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“A problem well stated is a problem half solved.”
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ABSTRACT

Numbers of cancer patients are continuously increasing, as is the demand for
radiotherapy (RT). RT is a time-critical treatment and efficient management of
resources, staff capacity and patients plays a fundamental role in large RT
departments. Globally, RT departments are facing many operational
challenges due to the increased demand. While optimization and scheduling
models are well studied, decision support tools to assist in solving
operational/organizational issues within RT are often overlooked. This thesis
studies different aspects of the RT workflow and explores strategies that can
improve the overall efficiency.

Due to database structure limitations, use of RT data outside the Oncological
Information Systems (OIS) was one of the limitations faced at the studied
department at Sahlgrenska. In Paper I, a data extraction tool was created to
easily extract cleaned and processed datasets for historical analysis or as input
to external RT tools. Overall, this reduced the manual cleaning task from
approximately 5 to 6 weeks to a few minutes.

Patient waiting times is noted as one of the most common issues in RT with
strategies for efficient scheduling of treatments being central to avoid
unnecessary delays. The objective of Paper II was to utilize data from the OIS,
identify characteristics that affect patient queues and create an algorithm to
simplify and automate the patient scheduling task. Results suggested that the
algorithm may reduce the average delay from 3-4 weeks to 1-2 weeks per
month with rare diagnosis groups scheduled promptly within 1-2 weeks
compared to an average delay of 3 weeks at the time of the study. The work



also identified that definition of ‘wait time’ was ambiguous and referral-to-
treatment intervals needed to be further explored to understand if a specific
interval time was beneficial for overall workflow efficiency. Paper III,
therefore, explored the impact of various definitions of waiting time used in
RT departments. Data from 14 Swedish RT departments showed no consistent
definition used nationally making standardization difficult. Overall, both local
and national data suggested using definitions according to the diagnoses’
timelines to accurately depict departmental delays.

In Paper IV, 13 RT professionals were interviewed to understand how
transformations over the decade were realized in the clinic and what impact
they had on daily RT practices. Thematic qualitative analysis was employed
with an aim to find certain recurrent themes between different professions and
to what extent reported major events coincided with finding from quantitative
OIS data. Operational issues were reported as the most repeated concern
followed by treatment related changes. These qualitative aspects increased the
understanding of effects by changes in patient volumes and department
capacities by providing a holistic perspective on the past and current
workflows.

Overall, the doctoral project leading up to this thesis explored various data-
driven operational improvement strategies aiming to deepen the understanding
of work practices at modern RT departments. Results and integration of the
findings will hopefully assist in streamlining the overall RT workflow in the
future to allow for a higher patient throughput and reduced patient waiting
time.

Keywords: Radiotherapy (RT) data, Patient waiting time, RT delays, RT
scheduling
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SAMMANFATTNING PA SVENSKA

Antalet cancerpatienter 6kar stindigt, liksom behovet av strdlbehandling. Detta
ar en tidskritisk behandlingsform dar ett effektivt utnyttjande av resurser,
personalkapacitet och patientfloden spelar en avgorande roll, sérskilt vid storre
stralbehandlingsavdelningar. Globalt stdr verksamheterna infor ett flertal
operativa utmaningar till foljd av den vixande efterfrigan. Trots att
optimerings- och schemaldggningsmodeller dr vél studerade, saknas ofta
beslutsstod som kan hjdlpa till att hantera de operativa och organisatoriska
utmaningarna. Denna avhandling belyser olika delar av arbetsflodet inom
stralbehandling och undersoker strategier som kan forbéttra den overgripande
effektiviteten.

P4 grund av Dbegrinsningar i databasstrukturen for onkologiska
informationssystem (OIS) dr det svart att direkt kunna anvinda straldata
utanfor  systemen  vilket ocksd noterats vid den  studerade
strdlbehandlingsavdelningen vid Sahlgrenska. I Artikel I utvecklades darfor
ett dataextraktionsverktyg som gor det enkelt att ta fram anvidndbara
datamingder som kan anvéndas for att bland annat forstd historiska trender
eller som indata till externa applikationer. Verktyget minskade den manuella
arbetstiden for att sdkerstdlla rddatas anvindbarhet utanfor OIS frin
uppskattningsvis 5—-6 veckor till ndgra fa minuter.

Langa viantetider dr ett av de mest frekvent rapporterade problemen inom
strdlbehandling dér strategier for effektiv bokning av patienter dr centrala for
att undvika onddig fordrojning. I Artikel II anvindes data frdn OIS {or att
identifiera faktorer som pdverkar kobildning inom stralbehandling och for att
utveckla en algoritm som forenklar och automatiserar
schemaldggningsprocessen. Resultaten visade att algoritmen kan minska den
genomsnittliga vantetiden fran 3—4 veckor till 1-2 veckor per manad, dven for
grupper med ovanliga diagnoser vilka schemalades inom 1-2 veckor jamfort
med en genomsnittlig vantetid pa 3 veckor efter manuell schemaldggning vid
den aktuella tidpunkten for studien. Arbetet identifierade ocksa att definitionen
av 7vintetid” varierade inom stralbehandling och att tidsintervall sdsom
remiss-till-behandlingsstart behdvde studeras vidare for att bittre forsta vad
som bast speglar forseningar. Artikel III undersokte darfor effekten av olika
definitioner pa vintetid som anvidnds inom strdlbehandling. Data fran 14
svenska stralbehandlingsavdelningar visade att en nationellt enhetlig definition
pa vantetid saknas, vilket forsvarar standardisering. Bade lokala och nationella



data talar for att berdknad véntetid bor anpassas till diagnosspecifika tidsramar
for att battre spegla kdsituationen inom strélbehandling.

I Artikel IV intervjuades olika yrkesgrupper inom stralbehandling for att
forstd hur fordndringar under det senaste decenniet genomforts och vilken
paverkan de haft pa det dagliga arbetet. En tematisk kvalitativ analys anvindes
for att identifiera &terkommande teman i de 13 intervjuerna och till vilken grad
storre hdndelser sammanfoll med fynd via kvantitativa OIS-data. Operativa
fragor framkom som det mest frekventa temat, f6ljt av fordndringar relaterade
till behandling. Sammantaget fordjupade de framkomna kvalitativa aspekterna
forstdelsen av  effekterna  vid fordndrade  patientvolymer  och
behandlingskapaciteter genom att ge ett mer holistiskt perspektiv pa tidigare
och nuvarande arbetsfloden.

Sammanfattningsvis har doktorandprojektet som ligger till grund for den héar
avhandlingen undersokt flera datadrivna strategier for att fordjupa forstaelse
av det operativa arbetet vid moderna stralbehandlingsavdelningar. De
framtagna resultaten och integrering av dem 1 klinisk verksamhet forvéntas
kunna bidra till effektivare arbetsfloden 1 framtiden och dirmed ett Okat
patientgenomflode och kortare véntetider.
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DEFINITIONS IN SHORT

Referral date

First Preferred date (Soft
deadline)

Last preferred date (Hard
deadline)

Date of patient registration in the RT
department.

Earliest ideal start date of treatment
according to physician’s assessment.

Latest ideal start date of treatment according
to physician’s assessment.
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1.INTRODUCTION

Introduction section aims to provide scientific context for the research
presented in the following text and introduces the bottlenecks studied in this
thesis. It begins with a historical overview of radiotherapy (RT) over the last
two decades and delves into how resources and demand affect the overall RT
flow in a public healthcare setting. Vast amount of RT data and its limited
usage is then discussed with relation to Papers I-1I. Finally, the next chapter
outlines the major bottlenecks in the RT workflow and highlights the
complexities of decision support both in quantitative and qualitative contexts
related to the contents of Papers ITI-1V.

1.1 RT in a Global Context

Importance of Data Registries, Regional Insights and Global Demand

Worldwide Radiotherapy Statistics
.50%

of all cancer
% patients receive
< ;radiotherapy

- 30%
¥ 4 ofcancers cured
\§ ‘i by radiotherapy

.

‘Up 70%

- .

reduction in
recurrence risk
for certain cancers

Figure 1: World RT statistics and growth over the last two decades.

Sources: WHO Global & IAEA DIRAC database.
RT is used in approximately 50% of cancer treatments globally making it a
vital treatment in cancer care [1]. The demand for RT has increased by 43% in
the last decade, and the projected increase is expected to be more than double
over the next three decades (figure 1) [2]. Considering the sharp rise in patient
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volumes, RT departments must also maintain treatment quality, infrastructure
and operational efficiency to match the growing demand [3, 4].

Advances in dose delivery techniques (stereotactic body radiation therapy
[SBRT], volumetric modulated arc therapy [VMAT]) in the last two decades
have enhanced the overall treatment precision [5, 6]. In addition, hypo-
fractionationated treatments has increased in use since the early 2000’s,
consequently, number of treatment sessions have been halved compared to
conventional fractionation in the span of seven to nine years [3, 5-7]. This also
results in an increase of patient throughput at most RT departments [3, 8, 9].
Oncology Information systems (OIS) and treatment planning systems (TPS)
have improved workflows and data management at RT departments [10].
However, digital integration has been a complex task considering constantly
evolving technology, infrastructure, ethical requirements and interoperability
[11, 12]. Globally noted challenges in this context include - sustainable action
plans that consider operational costs, maintenance of large-scale RT registries,
cross-country standardization, long-term economic impact and research usage
of scalable RT data [2, 13].

Though the challenges persist worldwide, most Nordic countries have taken a
similar approach aiming to maintain robust digital infrastructure and data
transparency, making their cancer data archives (disease-specific national
quality registries) one of the oldest, most complete populations-based registries
[14]. High quality data registries have known to improve data linkage,
traceability and comparability of cancer trends over the years [14]. Consistent
improvement in cancer survival across several types of diagnoses have also
been observed through the registry data [15, 16]. However, access to national
RT data have been limited in Sweden until recently. Sweden's quality registry
for RT was launched in 2023 (SKvaRT) giving access to most recent RT
population data [17]. Since then, almost 70% of Swedish RT departments now
fulfil the technical prerequisites to report data. However, access to real-time
RT population data does not cover all Swedish RT departments yet. Also, there
is some delay in the reporting of data, so access is not necessarily real-time.

Before SKvaRT, data on treatment patterns, waiting times, diagnosis
distributions were largely collected only at a regional level or department level,
making it difficult to establish national benchmarking and strategic planning
decisions. The new registry allows standardization, nationwide collection of
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RT data in a longitudinal format [17]. The availability of national-level data
supports evidence-based solutions that could contribute to improvements in
RT both from patient’s and staff’s perspective. The registry also will help in
long term planning to use predictive models to understand and manage future
demand in RT in Sweden. Furthermore, national waiting time statistics can
help provide insights into recurring patterns at systemic level, supporting more
coordinated approaches to address delays rather than department-specific
temporary solutions [18].

1.1.1 RT Practices in Sweden

Around 30,000 cancer cases are treated annually throughout the country [19].
Most common cancers diagnosed in Sweden are noted as breast and prostate
followed by lung and colorectal cancers [20]. These are also the most common
diagnoses that undergo RT in Sweden. Most patients going through RT are
treated with curative or palliative intents. The studied RT department in this
thesis handles around one fifth of the total patients in Sweden treated with RT
making it one of the largest in Sweden [21]. Sweden is among the countries
that have good RT infrastructure per capita, however, with the increase in
demand, RT departments in Sweden have noted multiple challenges in
maintaining interoperability across hospital systems overall [22]. Specifically,
workload pressures and staffing shortages are among the more prominent
issues reported to affect clinical practice [22, 23].

1.1.1.1 Resources and demand

Modern RT needs substantial resources including specialized machines and
highly trained staff that can adapt to newer technology [24]. Treatment
procedures over time have also become more complex, involving advanced
treatment planning algorithms, new delivery techniques, and extensive quality
assurance processes that require close coordination between the staff [25]. A
study conducted in 2024 reviewed the articles related to global and regional
resource demands in RT published in the last decade [2]. The search resulted
in very few studies with findings emphasizing the need to efficiently manage
RT demand and the respective workforce. The authors also noted that there is
a need for further research in this field as increasing need for RT may lead to
a resource crisis in the next three decades and strategic solutions are needed to
expand and manage capacity requirements both with respect to equipment and
staff.
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Workforce-related limitations in RT are also acknowledged by the Regional
Cancer Centre (RCC) organization that is tasked by the Swedish government
and regions to support effective cancer care nationally. RCC initiated a
national working group in RT that has been active since 2023 [26]. Reports
have shown shortages particularly of specialist staff at RT departments
followed by resources, overall impacting service delivery [20, 27, 28].
Furthermore, capacity may fluctuate seasonally for example during vacation
periods or by the impact of external factors like COVID-19 [29].

RCC has provided general recommendations that are used to support cancer
care quality and improve patient outcomes across Sweden [30].
Recommendations from RCC are evidence-based and aim to help policy
makers, hospitals and healthcare institutions make informed decisions. One of
the main purposes is to use available quality indicators wisely to achieve the
best possible outcomes for patients. These typically include acceptable levels
of waiting times, diagnosis priority levels that influence clinical decisions and
resource allocation across regional departments. It is also important to note that
these are non-RT-specific guidelines however, there is ongoing work to create
RT specific recommendations. Both SKvaRT and diagnose-specific care
programs are aiming to harmonize recommendation for RT in Sweden.
Overall, these recommendations will aim to shape demand for RT services and
inform efficient organizational planning.

Another important national group contributing to this is the hospital side
RALF-group with responsible RT-oncologists from each Swedish RT
department. While the national guidelines provide a system level framework
for managing the demand, the implementation is necessarily adapted at the
local level. RT departments differ in terms of available resources, patients and
diagnosis groups treated, and organizational structures, resulting in local
variations in how guidelines are implemented in practice. Therefore, in the
national context, operational models may help anticipate demand, capacity,
and support timely access to RT in accordance with evidence-based standards.
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1.2 RT WORKFLOW

Interdependent Phases and Patient Scheduling

This chapter introduces the basics of the RT workflow, execution and planning
of different workflow phases and the impact of different interdependencies on
patient scheduling.

1.2.1 Phases of RT

The RT workflow has multiple time-critical steps throughout the process
including imaging, treatment planning, quality assurance, and actual treatment
(figure 2). These phases are interdependent and need constant co-ordination
between RT personnel (nurses, physicians, medical physicists, engineers).
Following are the important phases of the RT workflow and how they
individually contribute to the patient’s overall pathway after referring to RT.

The RT workflow at Sahlgrenska University Hospital (SU) begins when a
patient is diagnosed and referred for treatment to the RT department. The
referral includes patient diagnosis, treatment intent indication, proposed
date(s) for treatment start and if they have an acute status. RT workflows
outside Sweden are different and referrals in other countries include detailed
information such as imaging summaries, prior treatments, and comorbidities
depending on if the healthcare system is public or private or mixed.
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When the referral is received, it is officially registered at the department in
Sahlgrenska, then the patient is entered into the RT workflow. Depending on
the OIS, many countries also register patients directly into the OIS as soon as
the referral is received electronically.

The registration date may not always be the same as the referral date. The
referral date is defined as the date when the referral arrives at the department.
At the studied department, the patient is registered in the OIS shortly after -
mostly on the same day however this may differ in other departments. The
referral date is generally irrespective of the patient readiness to receive the
treatment [29].

The second phase of the workflow includes all the preparatory tasks where
patients undergo pre-treatment imaging (computed tomography [CT],
magnetic resonance imaging [MRI], positron-emission tomography [PET])
and delineation of treatment volumes (tumor and organs at risk). Based on
these, a personalized treatment plan is created and it defines how radiation is
to be delivered to target the tumor while minimizing exposure to surrounding
healthy tissues [4]. There are multiple quality assurance checks to ensure the
treatment plan’s accuracy and delivery safety before starting the treatment
regardless of if it is a short or long treatment course [31]. Preparatory tasks
take anywhere between hours to weeks depending on the complexity of the
treatment, the patient’s condition, and the urgency of the treatment.
Information retrieval, scheduling, and expert availability typically stretches the
timeline of the second phase [32, 33].

The treatment phase includes the actual irradiations referred to as ‘fractions’,
these are typically given once daily (weekdays) during a treatment period over
days to weeks [22]. Each treatment occasion typically lasts for 10 to 30 minutes
and includes time for entering the treatment room, dressing off/on, re-creating
the treatment position, irradiation and exiting the treatment room. The ionizing
radiation is administered using linear accelerators (LINACs). Patients are
monitored for acute side effects during the treatment period but overall
response to treatment with respect to tumor effects and late side effects needs
to be followed up for several months and even years after treatment completion
[34].
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1.2.2 Scheduling Related Bottlenecks

Most patients are treated with either a curative or palliative treatment intent
depending on the clinical judgement of an oncologist. The primary aim for
palliative treatments is typically to relieve patients of pain or from other
complications and thereby improve their quality of life. For curative patients,
the main aim is to eradicate the tumor and ultimately cure the cancer [35]. Both
curative and palliative patients go through the same RT workflow, however,
urgency to initiate treatment depends on many factors. Palliative patients at
Sahlgrenska are treated as soon as a time slot is available on a LINAC,
generally within a few days from consultation and preparation. Treatment
schedules for palliative patients are usually shorter with around 1 to 5 fractions
depending on diagnosis and patient characteristics [36, 37]. Current practice in
RT departments is largely defined by most being single-fraction treatments in
the palliative setting. For curative patients the number of fractions is generally
higher, for example, 15 fractions (40 Gy over three weeks) for early-stage
breast patients with hypofractionation RT [38, 39]. In recent years there have
been increased adoption of hypo-fractionated schedules for treatments in
general [40]. Overall, palliative RT is equally complex as curative RT but is
commonly associated with shorter treatment approaches in most RT
departments for certain diagnoses [41, 42].

In countries including Denmark and Sweden, patients from some cancer
diagnosis groups follow so called standardized patient pathways. These cancer
care pathways were introduced in Sweden about a decade ago and they were
inspired by the Danish Pakkeforlob where fast-track programs ensure that
patients with a suspected cancer follow a standardized process for investigation
[43, 44]. The Swedish pathways typically extend beyond the diagnosis to when
the first treatment commences [45]. When RT is planned as a first treatment,
pre-allocated slots for imaging and treatment help ensure that patients receive
care within the time limits proposed by national guidelines to the extent
possible. These specific patients follow a pre-allocated slot at Sahlgrenska and
are not part of the department’s waiting list or delays. Therefore, such patients
are not included in most of the analyses related to patient waiting times in this
thesis. Similar cancer care pathways are also followed in other counties and it
is termed as a ‘pull strategy’ in some departments, where preparatory tasks are
scheduled according to the desired pre-booked RT schedule [33, 46].
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In Sweden, national initiatives to improve RT guidelines are still ongoing [26].
Currently, most Swedish RT departments depend on local guidelines and triage
(prioritization based on urgency). As an example of the general local
guidelines at Sahlgrenska, curative patients with rapidly proliferating tumours,
e.g. lymphoma (high priority) have the goal to start treatment no later than
around 2 to 4 weeks after referral, curative patients with slowly proliferating
tumours, e.g. breast cancer and prostate cancer (lower priority) are to start
treatment no later than 6 to 8 weeks after referral date, and palliative patients
with non-acute, sub-acute or acute symptoms are supposed to start treatment
no later than 1 to 3 weeks, 3 to 7 days or 1 to 2 days after the referral
respectively.

In addition to this, there are other delays including postponed treatment start
given patient’s wishes, extended post-surgery recovery period, other co-
ordinated treatments, staff shortages or equipment downtime leading to a
smaller number of treatments per day. Furthermore, delays may arise from
factors beyond direct control, for instance, external events like COVID-19 or
structural and organizational changes. Overall, a mix between planned and
unplanned events impact scheduling and re-scheduling practices at the
department [47]. Literature also supports that waiting time is closely
associated with scheduling practices in RT [48-50].

1.3 RT Data

Database Management, Research Usage, Dependencies

This chapter provides an overview of how RT data is generated and the role of
OISs in managing and storing these data across the RT department. It also
explores the secondary use of different OIS data outside the departmental
context.

1.3.1 Databases

RT is a quantitative field and it relies on structured databases consisting of
clinical, imaging and treatment data for all patients [51]. This information is
stored and managed through a central database which is the foundation of the
OIS. This database is essential for the majority of daily RT-related activities,
from scheduling management to treatment delivery. Additionally, the
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numerical and longitudinal nature of the database also serves as a rich source
for data-driven studies in RT [52].

1.3.2 Oncology Information Systems

The OIS is a comprehensive platform designed to manage, integrate and
coordinate the RT data which is generated almost every instance when a task
is initiated and completed at the RT department [53]. It also acts as a central
hub for various RT workflow tasks including treatment planning, imaging,
scheduling and actual treatment delivery (figure 3). OISs stores information
about the patient demographics, referrals, preparation tasks, and the treatment
phase. It enhances workflow efficiency by reducing manual work, supporting
multidisciplinary collaboration and minimizing synchronization errors. With
the vast inflow of cancer patients in large RT departments, great amounts of
treatment-related and patient-related data are constantly updated within the
OIS, reflecting complexity of modern RT databases.
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Oncology Information Systems
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Quality
CT/ MRI/PET
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Execution, verification
monitoring of
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Data extraction, outcome
analysis, Al development,
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Figure 3: Overview of the RT OIS structure.

Abbreviations: mgmt - management

Most Swedish RT departments use ARIA® (Varian Medical Systems), Elekta
ONE® (MOSAIQ) as their OIS with respective treatment planning systems
(TPS). RayCare® (RaySearch), is a new OIS released in 2017 and is mostly
used around Europe and North America.

1.3.2.1 ARIA OIS

The ARIA platform is a widely adopted OIS globally and is used in many
departments in Sweden including the studied RT department at Sahlgrenska
University Hospital. ARIA integrates RT workflows with patient data,
imaging data, QA and clinical analyses. Information entered to ARIA is
typically stored in a production database meaning there is live clinical data
stored in various data tables. However, accessing real-time raw data without
specific expertise is discouraged due to data sensitivity and performance risks
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[54]. InSightive™ Analytics offered by Varian can be used to conduct internal
analysis to follow treatment insights assuming that consistent and complete
information has been entered into ARIA before the time of analysis. External
tools designed to support specific needs of the RT department are, however,
not easy to integrate with the OIS. Integration of external applications require
access to the database which is not fully supported. Being a proprietary
database, it raises security concerns related to accessibility and oversight [55].
Structured Query Language (SQL) queries directed to the database are also
discouraged for end users which limits the flexibility even further. It is also
important to note that RT staff generally lack the database or SQL scripting
skills needed to build custom use cases for OIS data retrieval.

1.3.2.2 Data in the OIS

Data from the OIS are primarily collected and stored to manage RT
information and support clinical delivery rather than to be used in decision
making or other research. When extracting data from ARIA it is difficult to
link all parts of the RT process together since multiple treatment processes (for
a single patient) can be active and overlapping. Historical data can be reused
and not updated when patients arrive for a second treatment. Therefore,
duplicated data can occur, however, with an advanced SQL query this could
be minimized (with some assumptions).

Raw OIS data often contains missing values, inconsistent timestamps,
duplicated records, and entries that may not accurately reflect actual execution
of the tasks performed. Making use of OIS data outside the system, therefore,
typically requires detailed reviewing as well as data cleaning and pre-
processing measures.

1.3.3 Possibilities of Data Usage Outside the OIS

Researchers in RT need to analyze and access RT data to compare treatment
outcomes, automate workflows, improve QA or study historical patterns and
gauge changes in treatment over time [56]. However, stored information in the
OIS can rarely be directly used for external purposes due to the OIS’s primary
role being to efficiently store and manage data internally rather than to provide
functionality for extraction and analysis outside of the system [56, 57].
Additionally, raw data may be incomplete, and inconsistencies may appear
during the extraction process. To enable secondary use of RT data, it needs to
be cleaned manually before it is used for any external application or decision
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tools. Some of the research so far suggests that using data from the OIS has the
potential to produce similar operational outputs as manual decision making
[58]. In addition, processing raw data is a repetitive task that can be time
consuming while automating the process can make it more time efficient [59].

1.3.3.1 Currently Used Interim Solutions

Some departments have started using external IT services to help with small
scale integration of tools needed at the RT department [60]. However, these
services can be costly and create future dependencies leading to an economical
burden. Other than that, data visualization dashboards are used to populate data
from the OIS by creating custom SQL queries. For example, a custom recurring
SQL query to extract daily number of patients being treated at the department
or at a specific LINAC can be automated on the dashboard without manually
validating data with respective personnel, which generally takes longer. This
highlights the importance of making RT data findable, accessible,
interoperable and reusable to everyone working at the department regardless
of their technical expertise [61]. While current interim solutions may address
short-term issues, a more sustainable and standardized access to RT data is
necessary.

1.4 Decision Support in RT

Current Scenario and Challenges

This chapter provides an overview of the definitions of operational research
(OR) and decision support tools (DST) and how these can aid the RT
department in various settings. It also explores the potential use of RT data in
terms of quantitative and qualitative context followed by the challenges faced
to use such decision support tools.

OR is primarily a quantitative discipline and a core part of decision sciences,
widely used for improving resource allocations, clinical or logistical decision-
making in healthcare [62, 63]. It involves techniques derived from
mathematics, combined with data insights to solve complex real-world
problems. Over the last few decades, various OR methodologies have been
used extensively in healthcare applications, mainly in hospital management
[62-64]. Mixed-integer programming, simulations and queuing models are
typically used for scheduling and staffing, with evidence of improved
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efficiency and cost benefit [65-67]. These principles of OR have also supported
decision-making in RT over the last decade, where complex workflows or high
patient volumes are involved [64]. For example, the RT scheduling problem is
a well-defined optimization problem and has been studied extensively over the
last few years with the aim to ideally reduce patient waiting time, optimize
resources and overall efficiency at the department [57, 68]. In the last decade,
use of mixed-integer programming or metaheuristics has been explored to
focus on either short-term scheduling with constant number of referrals already
known or long-term scheduling with varied incoming referrals [69]. Most of
the strategies during the last two decades used strategic decision making
focusing mainly on workflows, followed by resource capacity-based models.
Fewer studies focused on patient priority and used technical and clinical
constraints with a dynamic scheduling setup.

DSTs comparing to OR models are usually less clearly defined and involve
some level of uncertainty and contextual aspects [70]. Instead of resolving a
problem, DSTs, specifically in healthcare, focus on the best way to address a
problem given the capacity, workload and patient characteristics. For example,
flagging bottlenecks within the RT workflow before they occur using available
factors or identifying and timely allocating acute patients or patients with a
higher-stage diagnosis.

OR models solve optimization problems and DSTs support complex decision
making in contexts where decisions are highly sensitive. Furthermore,
qualitative factors are incorporated more extensively in DSTs. The data-driven
strategies explored in this thesis are positioned between quantitative OR and
clinical tools, aiming to provide practical assistance rather than adhering
strictly to either domain.

1.4.1 Types Decision Support in RT

1.4.1.1 Decision Support for Treatment Planning

Common DSTs used in RT include automated treatment planning and auto
contouring, both have rapidly advanced in the last decade. These tools have
achieved high level of clinical adoption within RT departments and are
increasingly being directly embedded in modern TPS [71]. Such DSTs
typically need multiple regulatory approvals and therefore are mainly
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commercially available for integration [72]. Current literature also shows that
clinical decision support in RT benefits from integration within TPS and have
clearer pathways for validation and regulatory approvals [73].

1.4.1.2 Decision Support for RT Processes

Overall, data-driven DSTs that primarily focus on organizational
improvements are widely recognized as important but their adoption in
practice remains limited in healthcare and in RT [74-76]. Many departments
across Sweden and in other countries have noted that the growing need for RT
is placing significant burden of the staff where time is often spent on processes
that could be more effectively supported by automated tools and algorithmic
solutions [22, 77]. This highlights the need for data-driven decision support to
optimize the use of already available RT data and departmental resources.
Operational DSTs mainly depend on the quality and accessibility to RT data.
Multiple studies have noted that they faced data quality and interoperability
barriers when developing such DSTs [56, 78]. According to a recent literature
review, authors mention that the healthcare sector in general has struggled to
leverage data to improve operational performance at respective departments
[78]. In the RT context, some important reasons for poor data quality from
clinical systems mentioned in the literature are -

e Manual extraction of RT data: Manual extraction from the OIS is
often noted as time-consuming and is typically prone to human errors
[56, 57]. Furthermore, the extraction and interpretation require
dedicated technical skills and time, and it may not be often prioritized
within routine clinical day to day activities.

¢ Qualitative constraints in RT: Identifying bottlenecks across the
entire RT workflow is inherently complex, particularly when certain
workflow events, staff related factors or organizational changes are not
reflected in the OIS data.

e Lack of interoperability and variation between department
systems: Developed tools might be limited to a particular department
and are generally not scalable within other departments.

e Inconsistencies in RT data: Several studies mention the need for
consistent data standards in RT [51, 56]. The lack of structure can lead
to poor data quality for research and analytics within RT [79]. Irregular
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variables, blank or miscoded fields and variability across vendors are
noted as common inconsistencies. [79, 80].

This suggests that the implementation of operational data-driven strategies has
faced more challenges compared to clinical DSTs.

Currently, majority of RT decision support is based on quantitative methods
with some studies also using qualitative knowledge to enable both data-driven
and logistically meaningful decisions within the department, which is also the
focus of this thesis.

1.4.2 Quantitative vs Qualitative RT data

Operational DSTs in healthcare often benefit from implicit knowledge, for
example, qualitative information like patient satisfaction of care and staff
perspectives on work practices [81]. However, these aspects are difficult to
translate into standardized models which mainly require quantitative consistent
input parameters. To understand this challenge, this section examines the
differences between qualitative and quantitative model inputs and validation.

In this thesis, quantitative RT data refers to information retrieved from various
data sources including OIS, TPS logs, LINAC statistics, appointment
timestamps and throughput metrics. DSTs regardless of the type, mainly rely
on numerical, structured or labelled data to represent various phases of RT in
general. Quantitative model inputs therefore play a major role in enabling any
data-driven approaches to solve clinical or operational problems in RT as well
as in overall healthcare. A key advantage of quantitative inputs is the neutrality
of the data. This refers to the idea that measurable information is not influenced
by subjective interpretations and allows an unbiased evaluation [82, 83]. This
overall strengthens the generalizability and robustness of the model or tool.

Despite being the central part of any model, quantitative data often presents
some limitations. Many internal procedures in RT such as clinical judgment
decisions, and real-time workflow changes, staff workarounds are only
partially or never captured within the OIS [84, 85]. This leads to an incomplete
dataset which may not accurately reflect real-life workflows. For instance,
patient referrals in some departments are handled manually before scheduling
for RT. Triage preferences in this case may not be reported in the system since
they often are handled by the scheduling staff outside of the captured
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quantitative scheduling data. Some triage preferences are however partially
reflected in the booking categories for example, an acute category given by an
oncologist clearly states the urgency level. In addition, scheduling staff
changes frequently as well as their working practices. This may lead to varying
patient inflows making the whole process even more complex for the
scheduling staff. Documentation methods also vary widely across departments
and even across staff within the same clinic, reducing comparability and
introducing potential measurement bias. In such cases, qualitative metrics may
help contextualize the quantitative data when it comes to operational decisions
(figure 4). Integration of qualitative and quantitative inputs are therefore seen
to be of more contextual value and enables exploration of complex concepts in
healthcare that cannot be fully understood using either method alone [86, 87].

Patient Treatment Throughput Resource
characteristics characteristics metrics metrics

Quantitative RT
data

Improved workflow and

Integrated RT DSTs AL
staff organization

Qualitative RT
data

Workflow Informal rules, Bottlenecks not Organizational and
knowledge priorities logged in OIS external factors

Figure 4: Different input parameters between qualitative vs quantitative RT data.

Overall, this thesis consists of four papers that collectively investigate data-
driven approaches to understand and improve RT workflows both in
quantitative and qualitative context.
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2. OVERALL AIM

The overall purpose of this doctoral project is to use real-world data to increase
understanding about the RT workflow. By collaborating with RT staff, the
objective is to provide data-driven insights that can strengthen current work
practices. Results will hopefully assist RT departments in improving clinical
workflows to allow for higher patient throughput and reduced patient waiting
time.

2.1 Specific Aims

Paper I

To enable secondary use of RT data from the OIS by creating and verifying a
tool for automatic data extraction, cleaning and formatting.

Paper 11

To create and evaluate an algorithm that can simplify the scheduling task in
RT by acknowledging patient timelines and other treatment-related
characteristics.

Paper 111

To compare and assess impact on delay statistics in RT by different waiting
time definitions.

Paper IV

To illustrate how major changes in RT impact work practices and operational
dynamics in relation to treatment availability.
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3.METHODS AND MATERIALS

This section is structured to reflect the methodologies across Papers I-IV. For
paper IV, informed consent was obtained for all participating interviewees in
the study. Most interviewees provided written consent via email, and some
provided consent orally allowing the anonymous use of their semi-structured
interview data for qualitative analysis. Ethical approval was granted by the
Swedish Ethical Review Authority (Paper I-IV: 841-16, T 640-17, 2022—
02683-02). Note that Swedish Ethical Review Authority replaced the regional
review committee in 2019, the body that had issued the original ethical
approval for this PhD.

3.1 Data Sources

3.1.1 OIS Data

The majority of the information used in Papers I, II, III and IV was collected
from the RT department at Sahlgrenska University Hospital with two treatment
sites, one in Gothenburg and the other in Boras, Sweden. A total of 10 to 13
linacs were operational during the studied years. All four papers used
quantitative data collected from the OIS ARIA (Varian Medical Systems, Inc.,
Palo Alto, CA, U.S.A.). Table 1 below summarizes the variables that were used
in Paper I, 11, IIT and IV.

Table 1: Summary of the variables included in the papers of this thesis. All information was
extracted from the RT department at SU between the years 2015 and 2025.

Category Variable Paper(s)

Treatment data Diagnosis code (ICD-10) [-1v

Treatment intent (curative / [-1v
palliative)

Treatment booking category IT and I1I
(co-ordinated, fiducial,
mammillary irradiation, patient
care pathway, post-operative,
single treatment, special
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treatment, standard treatment

and other)
Machine activity* (LINAC II
downtime)
Resource fluctuation data* I
Patient data Patient ID [-1vV
Patient referral date -1V
Patient treatment start date IL, III and IV
Patient treatment end date IT and I
First preferred treatment start IT and 11
date
Second preferred treatment start IT and III
date
Patient demographics (e.g. age, I, IT and IIT
gender, comorbidities)
Appointment data Mould task appointment ID [ and II
Mould task appointment date I
CT/MRI/PET scan appointment Iand I
ID
CT/MRI/PET scan appointment I
date
QA date I
Fractionation Number of fractions per patient [-1V
data

Number of fractions per
diagnosis*

II, III and IV

Number of fractions per
month*

II

*Computed variables based on available data.
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Paper I: Two extracted datasets were used, from January 2015 to April 2016
and from January 2020 to April 2021. The first was used to create and
validate the automated data extraction tool. The second was used to study the
accuracy of the automated tool.

Paper II: The data used to validate and evaluate the scheduling algorithm were
collected for a 12-month period from January 2022 to December 2022.

Paper III: To examine different waiting time definitions, we extracted and
used scheduling data for a 12-month period from January 2023 to December
2023.

Paper IV: To compare qualitative insights with quantitative data, we extracted
the total number of referrals, total number of fractions and delays per month
during the period January 2015 to December 2024. Note that similar data for
January 2025 to December 2025 was also extracted provide contextual
insight.

3.1.2 Public Statistics on Swedish RT

Paper III: A nationally available public dataset including information about
respective department’s treatment volumes, resources, research, and use of
selected treatments was used in addition to the abovementioned SU data [21].
The national dataset matched the SU OIS data for the same 12-month period
from January 2023 to December 2023 and selected data on each department’s
number of LINACs and treated number of patients by treatment intent and per
diagnosis group were included in the analyses. The dataset was used to contrast
and compare different waiting time definitions for various department sizes
and mix of diagnoses. @ The  dataset is  accessible at
https://cancercentrum.se/diagnosbehandling/stralbehandling.724.html.

3.1.3 Open-ended Questions and Interview Data

Paper III: We designed three open-ended questions to capture the national
perspective on waiting times and associated practices. The questions were e-
mailed to all Swedish RT departments delivering photons in spring/fall 2024.
Questions were written in Swedish and responses in were later translated to
English (using Al tools licensed to Gothenburg University). One of the
questions was designed to capture department-specific scheduling strategies
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with respect to waiting time definitions. Remaining two questions were to
understand average delay, frequency of monitoring, and the yearly delay
patterns. The responses were received by e-mail (free text) after 4-6 months
and were compared by topic and by department size as well as aligned with the
data from the 2023 public dataset.

Paper IV: A total of 13 semi-structured interviews with healthcare
professionals in RT were conducted between January 2024 to December 2024.
All interviewees had worked at the RT department at Sahlgrenska during the
last decade and 11 of them were still working there at the time of writing this
thesis. Out of 13, a total of eight professionals had leadership positions during
the studied period spanning from 2015 to 2024. Interviews were conducted in
Swedish by a senior medical physicist and were transcribed into Swedish as
well as translated to English (using Al tools licensed to Gothenburg
University). The translations were cross checked with the Swedish text to
ensure that there were no inconsistencies or misinterpretations between
languages. Questions primarily addressed technical, organizational, and
treatment-related changes and their perceived impact on daily practices. Other
questions about significant events including the COVID-19 pandemic period
were also asked. The interview data were analyzed using the thematic analysis
approach by Braun and Clarke, a commonly used method to report patterns
within qualitative data [88]. It involves systematically coding the data and
grouping similar ideas into themes or categories to understand underlying
meanings and experiences.

3.2 Dataset Preparation

3.2.1 Data Extraction

For papers I, II and III, data was extracted from the OIS using manually
developed SQL queries. These queries were written to extract information
about variables in question and given time period. Many inconsistencies
related to referral and appointment data were observed in records prior to 2019.
All inconsistencies were handled during the data cleaning process.
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3.2.2 Data Cleaning

After data extraction, a systematic data cleaning process was undertaken to

improve data quality, ensure consistency, and enhance the reliability of the
application where the datasets were used.

Common data inconsistencies found in the RT data from the OIS are described

below together with reasons for why they arise and how they were handled
throughout the four papers.

1.

Duplicate entries: Duplicate records are generated mainly because of
appointment rescheduling or cancellations where a new timestamp is
created on the same patient id. In such cases, only the entry
corresponding to the actual appointment timestamp or respective
treatment fraction timestamp was retained.

Missing information: Most common missing variable in this case was
treatment intent (missing from the 2015-16 dataset extracted for Paper
I). This was due to lack of complete information inputted into the
system since patient referrals were handled manually at the department
before 2019. Prior data specifically patient referral dates and treatment
intent were therefore not systematically registered into the system. At
the time of data extraction in 2021, measures were being implemented
by the staff to update historical data related to patient referrals
accurately resulting in increased data completeness. Such missing
entries were handled by backtracking the data to its manual sources
and supplementing the missing information in Paper I and II. If that
was not available, substitution strategies were used to complete the
missing information (refer to Paper I).

Blank entries: These are generated during system upgrades, data
migration, changes in data standards over time or other manual errors.
All blank entries were removed from the dataset, as they only
incremented the total patient count without contributing to the dataset
in any other way.

Outliers: Outliers are data points that differ substantially from most
observations in the dataset. In this context for example, most common
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outliers were patients with significantly longer waiting period between
referral and start of RT (around 250 days in some cases in comparison
to the general waiting period of 30 to 40 days). All outliers in data
were reviewed with a senior medical physicist from the department.
Majority of the outliers relating to patients being delayed longer than
average were kept to document the inadvertent variation in timelines
for respective diagnosis groups. Other outliers which reflected known
interruptions, system downtime, or workflow deviations during a
specific period were removed from respective datasets. Overall, such
outliers were less than 5% in all datasets.

5. Manual errors in the data: These mainly refer to inaccuracies
through human input, handling of data rather than system-generated
errors. For example, some typographical errors or incorrectly linked
patient information. Most errors were related to patients who were
previously treated at the same department and were linked to older
treatment IDs. These were replaced with correct information retrieved
from manual sources (staff input or physical records). Overall, manual
errors were less than 2% in all datasets.
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3.3 Ethical Considerations

The patient, treatment and fractionation-related data used in this thesis are
pseudonymized and handled only by members of the project group according
to the specifications listed in the original ethical approval or extensions thereof.
Private data keys are used for sensitive personal information, and all other
information are digitized and stored according to the guidelines for research
data at Gothenburg University and Sahlgrenska University Hospital. The
project's results are reported at group level so that single individuals cannot be
identified. Results are based on historical data for already treated patients, and
the studies have not changed or interfered with any clinical decisions. The
technical solutions developed within this project will need to be evaluated
together with the clinical RT staff to ensure that they result in the desired
departmental effects without jeopardizing any other aspect for patients or staff.
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4. RESULTS

4.1 Paper | — Data Extraction Tool

Due to OIS’s structural limitations, a significant time is needed to prepare a
dataset for analysis or for use in external applications. To solve this, a tool
(DET) for automatic data extraction directly from the OIS was created,
including cleaning and formatting of data, resulting in a quality dataset within
minutes.

In the initially extracted raw dataset from 2015 to 2016, inconsistencies were
observed in 15—-17% of referral entries, and up to 24% in appointment-related
tasks. The extracted dataset was first cleaned and prepared manually (several
weeks) to provide a “ground truth”. Then the same concepts that were used to
clean the data manually were applied to create an algorithm that was
implemented as a stand-alone external application using SQL queries, excel
automation scripting and C# programming (figure 5). The same raw dataset
was then automatically prepared by the tool and compared with the “ground
truth”.

Based on a comprehensive comparison, automatically and manually prepared
datasets differed +5% for referral data, <1% for appointment related data
overall (up to 5% for specific parts of the RT preparatory tasks) and <1% for
fractionation data.

Overall, our evaluations showed that the results by the automatically prepared
dataset were close to the manually prepared dataset for an example external
application used at the department to optimize resource utilization. The time
taken to prepare the dataset using the automated strategy reduced the time for
manual preparation from weeks to seconds.
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n| DET = (] X

From date: To date:

Wednesday. January 1.2020 v Friday  April  30. 2021 v

MOULD CT-Site1 MR RE{} QA Referrals
CourseSer Courseld DiagnosisCode Intent CourseStartDateTime

1 C2_200265 | C79 P 2/10/2020

365820 C2_191016  C61 C 3/9/2020

366107 C1_200220 | C50 P 2/26/2020

368322 C1_200309 D33 P 4/28/2020

371466 C1_200423 C34 P 1/18/2020

400143 C1_175012  C25 c 2/26/2021

Figure 5: Front end interface of the data extraction tool. Selecting Referrals extracts all
referral data for the selected time-period after the data cleaning scripts run in the
background for a few seconds. Similarly for MOULD, CT, MR, PET and QA buttons.

Abbreviations: FRAC- fractions, CourseSer- Patient ID, CourselD- treatment ID,
DiagnosisCode- ICD codes of respective diagnosis.
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4.2 Paper |l — Patient Scheduling Algorithm

When scheduling patients for RT, scheduling staff decides the treatment start
date primarily based on the priority of the patient and available slots. However,
it is also important to check the state of potential queues and the department’s
overall ability (resources) to handle patients waiting. Furthermore, there may
be extra buffer time for some diagnoses, last minute slots available in daily
scheduling practices which are tedious for the scheduling staff to identify
manually. To detect such patterns more effectively, the proposed algorithm
was based on an automated sorting strategy according to a combination of
treatment intent, patient timeline, diagnosis group and resources.

The algorithm was implemented as a stand-alone external application using
SQL queries, excel automation scripting and C# programming (Visual Studio,
Version 17.1, Microsoft, Washington, U.S.A). The prioritization principles
used for algorithm development is presented in figure 6.

The algorithm was applied to the 2022 dataset, and when compared to the real-
world scenario from the same year, the suggested patient scheduling order
reduced the number of delayed patients by 10%, with an average overall delay
reduction of 2 to 3 weeks. Monthly comparisons showed a consistent pattern
with 7% more high priority patients regardless of the diagnosis, being
suggested by the algorithm. For manual allocation, high and low priority
patients were equally distributed for the allocation part in most cases. The
number of delayed patients was reduced up to a maximum of 14 patients per
month and the average delay for most of the months was reduced by 1 to 2
weeks. Quarterly comparisons revealed that some patients from the larger
diagnosis groups could wait longer to be scheduled while patients from other
smaller diagnosis groups could be scheduled earlier. The algorithm can
potentially make the scheduling task far more time efficient for the scheduling
staff compared to current practices at the department.
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Iteration 1

Iteration 2+

Count patients for week
X

Is number of patients
less than available slots?

Yes No

Allocate priority Allocate priority, count

excess patients

Display scheduling list
for week x

Hold low priority
patients

Display
scheduling list
for week x

Priority allocation (reallocates on every
iteration)
High if
1.Acute treatment
2.Emergency treatment that was
registered last minute
3.Curative patients (<=7 days for last
preferred start)
4.Palliative (<=7 days for last preferred

start)
5.0ther curative patients

Low if

1.Palliative with 7+ days remaining for
last preferred start

2.Prophylactic with 7+ days

3.Curative patients who can wait longer
than 14 days (based on last preferred
date)

4.Other

Count patients for week
x+1

Is number of patients
less than available slots?

Yes

Allocate priority

Reorder priority by
adding hold patients
from previous week/s

Display scheduling
list for week x

Allocate priority, count
excess patients

Hold low priority
patients

check all hold

patients with last
start <=7 days?

Yes

Change priority =
high, reorder list

Display
scheduling list for
week x+1

No

Display
scheduling list
for week x+1

Figure 6: Process flow iterations of the scheduling algorithm. The algorithm accesses an
excel sheet in the background with patient and appointment data as input. Weekly averages,
formulae for assessing priority level one and two are performed by automated scripts.

Figure 6 Reprinted from Gurjar M, Lindberg J, Bjork-Eriksson T, Olsson C. A data-driven approach to
solve the RT scheduling problem. Technical Innovations and Patient Support in Radiation Oncology.
2024,32., published under the Creative Common license (https://creativecommons.org/licenses/by/4.0/).
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4.3 Paper |l — Waiting Time Definitions

The measurement of waiting time in RT is a challenge and it is known to be
complex, with multiple definitions available in literature, which may vary also
depending on the size of the RT department [46, 89]. The aim of the study was
to increase awareness of different waiting time definitions and how they impact
delay statistics in RT.

Three waiting time definitions with four time points (referral date, preferred
dates [first and last], treatment start) were investigated. In the studied dataset
from 2023, treatment start for palliative treatments was within 2-3 weeks for
all diagnosis groups after the first preferred date (figure 7). Considerable
variations were observed for the three largest groups with curative treatment
intent: breast cancer patients with coordinated treatments (delays up to 25
weeks from the referral date), prostate cancers patients with fiducial marker
treatments (delays up to 18 weeks from the referral date) and thoracic cancer
patients with non-standard treatments (delay up to 9 weeks from the referral
date). Results showed that using the referral date to measure waiting time for
palliative treatments was appropriate, as most patients begin treatment within
7 to 14 days and RT is typically used as the single treatment modality.
However, prioritized dates were more illustrative for curative treatments since
many depend on additional factors such as timing of recovery from surgery.

All 16 RT departments across Sweden delivering photons were also contacted
to understand and compare present waiting time strategies. Responses from the
responding 14 departments (3 small, 8 medium, and 3 large) showed that
waiting time definitions differed between all departments with only around one
third of the departments using the referral date to count the delay and two thirds
using prioritized deadlines. Total patient volume by diagnosis group showed
that breast, prostate and thorax were the largest three groups for departments
of all sizes. These results finally showed that various waiting time definitions
must be interpreted differently and a targeted approach is needed depending on
the setting and diagnoses treated at different RT departments.
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and (c) hard deadline to treatment start for breast, prostate and thorax group during 2023.

treatments

Figure 7: Patient delay distributions by diagnosis for (a) referral date to treatment start, (b) soft deadline to treatment start,

W Palliation

Figure 7 is reprinted from Gurjar M, Lindberg J, Olsson CE. Waiting time interpretations: Complexity
and consequences for radiotherapy delays. Technical Innovations & Patient Support in Radiation

Oncology. 2026, 37:10038, published under the Creative Common license
(https://creativecommons.org/licenses/by/4.0/).
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4.4 Paper IV — Qualitative Analysis

RT changes over time have come with transitional challenges that tested RT
departments’ coordination and adaptability with some persistent issues not
reflected in historical data [3, 12, 64, 90]. The aim of the study was to
understand staff perspectives through a qualitative analysis and identify key
factors that influenced working conditions over time with respect to treatment
availability, workflow, and operational dynamics.

A total of 13 staff members at the studied RT department participated in the
semi-structured qualitative interviews for this study. The interviews were
conducted during 2024, and the participant group consisted of oncologists
(n=8), oncology nurses (n=3), and medical physicists (n=2) with eight of them
having leadership positions within the studied time period between 2015 to
2024. A quantitative dataset for the same period was extracted from the OIS to
investigate if these data coincided with the reported notable events.

The thematic analysis resulted in a total of 27 unique codes with 9 sub-themes
and 3 overarching themes from all 13 interviews (figure 8). More than half of
the interviewees reported issues relating to resource conditions and operational
dynamics. Although quantitative data suggested that overall delays reduced
from 12 weeks (2020) to 7 weeks (2024), all interviewees still highlighted
recurring issues with staffing organization during the same years. On the other
hand, introducing new techniques and tools, especially for the two largest
diagnosis groups (breast and prostate), and other combined efforts helped to
improve various parts of the RT workflow to increase patient throughput as
well as reduce delays.

Overall, this study showed that incorporating RT staff perspectives provided
insights into day-to-day workflow events over the years that were not fully
captured in routine RT data. The analysis identified underlying topics
associated with reasons for patient waiting times and departmental delays in
addition to structured metrics of delay from quantitative data.
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Booking and scheduling practices

Patient scheduling issues
Queue issues
Organizational issues
Patient scheduling changes

Staffing Environment

Staffing organization
Staffing conditions

Organizational alterations

Resource constraints

Resource conditions
Vacation-period resource constraints
Resource intensive situations

Organizational coordination

Operational dynamics
Organizational issues
Future aspects
Combined efforts

External Factors

Pandemic effects
External compliance

Operational priority

Workflow alterations

Wrong work prioritization
Medically motivated priorities

Treatment related changes

Workflow adaptations
Change in workflow
Treatment planning changes
Fractionation Schedule changes

Digital infrastructure changes

| Technology alterations

Digital Booking routines
Software changes

Technical changes in RT

Treatment technique changes
Equipment issues
Equipment change

Equipment maintenance

Figure 8: Generated sub-themes and codes within thematic domains of organizational,
technical and workflow related changes identified across 13 interviews with RT staff
covering events from 2015 to 2024.
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5.DISCUSSION

To meet the increasing need for RT by growing numbers of cancer patients,
strategies to efficiently use available resources is key. With that perspective in
mind, this thesis has explored ways that can strengthen current work practices
in RT from four aspects. In Paper I, a tool was created to enable secondary
use of RT data. The tool automatically extracts, cleans, and processes datasets
for various uses. These readily available datasets may indirectly contribute to
resolving inefficiencies within RT departments. Improvements in
inefficiencies are also closely linked to overall patient waiting time. This is
addressed in Paper II, where an algorithm is created to simplify the patient
scheduling task by using patient and treatment characteristics that are
fundamental to carry out the operation. Allocations of treatment slots showed
that the number of delayed patients reduced in the algorithm suggestion. Better
balance was observed for rare diagnosis groups with an average delay
reduction of 2 weeks from 4-5 weeks originally. The work in Paper II also
revealed the complicated nature of patient timelines and associated
departmental delays. Waiting times were therefore investigated in Paper 111
to understand the impact of different definitions on overall delay statistics in
RT. The analysis revealed that a single definition or strategy may not be
suitable for all patients since the timelines for different diagnosis groups often
are dissimilar. In the wider scope, other departments across Sweden also noted
that there is no consistent definition used at the moment, and a more
standardized approach is needed for certain diagnosis groups. The objective
for Paper IV was to increase the understanding about effects of various
changes in RT over time and how these are reflected in quantitative and
qualitative RT data. The comparisons showed that changes in delays and
patient volumes coincided with technological transitions, organizational
changes, and external disruptions in most cases. However, staff facing major
organizational changes and extra workload was not clearly seen in historical
quantitative data.

5.1 RT Data Extraction Tool

Paper I introduces an automated data preparation tool designed to enable
faster extraction of OIS data specifically for use in external RT applications.
The paper addressed inconsistencies inherently found in raw RT data and
general inefficiencies in cleaning the data manually. Duplicate entries, missing
entries and ambiguous referral information were some of the most commonly
found irregularities in the raw RT data at the studied department. Similar
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inconsistencies are also noted in existing literature related to extraction through
the OIS [56, 89]. Furthermore, some treatment characteristics were partially
missing because only a portion of the data were digitized prior to 2019.
Nevertheless, the proposed substitution strategy for missing characteristics
preserved the dataset integrity without substantively affecting output in the
tested external application and avoiding significant data loss (up to 40% during
specific months).

An important strength of the tool in Paper I is that it was independently
developed in-house, allowing full control over functionality, and future
modifications if needed. The tool was developed as a C# front end application
and is separate from the OIS itself, avoiding direct interference with the clinical
workflows or real-time system concerns. The extraction process also use
defined variables set according to the database schema at Sahlgrenska with
read-only access to the database. Overall, the tool acts as an interface between
OIS and external applications and produces similar results to a manually
cleaned dataset saving a significant amount of time. The output from the tool
in Paper I was also tested on a simulation model used for resource utilization
[91]. The results showed uniform behavior for both time periods in relation to
their respective preparatory tasks of the workflow and treatment capacities.

Tools which effectively make secondary use of real-time data to support
decision making are limited In existing literature. A study in 2016 developed
a similar tool to automatically extract dose/volume data for dosimetry review
according to a specific trial protocol [92]. Their tool completed the extraction
in 3 minutes compared to manual extraction which took an hour. While similar
studies focused on RT application-specific data extraction strategies, the
proposed tool offers a more general, and user-friendly solution to be used in
any other application rather than creating application specific data preparation
strategies.

5.2 Patient Scheduling and Waiting Time
Definitions

Paper II presents a data-driven sorting algorithm to assist in RT patient
scheduling using real-time data from the OIS. The developed algorithm
primarily use principles typically applied in manual scheduling where both
patient and treatment related characteristics are acknowledged. The algorithm
uses available treatment slots to iteratively determine a queue-like list where
patient’s clinical priority and suggested start dates determine how soon they
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need to be scheduled for treatment. The approach aims to reduce workload and
improve reliability by eliminating human errors and other uncertainties in
manual scheduling practices. The algorithm, by using historical patterns to
guide allocations, gave more flexible scheduling patterns and absorbed delays
more strategically leading to shorter waiting times than what had been
achieved when handling corresponding data manually. Comparisons from the
manual allocations versus algorithm suggestions further demonstrated
improved balance between rare diagnosis groups who typically waited for 3+
weeks. At the same time, reductions in allocations for larger groups like breast
and prostate and earlier scheduling for smaller ones like lung and thorax. This
was issue that often observed in the datasets but overlooked in practice.

Existing literature on RT scheduling have mainly focused on resource
strategies to estimate waiting times, however, approaches to simplify the
scheduling task have been limited. For example, machine learning models have
predicted waiting times, yet without clear evidence if prediction alone led to
reduced delays [93]. In contrast, Paper II provides actionable scheduling
suggestions using both historical data and real-time updates from the OIS. The
algorithm dynamically captures patient status changes over time and generates
scenario-based suggestions that adapt to variations in demand and capacity.

Similar to the tool in Paper I, the algorithm is developed independently and
does not interfere with the OIS or real-time workflows. The results from the
algorithm only act as a data-driven suggestion for the scheduling staff,
allowing them to compare it with their own scheduling list and determine
whether to adopt or modify the proposed allocations. This also gives an
advantage to the staff to retain final decision authority in case of unexpected
changes or urgent clinical situations. Overall, this approach can improve
fairness in diagnosis distribution whilst at the same time proposing a sound
scheduling order that makes the scheduling process faster and simpler.

During the development of the algorithm in Paper II, it became evident that
the time points used to count delays were ambiguous. Paper III therefore
investigates different waiting time strategies used in RT and evaluates three
approaches to define patient delays. RT involves intricate, multi-step
workflows including imaging, treatment planning, and quality assurance which
takes 1-2 weeks but coordination with other treatments or related aftermath
such as time for recovery after surgery, timing with chemotherapy may
complicate delay metrics ever further [94, 95]. The use of preferred treatment
start dates demonstrated operational flexibility at the studied department,
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allowing scheduling buffers that can accommodate acute cases or expected
seasonal shifts like vacation periods during summer and winter. The results
also showed that palliative patients generally adhered closely to prioritized
deadlines, suggesting that referral to treatment start may be an appropriate
measure for palliative patients. However, curative cases, especially breast
cancer patients undergoing coordinated treatments, showed wide referral to
treatment start ranges without the longer waiting times necessarily indicating
a scheduling problem. When coordinated treatments were analyzed separately,
“delays” were often clinically appropriate. Similar findings were seen in
prostate cancer patients receiving fiducial marker treatments, where longer
intervals reflected lower urgency or recovery needs rather than scheduling
problems.

While national guidelines in different countries provide structured methods for
reporting cancer waiting times on a systemic level, they do not fully account
for RT-specific workflow complexities, task dependencies, or patient readiness
[21, 96]. Integrating such RT-specific characteristics noted in Paper II and 111
into national reporting frameworks would enable more harmonized
benchmarking and improve RT scheduling.

Both Papers II and III demonstrate that waiting time measurement and
scheduling decisions are highly sensitive to time point choices and that
simplistic referral-based metrics may not be suitable for all diagnosis groups
or treatment intents. Furthermore, delay metrics may also vary across booking
categories, and department sizes. Investigations in Paper III contribute to
refining scheduling strategies and support the development of more logical,
transparent, and clinically meaningful approaches to reporting and comparing
waiting times in RT. These observations challenge the use of a single, uniform
waiting time metric and underscore the need for diagnosis and booking
category specific approaches.

5.3 Qualitative Strategy

In paper 1V, qualitative trends were identified to understand the impact of
major technology and organization related transformations on the overall RT
workflow. During the last decade, introduction of new software tools such as
linac utilization for production planning, hypofractionation and other efforts
by the staff were seen to improve various parts of the workflow at the studied
RT department. For instance, oncology nurses stated that they spent a lot of
time in meetings and review rounds before the implementation of a digital
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paperless workflow. Post implementation, this was reported to be more
effectively coordinated resulting in improved efficiency between nurses.

Existing literature in RT addressing various parts of the RT workflow have
primarily used quantitative indicators. For example, RT workflow efficiency
has been evaluated using software tools to identify specific elements like
fractionation time, resource utilization, patient throughput that has contributed
to a longer timeline [81, 97]. These studies also acknowledge that multiple
technical and external factors changed over time and the impact of those was
not measured specifically. The few qualitative studies addressing RT staff
perspectives on their work have focused on either single RT profession or
impact in terms of patient care [98].

The work in Paper IV, also benefits from a long study period (approx. 10
years), and therefore captured repeated and major patterns rather than short-
term fluctuations. The emerged themes also highlighted the importance of
implementing initiatives aimed to support organizational improvements, for
instance, documenting RT staff experiences rather routinely to stay aligned
with constant developments in RT and how they impact the staff. These inputs
could be combined with quantitative studies which pinpoint measurable
inefficiencies in specific parts of the workflow [22, 23].

5.4 Limitations

In Paper 1, a substitution algorithm was applied to add missing treatment intent
for patients lacking this information. The ratios used for the substitution were
based on the historical average of curative vs palliative treatment numbers
during 2015 to 2016. It was assumed that the available curative or palliative
intent given to patients was correct. However, results from the substitution may
be biased since the dataset was relatively small. Without substitution, around
12% of patient entries would have contained missing intent thereby
complicating categorization. This may have led to exclusion of such entries
from the analysis. To reduce the risk of bias in the future, the ratios can use
larger time frame to maintain data veracity.

In the studied dataset, treatment plan, fractionation, and diagnosis were not
linked to the appointment data. Currently there are no strict guidelines for
linking this to the corresponding appointment data in the OIS and research until
now have also noted difficulties when extracting data from different OISs. [59,
99]. This means for example that CT/MRI appointment IDs are separate from
treatment IDs scheduled for RT. However, all data is still connected to the
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same patient. Data linkage was performed using respective patient IDs at the
studied department when required.

An underlying assumption of the algorithm developed in Paper 1I is that there
is a collaborative scheduling environment where scheduling staff works with
any diagnose and treatment layout. However, staffing structures differ between
departments, with some potentially using individual diagnosis-based patient
allocation patterns. The algorithm in such cases will need modifications to
cater to individual staff requirements. Another important limitation of the
algorithm 1s that it may not readily capture unexpected events such as
emergency referrals or equipment downtime unless these are promptly entered
into the OIS in real-time. Manual adjustments to the algorithm’s suggested
outputs will be required in such cases. Furthermore, the reliability of results
depends on the completeness and accuracy of OIS data, and any missing
information therefore can impact the allocation quality. The algorithm
currently focuses on first treatment scheduling, though it could be extended to
other RT workflow stages if resource availability and other characteristics can
be quantified.

Waiting time definitions investigated in Paper III primarily depend on access
to accurate timepoints in the patient’s individual pathway. Centralized
healthcare systems, like those in Sweden, may allow access to relevant clinical
timeline of the patient prior to referral at RT [100]. However, in countries
where systems are not harmonized, access to such information may be difficult.
This may limit the ability to for instance accurately track timelines for some
patients. Furthermore, the two preferred start dates investigated in this study
are specific to the studied large RT department. Small to medium sized
departments relied on a single preferred start date resulting in fewer options
for flexible allocation. This also underscores the benefits of employing more
flexible, data-informed scheduling timelines that match the department’s
characteristics.

While the findings in Paper IV are informed by participants’ subjective
experiences of the RT workflow, daily practices and hierarchies may be
different nationally and internationally. The participants represented multiple
professional groups; however, the number of participants were still few, which
may limit generalizability in other RT settings. The primary dataset in this
study is based on experiences across multiple professional positions with
expertise in different parts of the workflow. The perspectives may be
influenced by personal experiences, hierarchy or external conditions,
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potentially overrepresenting certain views. Although data saturation was not
explicitly applied, interviewees were selected based on their expertise and
years of experience, and the number of interviews was considered adequate for
this study’s purpose.
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6. CONCLUSION AND CLINICAL
IMPACT

Time taken to manually prepare RT datasets for analysis or for use in external
applications is a lengthy process requiring technical skills not necessarily held
by RT staff. In addition, raw data from clinical IT-systems used in RT such as
the OIS can rarely be directly used outside the system. The developed tool in
Paper I aims to make this task easier with an automated extraction process and
results in a cleaned dataset within seconds. The accuracy of the tool was close
to the results from the manually prepared dataset making it a reliable way to
prepare quality RT data. Data completeness was an important factor for this
tool, and it is assumed that data available in the OIS was complete. Introducing
tools like the one developed in Paper I has the potential to save significant
time to acquire high quality datasets from the OIS and will allow users to
explore historical patterns that may inform future operational decisions.

Patient scheduling in RT is a complex task with multiple steps that require
coordination across several clinical and technical aspects. Paper II identified
a way to assist the scheduling staff in daily patient scheduling practices. The
developed algorithm used patient and treatment related characteristics for
sorting patients making the algorithm more consistent and reducing chances of
manual errors and uncertainties. In conclusion, the algorithm contributes to
more balanced allocations and facilitates timely scheduling of patients with
rare diagnosis groups. The algorithm’s output therefore will ideally support the
scheduling staff in their daily decisions. Overall leading to better scheduling
management and less workload for the staff.

Waiting time definitions in RT are complex and can change depending on the
reference point. Paper III compared three waiting time definitions to
understand their impact on RT delay statistics individually. It was found that
focusing on prioritized start dates was beneficial for patients with curative
intent and complex timelines. Using the referral date was still a viable option
for palliative patients. With deepened understanding about delay
characteristics in RT, as presented in Paper III, scheduling strategies can be
refined given the type of diagnosis and size of the department. Findings from
Paper III can also hopefully guide future national cancer programs to creating
meaningful data that can illustrate both local and global issues.

RT has undergone continuous changes over the past decades. In Paper 1V, it

was found that incorporating RT staff perspectives provided insights into day-
to-day workflow events over the years that were not fully captured in routine

41



Data-driven decision support for the modern radiotherapy process

RT data from clinical IT-systems in RT such as the OIS. Particularly, the
analysis identified repetitive topics related to organizational challenges that
were consistent over the decade and mentioned by all interviewees and RT
professions — oncologists, medical physicists, nurses. This also highlighted the
need for further evaluation of underlying factors and organizational structures.
At the same time, improvements could be seen within the staff in terms of
resource conditions and reduced patient delays after COVID-19. This was
particularly because of combined efforts of staff, introduction of new
techniques and better management. The findings overall suggest that
integrating staff insights is essential when introducing new techniques and
routines in order to understand and support a resilient RT process.
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7.FUTURE PERSPECTIVES

The automated data preparation strategy and the patient scheduling algorithm
in Paper I and II, aim to maintain accurate information ready to use for the
entire RT staff and to make the scheduling task of the RT workflow less
complex. This will potentially save significant time to allow the staff or
researcher to easily perform historical data analysis for different purposes and
to schedule patients for treatment. Both strategies are designed to be use-
friendly and to fit into the data eco-system of an RT department. In the future,
both could be adjusted according to national and global RT standards to make
them available for adoption across other RT departments. Results from Paper
I and II provide proof-of-concept but that implementation at the department
requires additional actions in line with the Medical Device Regulations
(MDR).

Paper III identified different waiting time definitions suitable for specific
groups of patients. The suggestions could be validated in various-sized
departments according to the recommendations in this work. Waiting time for
patients with coordinated treatments, specially for breast cancer, can be
counted differently in the future to accommodate longer timelines.
Furthermore, analysis in this work could help national cancer care frameworks
to strengthen RT specific recommendations, for example, incorporating patient
readiness scores for patients with prior surgery or other procedures.

In Paper IV it was evident that understanding qualitative factors can improve
strategic decisions in RT. Future research could build on this work to identify
how staff insights can be systematically incorporated into the decision-making
process of the department to enable a more context-aware and practically
applicable workflow.
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USE OF GENERATIVE Al

ChatGPT and Microsoft Co-pilot (Licensed to Gothenburg University for
academic use) were used in Paper IV to translate 13 Swedish transcribed
interviews to English. Portions of the interview transcripts containing non-
essential or repetitive content were removed to retain only material relevant to
the research questions.
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