454
F-N/L-N/T-C 5649 4552 4497 27527031 25905889 25479929 1097 1151 55 465823 473408 51476
F-N/L-N/T-R 267 15 19 26805 3462 4330 252 248 -4 16413 15167 168
F-N/L-C/T-N 671 341 338 437115 396326 376349 330 333 3 38494 32130 5118
F-N/L-C/T-C 5174 4615 4445 27616642 27432948 25568433 559 729 170 306814 353762 162473
F-N/L-C/T-R 134 16 18 13744 4504 4696 118 117 2 7234 6779 144
F-N/L-R/T-N 599 371 342 525438 513709 461410 228 257 29 4171 6854 2419
F-N/L-R/T-C 5407 5119 4655 32401442 32626642 24762487 288 752 464 16888 2018734 2035975
F-N/L-R/T-R 139 15 14 9603 6136 5358 124 125 1 1871 2015 52
F-C/L-N/T-N 1071 568 557 672957 410859 397885 503 514 11 68999 73600 2617
F-C/L-N/T-C 6783 5708 5596 24351542 22603641 10554686 1074 1187 113 291774 5898817 5367806
F-C/L-N/T-R 207 46 47 39352 13341 13405 160 159 -1 13242 12967 37
F-C/L-C/T-N 23995 20861 15364 93318503 94151036 46250482 3134 8631 5497 935983 15674033 15876713
F-C/L-C/T-C 51806 48776 31450 154665295 157465496 72193584 3030 20356 17326 930114 26509974 27600040
F-C/L-C/T-R 7147 4775 4162 20604382 16854526 12424620 2371 2985 614 774217 2136478 967128
F-C/L-R/T-N 425 350 345 293507 280405 259970 75 80 5 1951 3243 1531
F-C/L-R/T-C 5031 4878 4625 23948406 23834761 21320801 153 406 253 11765 522797 514718
F-C/L-R/T-R 43 17 17 6733 5492 5492 26 26 0 368 368 0
F-R/L-N/T-N 1473 1005 999 1983422 2284773 2271802 467 473 6 35392 34664 3116
F-R/L-N/T-C 14817 15093 14062 227759723 238203708 219286388 -276 754 1030 574100 690421 894579
F-R/L-N/T-R 525 43 42 27312 31280 30268 482 483 1 5205 4951 153
F-R/L-C/T-N 1371 1498 1183 2468270 3082712 2537671 -127 188 315 91472 39014 58523
F-R/L-C/T-C 15478 16917 14161 233191556 246876727 215457803 -1438 1317 2755 604716 1089795 2062858
F-R/L-C/T-R 195 105 86 44938 58053 47971 90 109 19 6062 4995 1342
F-R/L-R/T-N 1287 1002 1002 2181885 2277108 2278051 285 285 0 12981 13334 575
F-R/L-R/T-C 14783 14825 14803 226329408 232805303 232453270 -41 -19 22 154287 150926 10237
F-R/L-R/T-R 236 43 43 35504 32142 32142 192 192 0 4288 4288 0

The following are the 95% confidence intervals (}?n Tt 11-a2” \/S,ZL/n) of the data above (n =1000,a = 0.05,ty_11-a/2 = 1.96)
for the objective function of the 3 methods and the difference between them. Since common random numbers were used (i.e. the
same 1000 sets of patient for each method), a pairwise t-approach analysis can be done for the differences. This means that, if zero is
not within the confidence interval, the differences are significant. For example, in experiment C1L1T1 the average difference
between M2 and M3 is not significant, however, for experiment C1L1T2 this differences is significant and M3 performs better (is
lower) than M2. A negative difference, like the one in the comparison between M2 and M3 in C1L2T3, means that first method
compared (M2) performs better.

Confidence
Interval for:

Average Difference | Average Difference | Average Difference

Average M1 Average M2 Average M3 M1-M2 M1-M3 M2-M3

Experiment  CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB

F-N/L-N/T-N 889 978 299 374 299 374 581 613 581 613 -1 2
F-N/L-N/T-C 5323 5974 4236 4868 4184 4811 1054 1139 1109 1194 41 69
F-N/L-N/T-R 257 277 12 19 15 24 244 260 240 255 -5 -3
F-N/L-C/T-N 630 712 302 380 300 376 318 342 322 344 -1 7
F-N/L-C/T-C 4848 5500 4290 4940 4131 4759 525 593 692 766 145 195
F-N/L-C/T-R 127 141 12 20 13 22 113 124 111 122 =3 -1
F-N/L-R/T-N 554 644 326 415 300 384 224 232 252 262 26 32
F-N/L-R/T-C 5054 5760 4764 5473 4346 4964 280 296 664 840 375 552
F-N/L-R/T-R 132 145 10 20 9 18 121 126 122 127 0 1
F-C/L-N/T-N 1020 1122 528 608 518 596 487 520 497 531 8 14
F-C/L-N/T-C 6476 7089 5413 6003 5394 5797 1041 1108 1036 1338 -31 257
F-C/L-N/T-R 194 219 39 53 40 54 153 167 152 166 -1 -1

F-C/L-C/T-N 23396  24595| 20259  21463| 14942 15786 3074 3194 8385 8877 5250 5744
F-C/L-C/T-C 51034  52578| 47997 49554 30923 31977 2971 3090 20037 20676 17000 17652
F-C/L-C/T-R 6865 7429 4521 5030 3943 4381 2317 2426 2894 3076 553 675

F-C/L-R/T-N 391 458 317 382 313 377 72 78 76 83 2 7
F-C/L-R/T-C 4727 5335 4575 5181 4339 4912 146 160 361 451 208 297
F-C/L-R/T-R 38 49 13 22 13 22 25 27/ 25 27 0 0
F-R/L-N/T-N 1385 1560 912 1099 906 1093 456 479 462 485 3 9
F-R/L-N/T-C 13880 15753 14135 16050 13143 14981 -323 -229 703 806 972 1089
F-R/L-N/T-R 514 535 32 54 31 53 477 486 478 487 0 2

F-R/L-C/T-N 1274 1469 1389 1607 1085 1282 -146 -108 175 200 300 330
F-R/L-C/T-C 14531 16426 15941 17892 13250 15072 -1486 -1390 1252 1382 2666 2844

F-R/L-C/T-R 182 209 90 120 73 100 86 95 105 114 17 21
F-R/L-R/T-N 1195 1379 908 1096 908 1095 278 292 278 292 -1 2
F-R/L-R/T-C 13850 15717 13878 15771 13857 15749 -65 -17 -43 5 16 28
F-R/L-R/T-R 224 248 32 54 32 54 188 197 188 197 0 0

Appendix 10 - Statistical data for the set of numerical experiments 1



90 | Appendix

11. Statistical Results for Set of Numerical Experiments 2

Each experiment is based on a simulation of 1000 replications and a run length of 1 year (260 days) for the set of penalties (weights)
W2. The experiments are labeled with the ID combination of the experimental factors found in Section 4.4. The value in each cell of
the following table is the average objective function.

Average Average Average Varianceof Varianceof Varianceof Averageof Averageof Averageof Var.ofDiff. Var.of Diff. Var. of Diff.

Experiment

of M1 of M2 of M3 M1 M2 M3 Diff. M1-M2  Diff. M1-M3  Diff. M2-M3 M1-M2 M1-M3 M3
F-N/L-N/T-N 395 115 115 71414 38075 38079 280 280 -1 13137 12843 106
F-N/L-N/T-C 1975 1432 1432 2622026 2361501 2361958 543 543 0 53691 52573 1072
F-N/L-N/T-R 120 6 8 5240 478 586 114 112 -2 3426 3132 40
F-N/L-C/T-N 284 110 112 55733 37355 37427 174 171 =2 7557 6910 138
F-N/L-C/T-C 1787 1406 1407 2559101 2390402 2378165 380 380 -1 34663 34336 1536
F-N/L-C/T-R 61 5 6 2659 463 492 56 55 =il 1597 1534 10
F-N/L-R/T-N 192 101 101 42249 39569 39430 92 92 0 554 562 6
F-N/L-R/T-C 1548 1416 1409 2581770 2580399 2564217 132 139 7 1206 1312 181
F-N/L-R/T-R 50 4 4 948 462 448 46 46 0 294 295 1
F-C/L-N/T-N 545 280 283 172465 99904 101554 265 262 -4 19522 19059 265
F-C/L-N/T-C 3286 2710 2726 5460243 4987394 5017211 576 560 -15 74445 73425 4874
F-C/L-N/T-R 104 23 24 10646 3491 3665 81 80 =il 3639 3580 16,
F-C/L-C/T-N 13021 11323 10533 28284719 28585973 22512036 1698 2488 790 267445 1394998 1260794
F-C/L-C/T-C 28304 26689 24656 47208430 48159821 41876364 1615 3647 2033 267161 1180137 1090215
F-C/L-C/T-R 3821 2538 2681 6091700 4960379 4276243 1283 1140 -143 226680 742042 476894
F-C/L-R/T-N 160 123 123 40053 37661 37366 37 36 0 297 306 20
F-C/L-R/T-C 1861 1791 1791 3410757 3389505 3389738 70 70 0 1391 1396 11
F-C/L-R/T-R 19 6 7 906 694 725 13 12 =il 81 74 5
F-R/L-N/T-N 486 235 235 112434 121383 121431 250 251 0 1694 1699 86
F-R/L-N/T-C 3578 3445 3412 11986017 12384808 12189781 132 165 33 24582 23091 5881
F-R/L-N/T-R 231 10 11 2399 1733 1720 221 220 -1 843 819 20
F-R/L-C/T-N 359 307 271 130065 146087 130890 53 89 36 2419 1741 1116
F-R/L-C/T-C 3561 3686 3230 12092061 12572829 11254053 -125 331 456 18476 42427 68209
F-R/L-C/T-R 67 20 13 2838 2529 1503 47 54 7 463 625 204
F-R/L-R/T-N 342 222 222 117783 115874 115716 120 120 0 876 884 20
F-R/L-R/T-C 3434 3325 3325 11816908 12030624 12022500 109 109 0 5442 5373 290
F-R/L-R/T-R 78 9 9 2313 1620 1582 68 68 0 506 513 2

The following are the 95% confidence intervals (X, & ty_11_q/2 * +/SZ/n) of the data above (n = 1000, = 0.05, t_1 14/, = 1.96)
for the objective function of the 3 methods and the difference between them. Since common random numbers were used (i.e. the
same 1000 sets of patient for each method), a pairwise t-approach analysis can be done for the differences. This means that, if zero is
not within the confidence interval, the differences are significant.

Confidence
Interval for:

Average Difference | Average Difference | Average Difference

Average M1 Average M2 Average M3 M1-M2 M1-M3 M2-M3

Experiment  CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB CI-LB CI-UB

F-N/L-N/T-N 378 412 102 127 103 128 273 288 273 287 -1 0
F-N/L-N/T-C 1874 2075 1337 1527 1336 1527 528 557 529 557 -2 2
F-N/L-N/T-R 115 124 5 7 6 9 110 117 108 115 -2 -1
F-N/L-C/T-N 269 298 98 122 100 124 168 179 166 176 =3 2
F-N/L-C/T-C 1688 1886 1311 1502 1312 1503 369 392 368 391 -3 2
F-N/L-C/T-R 58 65 4 7 5 7 54 59 53 58 =il 0
F-N/L-R/T-N 180 205 88 113 88 113 90 93 90 93 0 0
F-N/L-R/T-C 1448 1648 1316 1516 1309 1508 130 134 137 142 7 8
F-N/L-R/T-R 48 52 3 5 3 5 45 47 45 47 0 0
F-C/L-N/T-N 519 571 260 299 263 303 257 274 253 270 -5 2
F-C/L-N/T-C 3141 3431 2572 2849 2587 2865 559 593 543 577 -20 -11
F-C/L-N/T-R 97 110 20 27 20 28 77 84 76 84 -1 0

F-C/L-C/T-N 12691  13351| 10991 11655 10239 10827 1666 1730 2414 2561 720 860
F-C/L-C/T-C 27878 28730 26258 27120 24255 25058 1583 1647 3580 3715 1968 2097

F-C/L-C/T-R 3668 3974 2400 2676 2553 2809 1254 1313 1087 1194 -186 -100
F-C/L-R/T-N 147 172 111 135 111 135 36 38 35 37 =il 0
F-C/L-R/T-C 1746 1976 1677 1905 1677 1905 68 72 68 72 0 0
F-C/L-R/T-R 17 21 4 8 5 8 12 13 12 13 -1 -1
F-R/L-N/T-N 465 507 214 257, 214 257 248 253 248 253 0 1
F-R/L-N/T-C 3363 3792 3227 3664 3196 3629 128 142 156 175 28 38
F-R/L-N/T-R 228 235 8 13 9 14 219 223 218 222 -1 -1
F-R/L-C/T-N 337 382 283 331 248 293 49 56 86 91 34 38
F-R/L-C/T-C 3345 3776 3466 3906 3022 3438 -134 -117 318 344 440 472
F-R/L-C/T-R 64 70 17 23 11 15 46 49 53 56 6 8
F-R/L-R/T-N 321 364 201 243 201 243 118 122 119 122 0 0
F-R/L-R/T-C 3221 3648 3110 3541 3110 3541 104 114 104 113 -1 1
F-R/L-R/T-R 75 81 7 12 7 12 67 70 67 70 0 0

Appendix 11 - Statistical data for the set of numerical experiments 2
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12. Tactical Output for Case Study
For the current situation (case 1):
10 ProaRT table: Al A2 A5 B1 B2 B3 B4 B5
5 oo s Prostaat 19 26 14 11 0 11 0 12
. \ Mamma Breath Hold 15 0 15 14 0 15 0 18
g A Mamma e- Group 18 0 0 0 20 0 20 O
£ A Long > 44Gy 19 16 7 7 0 12 0 12
7 0e N\ KNO 13 0 13 12 0 21 0 15
2 050 A \ Mamma Group 8 0 17 18 0 24 0 10
§ 040 /\ I \ I Rectum/sigmoid 12 0 18 15 24 17 22 9
% 030 [\ ] Prostaatloge 6 5 14 16 15 7 16 25
g Hersenen 0 0 0O 0 0 16 0 16
e Oesophagus 177 0 10 0 0 13 0 0
H 010 \/ \ / \ 1 ~“_ || BotmetastasenGoup 14 0 14 6 19 23 9 16
£ 000 Long AP/PA 18 0 21 15 8 20 11 12
& & B8 TESSS vQ\‘ﬁ” S I Cervix Group 12 0 17 0 0 13 0 0
T SIS Hersenen_2vs 19 0 9 24 22 17 14 16
& RS & Anus +/- liezen 16 0 15 0 0 22 0 0
Blaas 0 17 0 0 24 19 0 0
For a 10% increment in arrival of patients (case 2b):
_ 30 ProaRT table: Al A2 A5 Bl B2 B3 B4 B5
° Prostaat 16 21 5 9 0 9 0 8
5 250 1 Mamma BreathHold 21 0 20 16 0 16 0 19
H A /\ Mamma e- Group 24 0 0 0 14 o0 17 0
& 200 A Long > 44Gy 12 20 13 15 0 16 O 8
g \ KNO 19 0 13 15 0 19 0 19
S 150 | : — || Mamma Group 17 0 14 23 0 17 0 16
§ Rectum/sigmoid 15 0 14 14 5 17 15 16
5 100 — Prostaatloge 10 21 6 15 6 9 16 6
¢ : —~ - Hersenen 0 0 0 0 0 5 0 19
T 050 Oesophagus 12 0 21 O 0 12 0 0
§ BotmetastasenGoup 8 0 15 10 24 24 13 13
& 000 ) Long AP/PA 19 0 17 23 15 15 6 9
FSITSELISELS IS S || Cervix Group 20 0 20 0 0 21 0 0
Tl & SIS Hersenen_2vs 10 0 11 23 21 19 15 11
& S & Anus +/- liezen 9 0 7 0 0 16 0 0
Blaas 0 24 0 0 14 19 O 0
For replacing B4 with type A2 and 10% increase in number of patients (case 4b):
_ 30 ProaRT table: Al A2 A5 Bl B2 B3 B4 B5
° Prostaat 12 25 19 6 0 8 25 10
2 250 - Mamma Breath Hold 7 0 23 14 0 9 0 21
H A Mamma e- Group 22 0 0 0 6 0 0 O
& 20 - A Long > 44Gy 14 12 12 16 0 15 24 13
R \/ KNO 6 0 19 6 0 19 0 14
2 15 —— Mamma Group 15 0 19 20 0 23 0 13
£ Rectum/sigmoid 11 0 18 17 5 16 0 14
; 1,00 \ Prostaatloge 17 10 14 16 3 26 14 17
g ' Hersenen 0 0 0O 0O 0 9 o0 16
3 050 Oesophagus 166 0 13 0 O 18 0 0
8 Botmetastasen Goup 10 0 15 20 15 17 0 19
EO.OO Long AP/PA 16 0 14 19 23 10 0 14
& & S & é\\s\b FSE vQ\‘zv & S Cervix Group 11 0 5 0 0 15 0 O
¢ 5,@”‘ & & & & & }f & x\“‘f ¢ Hersenen_2vs 22 0 15 14 18 18 0 8
@“& & v %&&‘ Anus +/- liezen 11 0 20 0 0 18 0 0
Blaas 0 17 O 0 5 16 8 0

Appendix 12 - Examples of ProaRT output for the case study
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13.

Developed Software for Models and Algorithms

For the Mixed-Integer Linear Program proposed as an operational scheduling method a test model was developed in
the modeling software AIMMS 3.10. Numerical tests with this model showed that it was computationally not feasible
for large instances (combination of number of machines, planning days and timeslots). In addition, the software uses
‘bulk-instruction’ coding, which makes it slower for running meta-heuristics and simulations such as the ones
required by the ProaRT method. Nevertheless, for small instances this model achieves optimal solutions for the LCPP
operational schedule. These are some screenshots of the application:

For the ProaRT algorithm, and the remaining two operational scheduling methods, Embarcadero Delphi XE2 Version
was used. An advantage of this software is that it creates a stand-alone application which can be run in any computer
(no installation required). Furthermore, the simulations for the numerical experiments and case study were coded
here since the program runs much faster than other simulation packages. For the simulation, an open source random-
variables generating code was used. These are some screenshots of the application:

fcsWsersia.perezipoments\Thess\Numerical Expe From: [1

Q) ProaRT NKI-AVL by Arturo E. Perez Rivera [[= "= |E=] || @ ProaRT NKI-AVL by Arturo E. Perez Rivera | =R (=R~
Inputinfo. | DataOverview | GraphicOverview | Instance Generator Inputinfo. || DataOverview | Graphic Overview | Instance Generator
Read Patients (s
Day_11  [pay_12 [Day_13 [pay_1¢ [Day1s |pay_ ~
1827 patients were read FCFS Categories: |15 - | — ‘ e | — ‘ e | 5 3
Read Categories 16 categories were read 1 i o 0 o ) o
Linacs were read FCFS wfBalance ‘ Linacs ,—E Linac Feasbility lLinac 1 -
52 2 24 2 2} 2 2
TS Planning FCFS with balanced workioad started. Chedk saiut Timeslots: [5 e
Procedure FCFS with balanced workload finished. =ck Solution 153 ES) 38 ES) 8 ES) 8
Read Tactical Plan Objective Function: 3358 Days: [250 Patients Schedule
154 a1 a1 41 41 41 41
Read Everythin DaysperWesk: [
b Eoee > Instance Analysis ‘ 155 5 % 5 % ) % Schedule Summary
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Appendix 13 - Developed applications for the ProaRT Method
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