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Abstract
Objective. Increasing cancer incidence, staff shortage and high burnout rate among radiation
oncologists,medical physicists and radiation technicians are puttingmany departments under strain.
Operations research (OR) tools could optimize radiotherapy processes, however, clinical implementa-
tion ofOR-tools in radiotherapy is scarce sincemost investigated optimizationmethods lack
robustness against patient-to-patient variation in duration of tasks. By combiningOR-tools, amethod
was developed that optimized deployment of radiotherapy resources by generating robust pretreat-
ment preparation schedules that balance the expected average patient preparation time (Fmean)with
the risk of working overtime (RoO). Themethodwas evaluated for various settings of an one-stop
shop (OSS) outpatient clinic for palliative radiotherapy.Approach. TheOSS at our institute sees, scans
and treats 3–5 patients within one day. TheOSS pretreatment preparationworkflow consists of afixed
sequence of tasks, whichwasmanually optimized for radiation oncologist andCT availability. To find
more optimal sequences, with shorter Fmean and lowerRoO, a genetic algorithmwas developedwhich
regards these sequences asDNA-strands. The genetic algorithm applied natural selection principles to
produce new sequences. A decoder translated sequences to schedules tofind the conflicting fitness
parameters Fmean andRoO. For every generation, fitness of sequences was determined by the distance
to the estimated Pareto front of Fmean andRoO. Experiments were run in variousOSS-settings.
Main results. According to our approach, the expected Fmean of the current clinical schedule could be
reducedwith 37%,without increasingRoO. Additional experiments provided insights in trade-offs
between Fmean,RoO, working shift length, number of patients treated on a single day and staff
composition. Significance. Our approach demonstrated thatOR-tools could optimize radiotherapy
resources by robust pretreatment workflow scheduling. The results strongly support further
exploration of scheduling optimization for treatment preparation also outside a one-stop shop or
radiotherapy setting.

1. Introduction

According to the EuropeanCancer Information System (ECIS), the increase in cancer incidence is estimated at
12% in2030 and 21.4% in2040, compared to the incidence in 2020 (ECIS 2022). This is especially concerning
because in 2016, theWHOestimated a global shortage of 18million healthworkers by 2030 (WorldHealth 2016).
TheCOVID-19pandemic revealed already today large vulnerabilities inhospital staff capacities and the health
systems’physical infrastructure, including hospital beds andmedical equipment (WorldHealth 2022).Moreover,
the increasing healthcare costs and increased awareness of the environmental effects of healthcare impose
additional restrictions onhealthcare systems (Lichter et al2022). In addition, on-demandexpectations of the
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patientswill increase.Obviously, these developments have large impacts on radiation oncologydepartments in
Europe andbeyond. An indication thatmany radiotherapy (RT)departments are alreadyunder strain is the high
incidenceof burnout among the radiation oncologist (RO), physicists and radiotherapy technicians (RTT) (Di
Tella et al2020, Franco et al 2020a, 2020b).

Part of the solution to close the gap between supply and demand for radiation oncology could be resource
optimization, i.e.: optimization of resources tomitigate shortage of themultidisciplinary professionals and
reduce undesirable waiting time for patients. Inmany fields, operation research (OR) is used for resource
optimization. Thefield ofOR appliesmathematicalmethods tofind optimal or near-optimal solutions to
decision-making problems, and is applied in for instance;manufacturing to optimize production processes,
logistics to optimize inventorymanagement, healthcare for resource allocation,finance for trading strategy
development, transportation forfleetmanagement, energy to optimize production and distribution, and
telecommunications to optimize network design.

To date, only few groups have explored the potential ofOR for RT (Petrovic et al 2011, Saure et al 2012,
Petrovic et al 2013, Legrain et al 2015, Vieira et al 2020, Braune et al 2021). In 2016, Vieira et al (2016) reviewed 18
papers focused onORproblems related to strategic decisionmaking in RT, such as patient scheduling on the
linear accelerators, resource capacity planning, and patient prioritization.While they acknowledge the
complexity of scheduling in RT, the challenge of addressing the stochastic uncertainty of day-to-day and patient-
to-patient variation in a clinical setting remains relatively underexposed. In literature, up to our knowledge, only
4 papers included stochastic uncertainty into theirmodels; Saure et al (2012), Legrain et al (2015), Braune et al
(2021) reported on the impact of uncertainty in relation to RT appointment scheduling, andVieira et al (2018) in
relation to RTpretreatment preparation. Interestingly, to date, only Vieira et al (2021) reported on the clinical
implementation of anORmethod inRT. This could suggest a discrepancy between clinical practice and
(mathematical) theory, potentially due to large variation in execution times and the lack of robustness against
this uncertainty of the optimizedmodels.

In RT in general, all pretreatment preparation tasks are predefined in terms of order and executers (ROs,
RTTs andmedical physicists). Typically, only tasks involving patients’ presence (e.g. patient consult and
planningCT acquisition) have designated (patient) appointments. Only for these tasks, specific executers are
appointed at a specific time, thus these preparation tasks are scheduled. Vieira et al (2019) investigated the
impact of scheduling the treatment starting date in different scenarios. However, robust scheduling of
pretreatment preparation tasks themselves has not yet been investigated, presumably because of its complexity
due to the relatively large number of tasks, relations between executers, and potential dependency on input from
other departments (e.g.medical oncology, histology and radiology). This complexity causes pretreatment
preparation times fromdays toweeks, especially in curative and palliative RT for patients with good tomoderate
life expectancy. For patients with poor life expectancy, the radiotherapy pretreatment preparationworkflow is
similar, however, with limited dependency on input fromother departments. At our institute, a selection of
these patients is treated at the dedicated one-stop shop (OSS) outpatient clinic for palliative RT,which is running
in parallel with the regular RT clinic. TheseOSS-patients are treated on regular C-arm linacs likemost patients at
our regular RT clinic. However, within theOSS-setting, 3 to 5 patients are offered palliative RT the same day they
had theirfirst consult with the RO. In order to achieve pretreatment preparationwithin hours, all pretreatment
preparation tasks are executed by a limited number of dedicated staff. Therefore, theOSS for palliative RT is an
ideal use case to study the use ofOR for the robust scheduling for pretreatment preparation in RT.

Patients treated inOSSs are often frail and in pain and are treated to control symptoms, alleviate pain, and
increase quality of life in their final stage of life (Jones et al 2014, Tiwana et al 2016). So, to optimize theworkflow
froma patient perspective, the time patients spend in the hospital (i.e.:flow time) should beminimized.
Minimization of theflow time for a single patient would imply that all preparation steps are performed
consecutively. For efficiency, on the other hand, it is beneficial to havemultiple patients in the preparation phase
simultaneously, such that the idle time between the tasks of the professionals isminimized and patient
throughput is increased. From a logistical point of view, some idle timewould be beneficial to account for the
stochastic nature of the duration of different preparation steps and therefore avoid unnecessary delays for
patients and overtime for staff. From afinancial perspective, the number of professionals dedicated to theOSS
versus the number of patients treated should beminimal. In otherwords, scheduling in a predefinedOSS-setting
involves a trade-off betweenminimizing the expected average flow time per patient, the number of patients that
can be treated per day, the number of dedicated professionals involved and the risk of working overtime, i.e.: the
robustness of the process. Balancing these parameters for the predefined tasks and setting at theOSS, enables the
investigation of robust scheduling and optimization for sensible deployment of RT staff, while taking robustness
and patients’ interest into account.

The goal of the current studywas to apply operation research-tools to optimize the radiotherapy treatment
preparation schedule formultiple patients per day treated at theOSS, accounting for trade-offs between staff
composition,flow time and risk of overtime. To this end, amethodwas developed that could schedule and
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optimize pretreatment preparation tasks, by combining amulti-objective genetic algorithmwith amixed integer
linear program. Thismethod estimates pseudo-Pareto fronts of potential schedules between the average flow
time versus the risk of overtime. Solving the scheduling problem for different scenarios, i.e.: a varying number of
patients, composition of the teamof dedicated professionals, and opening times of the clinic, informs the user
on decisions at the tactical level. Also, the selected schedules could be used for decisionmaking at an operational
level, as they are ready to be implemented in the clinic. Based on the knowledge obtained from this research, new
methods could be developed that could optimize themore complex setting of an entire RTdepartment.

2.Methods

2.1. Radiotherapy treatment preparation at theOSS
As starting point for themodel, we use anOSS-settingwith one dedicated RO and two all-roundRTTs that are
both trained to perform treatment planning (i.e.: dosimetrists). This corresponds to the clinical setting at
ErasmusMCCancer Institute, UniversityMedical Center Rotterdam (ErasmusMC). The processing tasks,
based on the ErasmusMC setting, and their executers are described in table 1. In general, these tasks apply to any

Table 1.Overview of the tasks and operators used in theOSS-setting at the ErasmusMedical Center. Lunch breaks are not included as task;
however, theywere included in the scheduling algorithm.Here RO=RadiotherapyOncologist, RTT=Radiotherapy Technician,
CT=Computed Tomography, QA=Quality Assurance, R&V=Record andVerify system.

# Task Executer Description

1 Intake RO Patient is examined and informed about the treatment

2 Patient setup andCT

acquisition

RTT1 andRTT2

(2RTTs)
TwoRTTs together determine the patient setup andmake aCT scan of

the tumor and surrounding organs in the treatment position. This CT

scan is automatically fed into the segmentation algorithm

3 Organs at risk segmentation AutoSeg The patient body contour and other critical organs at risk are auto-

matically segmented (MIMSoftware Inc.) and the results are auto-
matically imported in the treatment planning system (Monaco,

Elekta)
4 Target volume delineation RO TheROdelineates the tumor based on the information from the intake

and the planningCT

5 Peer consultation and

administration

RO TheROdiscusses the results with a peer RO and reports thefindings in

the patients’ chart. As this consultation is relatively short (7 min on

average), no dedicated peers are included in the scheduling problem
and peers are assumed to be promptly available, reflecting current

clinical routine

6 Treatment planning

preparation

RTT1 orRTT2 One of the twoRTTs starts the ‘Treatment planning preparation’ based

on the planningCT and delineations after checking the automatic seg-

mentation results

7 Treatment planning RTT1 orRTT2 One of the twoRTTs starts the treatment planning process that results in

a dedicated treatment plan, whichwill steer the treatmentmachine

during dose delivery

8 Treatment planning check RTT1 orRTT2 The treatment plan is checked for errors and omissions. This task cannot

be performed by the sameRTTwhodid the ‘Treatment Planning’

9 Treatment planning approval RO The calculated radiotherapy dose is visualized together with the delinea-

tions onto the planningCT. Based on the visualization and corresp-

onding statistics, the RO checks the treatment plan andwill give the

approval if the planmeets the criteria

10 Treatment planning

post-processing

RTT1 orRTT2 After somefinal post-processing tasks, the approved plan (together with
the planningCT, delineations and calculated dose)will be exported by
one of the RTTs for AutoQA

11 Physics quality assurance check AutoQA This systemperforms an automated physics plan quality assurance

including independent 3Ddose calculation (SciMoCaTM, Scientific-

RT), if the treatment planmeets the criteria, the AutoQA system initi-

ates dataset import in the record and verify system (R&V,Mosaiq,

Elekta) of the radiotherapy treatmentmachine (Synergy or VersaHD,

Elekta). These automated checks are run under the responsibility of a

medical physics expert

12 R&V import andmanual

approval

RTT1 orRTT2 After the automatic import, amanual approval is performed by one of

the RTTs

13 R&V import check RTT1 orRTT2 The ‘R&V import check’ is performed by another RTT than the RTT

who has performed the ‘R&V import andmanual approval’
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palliative radiotherapy treatment though slight differences between centersmay exist. At ErasmusMC, the auto
segmentation (AutoSeg) and physics independent dose verification (AutoQA) are performed automatically. All
patients in theOSS setting are treated on regular C-arm linacs (Elekta’s VersaHDor Synergy). A schematic
example of the clinical OSSworkflow at ErasmusMC is illustrated infigure 1.

2.2. Solving theOSS scheduling problem
Thebackboneof our approach to evolve from the current clinical schedule to optimized schedules is a genetic
algorithm.The genetic algorithmoptimizes theorder of thedifferent pretreatment preparation tasks, i.e. the
sequence, over a number of generations by regarding this sequence as a singleDNA-strand.Key in this algorithm is
a decoder. As afirst step, this decoder assigns the partially ordered tasks in a sequence to their dedicated executers.
This couldbe explained by the following example inwhich a pretreatment preparationworkflow is considered for
four patientswith two tasks. According to table 1, thefirst taskwouldbe executed by anROand the second task by
twoRTTs.Ahypothetical sequence of two taks per patient and four patients of [1, 4, 2, 1, 3, 4, 2, 3]would then
translate to (patient 1, task 1, RO), (patient 4, task 1,RO), (patient 2, task 1,RO), (patient 1, task 2, 2RTTs), (patient
3, task 1,RO), (patient 4, task 2, 2RTTs), (patient 2, task 2, 2RTTs), (patient 3, task 2, 2RTTs). By combining these
assigned taskswith the according distributions of the execution times per task, the decoder generates schedules as
demonstrated infigure 1. In ourOSS setting, there are 13 tasks per patient and4patients, so the sequencehas 52
integers.Next, basedonprinciples of natural selection, the genetic algorithmapplies processes ofmutation,
cross-over and selection to combine parent sequences to yieldnewoffspring sequences. Selection is basedon the
fitness of the sequenceswhich is determined by2 parameters that are calculated from the decoded schedules; (1)
the expected averageflow time (Fmean), i.e.: the averagepretreatment preparation time fromstart of intake to start
of treatment, and (2) the risk of overtime (RoO), i.e.: the probability that not all treatment preparation steps for the
patients of a specific day can befinishedwithinworking hours.

The implementation of the genetic algorithm and the decoder are further explained in the following
sections. The algorithm is implemented in Python 3.8, and the decoders (based on amixed integer linear
program (MILP) and a linear program (LP)) are optimized usingGurobi version 9.1.2, Gurobi
Optimization, LLC.

2.2.1. Genetic algorithm
The genetic algorithm applied in our research is based on the non-dominated sorting genetic algorithm
(NSGA-II) for bi-objective optimization as described byDeb et al (2002). Per generation, this genetic algorithm
selects the fittest sequences determined by the distance to the pseudo-Pareto front of two conflicting objectives;
the closer to the front, the fitter the sequence. Over the generations, the temporary pseudo-Pareto frontwill be
pushed to approach its optimal shape, bymeans of natural selection.

Aflowchart of theNSGA-II algorithm for theOSS scheduling problem is shown infigure 2 and explained
below.

OurNSGA-II algorithm starts with generationG ofN random sequences (1). Each sequence represents a
partial ordering of the tasks to be performed. Each sequence is decoded into a schedule using amixed integer
linear program thatminimizes the expected Fmean (MILPFmean) and a linear program that calculates theRoO
(LPRoO) (2), see next section for details. Next, a new generation (G+1) is formed consisting ofN sequences, by

Figure 1. Schematic example of a clinical OSSworkflow,with average duration of tasks calculated based on 663 retrospective patients,
at the ErasmusMCwith 13 tasks per patient, executed by 5 different executers; RadiationOncologist in red, Radiotherapy Technicians
in yellow (both), blue (first) and green (second), andAutomatic Segmentation software in gray. TheAutomaticQuality Assurance
(task 11) is also represented in gray; however it is hardly visible as the execution time of this task is only 1 min.
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first selecting the 0.5N best sequences of the current generationG and creating an additional 0.5N offspring. The
0.5N best sequences are selected according to the Pareto front rankingmethod as described byDeb et al (2002) as
follows (3).

The sequences at the pseudo-Pareto front of Fmean andRoO get rank 1 (see alsofigure 3) and are added to the
mating pool (with size 0.5N) of generationG+1. After removal of rank 1 sequences, the sequences at the new
front get rank 2 and are added to themating pool as well, and so forth until rank r, where r refers to the highest
rank forwhich all sequences stillfit entirely in themating pool (rank 6 infigure 3). The remaining sequences to
fill themating pool upto 0.5N are selected from rank r+1 (rank 7 infigure 3, whichwould not entirely fit in the
mating pool) based on a crowding-distance calculation (Deb et al 2002) to ensure preservation of diversity. The
fronts are extracted one by one using an open-source code snippet (O'Connor 2018).

Figure 2. Flowchart of theNSGA-II implementation, with numbering, also in detail explained in the text below. (1) Initialization of
random sequences, (2) decoding of sequences to schedules and calculation of its fitness parameters, (3) ranking of sequences by fitness,
(4)mating pool selection of the 50% fittest sequences, (5a) selection of two parent sequences from themating pool, (5b) offspring
creation, (5c)mutation, (5e) adding of offspring to new populations, (6) decoding of offspring sequences and calculation of new
fitness parameters, (7)merging of sequences frommating pool and offspring, (8) ranking of sequences byfitness, (9) comparison of 1st
rank sequences of this generation to the 1st rank sequences of theX previous generations, if no new sequences were added, the genetic
algorithm isfinished.
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After creating themating pool (4), the algorithm generates 0.5N offspring (5). First, two parents are selected
at random (5a) that create two offspring by a random single point cross-over (5b). Next,Mmutations are applied
to the offspring by swapping two randomelements in the sequence (5c). Offspring are added to the new
population (5d) to a total of 0.5N (5e). The expected Fmean andRoO for the offspring are calculated byMILPFmean

and LPRoO (6). The new generation is formed by the 0.5N elements in themating pool and the 0.5N offspring (7)
and sequences are ranked based on the newpseudo-Pareto front (8). New generations are added by theNSGA-II
until no new points are added to the rank 1 fronts inX subsequent generations (9).

2.2.2. Decoder for computation of expected Fmean andRoO
The expected Fmean andRoO are calculated by amixed integer linear programMILPFmean and a linear program
LPRoO, respectively. TheMILPFmean has a sequence,mean durations, and possible executers of the tasks as input
in order to optimize the associated schedule byminimizing its expected Fmean. Therefore,MILPFmean has the
minimized Fmean and optimized schedule for the associated sequence asmain output. TheMILPFmean also
optimizes the start time of each patient and task, and the time of the lunch breaks. Next, the LPRoO uses the
results fromMILPFmean to quickly optimize the schedule with the same associated sequence for a series of new
scenarios from a presampled distribution of varying durations of tasks, byminimizing the new expected Fmean.
Through LPRoO thefinishing time per scenario is determined and the impact of varying durations of tasks in
different scenarios is evaluated. Eventually, theRoO is computed by determining the percentage of scenarios
expected to befinished before the end of theworking shift. BothMILPFmean and LPRoO are explained below.

2.2.2.1.MILPFmean: determining start times and assigning executers tominimize the expected Fmean

The expected Fmean of a sequence cannot be calculated directly since it depends on the start time of each patient
and the executer that performs the task. Therefore, prior to solvingMILPFmean, the sequences from theNSGA-II
algorithm are translated to ordered lists of tasks per executer type (Gen et al 1994, Petrovic et al 2011), i.e.: RO,

Table 2. Sets that are used inMILPFmean.

MILPFmean

Sets Description

P Set of patients

O Set of operator types. O= {ROs, RTTs, AutoSeg, AutoQA}
ε Set of executers. ε= εROs∪ εRTTs∪ εAutoSeg∪ εAutoQA= {RO1, RO2 }∪ {RTT1, RTT2 }∪ {AutoSeg}∪ {AutoQA}, in the case

of twoROs and twoRTTs

Te Set of tasks that can be performed by executer e. Note that all tasks inTROswill be executed by either RO1 or RO2, and that

tasks inTRTTs will be executed by either RTT1 and/orRTT2

T T=TROs∪TRTTs∪TAutoSeg∪TAutoQA

T2RTTs Set of tasks that require twoRTTs, whereT2RTTs⊂TRTTs

TdiffRTTs Set of tasks that need to be performed by a different RTT than the previous task, whereTdiffRTTs⊂TRTTs

Xe Precedence relations of tasks for operator type .O Each task is described as a patient-task pair (p, t). For example, ((p′, t′), (p’’,
t’’))T XRTTsmeans that the RTTs cannot start working on operation t'' on patient p’’ before they have startedworking on
operation t’ on patient p’

Table 3.Parameters that are used inMILPFmean.

MILPFmean

Parameters Description

rt Execution time for task t

M A sufficiently large number

P The number of patients

S Threshold for pretreatment preparations

pfirst Thefirst patient (patient 1)
tfirst Thefirst task (task 1)
tfinal The last task (task 13)
Bstart Start of the break timewindow (expressed inmin-

utes from start of thefirst task)
Bend End of the break timewindow (expressed inminutes

from start of thefirst task)
BRO Minimal break length for anRO

BRTT Minimal break length for anRTT
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RTT,AutoSeg andAutoQA. TheRTT tasks can be subdivided into a joint task for 2RTTs (denoted by the set
2RTTsT ), individual tasks for oneRTT (TRTT), and checks of a previous task that needs to be done by another

RTT than the onewho executed the previous task (TdiffRTTs ). These precedence relations are stored in the setχe

and are used as input forMILPFmean. The complete sets, parameters, and variables ofMILPFmean are described in
tables 2, 3 and 4, respectively.

The objective and constraints ofMILPFmean are described below.MILPFmeanminimizes the expected Fmean

(1)while satisfying the constraints that are imposed by the localOSSworkflow, e.g.: the RO that does the intake
also does the other RO tasks of the same patient, the RTTs do the patient setup andCT acquisition together, and
if the treatment planning or R&V import are performed by oneRTT, the other RTTperforms the checks. These
and other practical constraints are translated to the constraints that are listed and described below.

( )å
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Figure 3.Example of the (pseudo-)Pareto front ranking of the fittest sequences at the 10th generation.

Table 4.Variables that were used inMILPFmean.

MILPFmean

Variables Description

Fp Flow time of patient p

se,p,t Time that executer e starts working on task t for patient p

a e,p,t 1 if executer e performs task t for patient p, 0 otherwise (assignment variable). Used for RTT, AutoSeg andAutoQA tasks.

ue,p 1 if executer e is assigned to patient p, 0 otherwise (assignment variable). Used for RO tasks, as all tasks for one patient are

executed by the sameRO and hence the subscript t can be dropped.

be,p,t 1 if executer e performs task t for patient p before lunch break, 0 otherwise (assignment variable)
bte Time that executer e starts a lunch break
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Constraints (2) and (3) ensure that the ROs, the RTTs and automated operators are working on only one task
at a time and that the ordering imposed by the ordering sequence is respected. Constraints (4)–(7) ensure that no

Table 5. Sets that are used in the LPRoO.

LPRoO

Sets Description

P Set of patients

XMILPFmean Precedence relations of tasks for executer e as optimized byMILPFmean. Each task is described as a patient-task pair (p, t). For

example, ((p′, t′), (′, t′)) ÎXMILPFmeanmeans that the executer cannot start working on operation t′ on patient p′ before

they have startedworking on operation t′ on patient p′.

Table 6.Parameters that are used in the LPRoO.

LPRoO

Parameters Description

rp,t Execution time for task t of patient p (including patient specific lunch break time), varying per task and each patient based on
a presampled execution times distribution

t_first First task

t_final Last task

sMILPFmean
p,t_first Start time of thefirst task of every patient fromMILPFmean (it cannot be expected that patients arrive early)
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two executers canwork on the same patient simultaneously. The tasks that require both RTTs need to start at the
same time for bothRTTs, which is enforced by constraints (8). Constraints (9) compute the expected Fmean for
each patient. Constraints (10) ensure that every RTT task is assigned to exactly one RTT. Constraints (11) and
(12) ensure that the AutoSeg and respectively AutoQA tasks are executed for all patients. Constraints (13) assign
each patient to exactly one RO.All tasks need to befinished before the end of the day, which is enforced by
constraints (14). Constraints (15)–(17) ensure that all tasks are executed by the required professionals, and
constraints (18) assign the task that needs to be performed by twoRTTs to twoRTTs. If one RTT is assigned to a
specific task that needs to be checked by another RTT, constraints (19) assign the check to another RTT than the
onewho has performed the task. Constraints (20) ensure that if a task is scheduled before the break, then all tasks
preceding this task are scheduled before the break aswell. The lunch breaks for all ROs andRTTs arewithin a
fixed break timewindow,which is imposed by constraints (21)–(23). Constraints (24) and (25) ensure that the
RTTbreak respectively the RObreak starts after the last RTT, respectively RO task, before the break has finished,
and constraints (26) and (27)place a lower bound ofBRTT on the lunch break duration for RTTs andBRO for
ROs, respectively. Constraints (28) ensure that thefirst task of thefirst patient starts at the beginning of the day
and, to avoid degeneracy, that this task is assigned to the first RO (RO1).

2.2.2.2. LPRoO: determining the risk of overtime
Since execution times are stochastic, the schedulemay experience some delays which could result inworking
overtime. To address this, execution times are randomly sampled for each task to obtain a realization of the
schedule for a single day, i.e.: a scenario. Samplingmany scenarios results in an overview of the variability of the
working day length. TheRoO is determined as the percentage of scenarios expected tofinish after the end of the
working shift, according to equation (29).

( )=
>

RoO
S

100
number of scenarios

number of scenarios
. 29

Here, threshold S is predefined by the end of theworking shift as specified inMILPFmean.
The expected finish times are computed by LPRoO for each schedule obtained byMILPFmean while varying

(pre-sampled) execution times per task for each patient. The lunch breaks are incorporated in these execution
times according to break time assignment values fromMILPFmean. LPRoO uses the following sets, parameters,
variables, and optimized ordering and precedence relations ofMILPFmean, see tables 5, 6 and 7, respectively.

Based on the order of tasks, start times of the first task of every patient and the (randomly pre-sampled)
duration of tasks (including break time) fromMILPFmean, LPRoO is given by;
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Here, the expected Fmean is optimized (30)while satisfying three constraints. Constraints (31) assure that the
scheduled order of the tasks for each executer ofMILPFmean is copied to LPRoO, constraints (32) calculate the
expected flow time of each patient for a scenario from the presampled distribution of task execution times, and
constraints (33) ensure that the start time for every patient is not before the planned start time fromMILPFmean.
Note that LPRoO does not optimize any planning decisions, itmerely computes the expected finish times for
different scenarios in an efficient way to determine theRoO.

2.3. Average execution times per task and probability distributions
As input forMILPFmean and LPRoO, real-life execution times of the 11manually executed processing tasks were
collected from663 patients that were treated at theOSS of ErasmusMC fromOctober 2019 toOctober 2020. As
therewas little variation in the execution times for the automatedAutoSeg andAutoQA tasks, thesewere fixed

Table 7.Variables that are used in the LPRoO.

LPRoO

Variables Description

sp,t Start time for task t of patient p

Fp Flow time of patient p
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according to the current clinical setting at 4 min and 1 min, respectively. Based on the cleaned data, a
Kolmogorov-Smirnov test was applied to determinewhich distribution fitted the execution times for the 11
manual tasks best. The datawas tested for beta, chi-squared, exponential, f, gamma, logistic, lognormal, normal,
pareto, powerlaw, t, wald, weibull-min andweibull-max distributions, by using the kstest() function from the
Python scipy.stats library (2020). From the bestfitting distributions, themean execution time per taskwas used
as input forMILPFmean. For LPRoO, the distributions of the 13 tasks were approximated by taking 250 random
samples from thefitted distribution (appendix A.1) for each patient, yielding a 13× 250×Pmatrix (rp,t) as input
for LPRoO, where P is the number of patients.

2.4. Experiments
TheNSGA-II algorithmwas tuned for different values of population size,mutation rate and stopping criteria
threshold. Based on this tuning, the following parameters were used: population sizeN= 200, number of

Figure 4.This figure shows pseudo-Pareto fronts of schedules for different generations of theNSGA-II algorithm. The 445th
generation (green dots) fulfills the stopping criteria: i.e. the front did not change for the next 50 generations after generation 445. Every
marker represents a schedule and the schedules are connectedwith dotted lines for readability. The green arrows indicate schedules A,
B andC that are shown infigure 5.Note that as the Fmean increases, the risk of overtime decreases. This ismay seem counterintuitive
and is explained inmore detail in the discussion and the caption offigure 5.

Table 8.Results of theKolmogorov-Smirnov tests per task, based on the data of 663 retrospectively analyzed patients. The average
processing times per taskwere used as the input forMILPFmean and the distributions for sampling the variation of duration of tasks as input
for LPRoO. The automated tasks are notedwith an * and are not assessedwithKolmogorov-Smirnov testes, butfixed at 4 min and 1 min,
respectively.

# Task Distribution
Execution time

Mean [min] Stdev [min]

1 Intake f 31 10

2 Patient Setup andCTAcquisition beta 26 13

3 Automatic Segmentation* Not applicable 4 0

4 Target VolumeDelineation gamma 22 11

5 Peer Consultation andAdministration chi2 29 12

6 Treatment Planning Preparation lognorm 22 7

7 Treatment Planning exponential 15 8

8 Treatment PlanningCheck beta 5 2

9 Treatment PlanningApproval beta 5 2

10 Treatment Planning Post-Processing gamma 15 5

11 Automatic QA* Not applicable 1 0

12 R&V Import andManual Approval beta 10 5

13 R&V Import Check gamma 5 2

Total 190
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mutationsMwas a randomnumber between 1 and 5, random cross-over, and stopping criteria
thresholdX= 50.

To explore the possibilities of ourNSGA-II algorithm, simulationswere run for variousOSS-settings. First,
theOSS-setting of 4 patients and 1ROwas run for 2000 generations to test the convergence of themodel and the
choice ofX= 50 generations for the stopping criteria. In addition, as genetic algorithms in general are prone to
get stuck in localminima, the sensitivity for the describedNSGA-II algorithmwas assessed by repeating this
setting fourmore times. Second, the same settingwas run for varying lengths of the preparation time (i.e.: shifts)
from8:00–17:30, 8:00–17:00, 8:30–17:00, 8:30–16:30, 9:00–16:30 and 9:00–16:00. Here, lunch break time
windowswere fixed between 12:30–13:30.Note that thefinish time threshold forRoO calculationwas set
according to the length of theworking shifts. In the third set of simulations 6 differentOSS-settings are
evaluated: 3 patients with 1 and 2ROs, 4 patients with 1 and 2ROs, and 5 patients with 1 and 2ROs, with
working shift length and break timewindows kept constant like in the first experiment. The optimized schedules
were compared to the clinical schedule at the time of the study.

Figure 5.Example of 3 schedules at the pseudo-Pareto front of the 445th generation of theNSGA-II algorithm in theOSS-settingwith
4 patients and 1RO. The upper chart (A) shows the shortest expected Fmean, (B) a balanced expected Fmean andRoO, and (C) the lowest
RoO. Schedule Ahas the smallest Fmean, but the highest risk of overtime. There are two reasons. First for schedule A the last patient is
finished later than for schedule B andC. Second, a small Fmean is achieved by scheduling the different steps per patient close to
eachother, with hardly any idle time. Because of the lack of idle time there is hardly any compensation for tasks that take longer than
expected. So, in case one ormore tasks take longer than expected, there is a large risk of overtime.With schedules B andC the last
patients isfinished earlier than for schedule A, and there ismore idle time, which leads to larger Fmeans but alsomore compensation in
case of unexpected delays. And therefore a reduced risk of overtime.
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3. Results

3.1. Execution times
Table 8 shows the results of the Kolmogorov-Smirnov test based on the data of 663 retrospectively analysed
patients, whichwas used tofind the probability distribution of each task’s execution time, used for input of
MILPFmean and LPRoO.

3.2. Experiment 1—convergence of theNSGA-II algorithm
Figure 4 shows the pseudo-Pareto fronts of schedules from the different generations of theNSGA-II algorithm
and the clinical schedule from figure 1, denoted as a star (expected Fmean= 403 min,RoO= 12.0%). Note that all
schedules led to a decrease in expected Fmean compared to the clinical schedule and often also to a smallerRoO.

Figure 6.Pseudo-Pareto fronts of schedules for various lengths of working shifts. The thersholds for RoO calculation changed
according to the lengths of the shifts. The lunch break timewindowswerefixed between 12:30 and 13:30.Note that the sameOSS-
settings are shown in green in thisfigure and infigure 4.

Figure 7.Pseudo-Pareto fronts of schedules for differentOSS-settings. Here, theworking shift length, lunch breakwindow, and the
number of RTTs arefixed. The fronts for 3 patients with 1 and 2ROs, and for 4 patients and 2ROs only consist of a few points,
indicating that for theseOSS-settings theworking length shift with corresponding finish time threshold for the RoO calculations are
easilymet, even for short expected Fmean. Note that the sameOSS-settings are shown in green in thisfigure, as in figures 5 and 6.
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For instance, schedule B (see alsofigure 5) indicated by the green arrow, outperforms the clinical schedule by
150 minwith also a reduction inRoO of 4.4%.

The 445th generation (green)was thefirst generation thatmet the stopping criteria. Between generation
445th and 1000th and between the 1000th and the 2000th generation slight changes in the front are observed,
but only for non-clinically relevant schedules (RoO above 25%). This indicates that the chosen stopping criteria
were indeed suitable.Within this range, the describedNSGA-II algorithm showed good robustness against
getting stuck in unfavorable localminima (see appendix A.2).

From the pseudo-Pareto front of the 445th generation, Gannt charts of three schedules (indicated by green
arrows infigure 4) are shown infigure 5: (A) the shortest expected Fmean (expected Fmean= 231 min, 87.6%
RoO), (B)where expected Fmean andRoO are balanced (expected Fmean= 253 min, 7.6%RoO), and (C) the
lowestRoO (1.6%RoO, expected Fmean= 355 min).

Note that a short expected Fmeanwith little waiting time from a patient perspective has the highestRoO, while
a very lowRoO can lead tomore idle time for the executers and (unnecessary)waiting time.

3.3. Experiment 2—sensitivity to the length of theworking shifts
Experiment 2 explored the effect of the length of theworking shift ofRoO and expected Fmean . Results are shown
infigure 6. The stopping criterionwasmet after 1118, 445, 1529, 767, and 1446 generations, respectively. After
250 generations, therewere still no feasible results for shifts from9:00 to 16:00, therefore this runwas aborted
and excluded from further analysis. Interestingly, by increasing the shift with 30 min, from8:00–17:00 to
8:00–17:30, the expected Fmean decreased 57 min (from289 to 232 min), for an equalRoO of 4.8%. The
according schedules are shown infigure A.1 in appendix A.3.

3.4. Experiment 3—evaluation of varying number of patients and staff composition
Here, theNSGA-II algorithmwas deployed to explore the feasibility of variousOSS-settings by changing the
number of patients and available ROs, with aworking shift from8:00 to 17:00. The stopping criteria weremet
after 118, 8, 445, 102, 1047, and 921 generations, respectively. Figure 7 shows the corresponding pseudo-Pareto
fronts. Compared to the 4 patients and 1RO setting, the settingwith 5 patients and a secondRO showed an
equivalent pseudo-Pareto front. The two curves intersect around Fmean= 267 min andRoO= 5.9%,with a
lowerRoO for the setting of 4 patients and 1RObefore the intersection and a lowerRoO for the setting of 5
patiets and 2ROs after. Treating 3 patients instead of 4with oneRO led to a gain in expected Fmean of 139 min at
anRoO of 1.2% and 1.6%, respectively. For theOSS settingwith 5 patients and 1RO (figure 7, blue triangles) the
NSGA-II algorithm found only schedules with anRoO higher than 65%.

4.Discussion

In this studywe presented amethod that solves the scheduling problem for radiotherapyOSS outpatient clinics.
Themethod and results can support RTmanagement by providing insights in the trade-off between the average
time patients spend in the hospital, the risk of overtime, various choices of the length of theworking shift, the
number of patients treated on a single day and the staff composition. The optimization code ismade publicly
available (Hoffmans-Holtzer 2022). As the code allows for configuration of tasks, executers and durations, it can
be used to explore variousOSS-settings.We showed that by solving the scheduling problem, for a standard
setting of 4 patients per day and 1RO, the best schedule leads to a decrease in expected Fmean of 153 min
compared to the clinical schedule whichwasmanually created. This decrease waswithout any costs in terms of
robustness (12.0% for clinical versus 11.2% for optimized schedule), working times, number of patients treated
or staff composition.

This observation shows that, by smartly scheduling the order of tasks, largeworkflow improvements can be
observed and therefore it strongly supports the further exploration of operations research (OR) for further
optimization of the radiotherapy preparation process. Additionally, the developed scheduling approach
provided valuable business information regarding the underlying trade-offs between patient flow time, risk of
overtime, the number of patients treated, the consequences of changing staff composition and the effect of
changingworking hours.

Thefirst experiments shows a clear trade-off between Fmean andRoO, thatmay seem counterintuitive: the
shorter the Fmean the higher the risk of overtime. Figure 5 shows that the schedule with the smallest Fmean

(schedule A) is the schedule for which theworking day takes longest. As there is littlemargin between the
different tasks, a delay for a certain task and certain patient cannot be compensated for downstream and the
schedule will go into overtime.With schedule C on the other hand, an unexpected delay in e.g. task 6 of patient 1
will not affect the tasks downstream, since there is somemargin between the next task the operators need to do.
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Themargin leads to a higher Fmean, but at the same time allows for the compensation that is needed to reduce
theRoO.

The second experiment demonstrated the somewhat unintuitivefinding that a relatively small change in
working shift length of 30 min could lead to a reduction of the expected Fmean of approximately 1 h. Please note
here, that for a specific sequence a change of theworking shift length not only changes theRoO, but also
influences the optimal solution ofMILPFmean in terms of executer and break time selection, potentially leading
to new (pseudo)-Pareto fronts. Therefore a relatively small change inworking shift length can lead to a large
Pareto front change; for example, for anRoO of 4.8% a reduction of the expected Fmean of approximately 1 h
could be achieved for the 8:00–17:30 shift compared to the 8:00–17:00 shift. This underlines the potential of
mathematical optimization ofmany schedules and the exploration of estimated Pareto fronts for different
settings, in contrast tomanual optimization of a limited set of schedules.

The third experiment showed that schedules with short expected Fmean and lowRoO exist for theOSS-
settings of 3 patients with 1 and 2ROs and 4 patients with 2ROs, i.e.: for these settings theworking shifts could
be reduced. Also, the lownumber of generations needed for these settings suggests that theNSGA-II algorithm
was not challenged tofindmore optimal schedules. The setting of 5 patients and 1ROappeared not achievable in
clinical practice because of the largeRoO. The presence of one additional RO (and an equal number of 2RTTs)
would only result in amodest benefit of one additional patient that could be included, with similar Fmean

andRoO.
With the experiments described above, we demonstrated the feasibility and potential gain of the application

ofOR-tools for optimizing the pretreatment preparationworkflow in the setting of anOSS for palliative
radiotherapy. The use of the genetic algorithms and (MI)LPs are not new in thefield of radiotherapy and health
care scheduling (Zhou et al 2018, Vieira et al 2020). However, to the best of our knowledge this is thefirst study
that combines bothmethods to optimize the radiotherapy treatment preparation process, while accounting for
the uncertainties in execution times that are inherent to real world clinical applications.

Even though the describedmodel is tailored to our specific clinical constraints, generalization to other
centers is relatively straightforwardwith the code that is publiclymade available (Hoffmans-Holtzer 2022).
Center-specific information such as the process flowof the patient, the processing times, andwhich expert
performswhich task is included in the algorithm as input information through either parameters or index sets
and can hence be easily adapted. Some centersmay have specific restrictions, e.g. due to specific treatment
machines or systems, that can be taken into account easily by adding corresponding constraints toMILPFmean.
Besides other radiotherapyOSS-settings, such a settingmay occur in other workshop-like environments where
expert staff can be assigned tomultiple tasks (e.g. as in a dermatology clinic (Romero et al 2013)), or where
dedicatedmachines are used for some of the tasks, while employees carry outmultiple othermanual tasks.
Therefore, theOR-tools for optimizing the pretreatment preparationworkflow inside and outside radiotherapy
and could be of value formitigating the increasing gap between supply and demand for radiation oncology and
beyond.

This study had a couple of limitations that need to be addressed. First, the stochastic nature of the processing
time per taskwas only accounted for in theRoO calculation but not in the expected Fmean optimization.
Therefore,many schedules with the same optimal expected Fmean could be computed, but with differentRoO.
Nevertheless, the survival of the fittest approach by theNSGA-II takes this into account, by filtering out
schedules with unfavorable idle timewindows. Second, a disadvantage of genetic algorithms are that they could
get stuck in localminima.However, for the settings used in this study (mutation rate, stopping criteria, size of
themating pools) the reproducibility was sufficient (appendix A.2). Third, theMILPFmean optimizes the
expected Fmean, but not the idle time for executers. This leads to efficient schedules, though the idle time between
tasks of the same executermay be perceived an inefficient from the executers’ perspective. In fact the idle time
allows for an efficient schedule, because it allows for compensation of unexepected delays thatwould have led
otherwise to a highRoO. Although the schedules were not directlymathematically optimized for idle time for
executers, the algorithmwill only generate schedules with balanced Fmean andRoO, and balanced idle time for
the executers simultaneously. Fourth, the algorithm requires a lengthy computation of a couple of hours up to
weeks depending on the length of theworking shift and the staff composition. For theOSS-setting this is not a
problem since the algorithm is only used for planning at the tactical level and hence needs to be run only once.
However, to upscale to settings withmore patients or staff, it would become a challenge, and possibly other
optimization algorithmswould be a betterfit.With upscaling tomore patients and staff, the limited speed of the
MILPFmean will be themain bottleneck as it will become too slow to handle the complexity caused by increased
numbers of patients, tasks and executers (staff).Moreover, the genetic algorithmwill needmore iterations to
converge to the estimated Pareto fronts, whichwill increase the number of times theMILPFmean needs to run. In
the future, this could be overcome by implementation ofmachine learning techniques like neural networks
instead of the (MI)LPs to feed the genetic algorithms, in combinationwith stochastic programming.
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Before upscaling, however, the approach is currently being tested in the clinical OSS-setting, to investigate
whether the potential gains described by the simulations in this article are indeed robust enough against clinical
practice.

5. Conclusion

To anticipate to the expected increase in cancer incidence and staff shortage, operations research tools were
investigated that could optimize deployment of radiotherapy resources. For sensible application in clinical
practice, these tools need to be robust against the patient-to-patient variation in the duration of tasks. This study
describes amethod that optimizes the radiotherapy pretreatment preparation schedule of the one-stop shop
outpatient clinic for palliative radiotherapy. Based on thismethod, the expected average pretreatment
preparation time of patients at the one-stop shop could be reducedwith 37%,without increasing the risk of
delays or additional costs. The experiments provided insights in the trade-offs between pretreatment
preparation time, risk of working overtime, working shift length, number of patients treated on a single day and
staff composition. Therefore, this approach could be of value to support tactical and strategic decisionmaking.
The results strongly support further exploration of scheduling optimization for radiotherapy preparation also
outside a one-stop shop or radiotherapy setting.
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Appendix

A.1. Determining sample size for RoO-matrix
This experiment describes the choice of the number of samples for adequateRoO sampling. First, a large
13× 10 000× 4RoO-matrix is built with processing times that are sampled from theKolmogorov-Smirnov
distributions. Based on thismatrix, the clinical schedule infigure 1 is evaluated for 10 000 simulations, resulting
in 10 000 different durations of the completeflow. Table A.1 shows the results for different sample sizes; the
mean, 25%, 50%and 75%percentile are approximately the samewhen using 250 up to 10 000 samples. Based on
thesefindings, anRoO sample size of 250 is presumed to be sufficient and therefore used in all experiments.

A.2. NSGA-II algorithm robustness against unfavorable localminima
This experiment investigates sensitivity of theNSGA-II algorithm for getting stuck in unfavorable localminima.
Figure 8 shows that thewhen theNSGA-II is run for 5 times for the same setting andwith constant parameters
(population sizeN= 200, number ofmutationsM= a randomnumber between 1 and 5, random cross-over
and stopping criteria thresholdX= 50), all runs showhigly comparable results, especially for the clinically
relevant schedules (RoO below 25%).

A.3. Comparison ofworking shifts 8:00–17:30 and 8:00–17:00with 4.8%RoO
Figure A.1 shows schedules for shifts from8:00–17:00 (A) and 8:00–17:30 (B). Both schedules are at the
estimated Pareto front and have anRoO of 4.8%. The expected Fmean decreases with approximately 1 h (from
289 to 232 min)when the shift length is increased by 30 min from8:00–17:00 to 8:00–17:30.
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Table A.1.Results of the evaluation of the duration of the working day for the schedule of the clinical example shown in
figure 1 by LPRoO for different sample sizes. The selected sample size of 250 is highlighted in grey.

Sample size Mean Std Min 25%percentile 50%percentile 75%percentile Max

[#] (min) (min) (min) (min) (min) (min) (min)

50 511 30 441 495 512 528 597

100 514 34 432 490 509 533 607

250 509 31 432 488 508 528 607

500 510 29 429 489 508 528 607

1000 510 30 405 489 509 529 607

2500 510 30 405 487 509 529 634

10 000 510 30 405 489 508 530 634

Figure 8.Pseudo-Pareto fronts of schedules for the same setting as evaluated in experiment 1. The experiment presented in figure 4 is
repeated four times to investigate howwell the genetic algorithm converges. In all cases the genetic algorithm reached similar solutions
in the (clinically relevant) rangewith a risk of over time below 15%.Note that the Reference run is shown in green in thisfigure and is
the same as infigures 5, 6 and 7.
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