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Abstract—Artificial intelligence (AI) applications have recently
been proposed to detect errors in radiotherapy plans. External
validation of such systems is essential to assess their performance
and safety before applying them to clinical practice. We collected
data from 5238 patients treated at Maastro Clinic and introduced
a range of common radiotherapy plan errors for the model to
detect. We estimated the model’s discrimination by calculating
the area under the receiver-operating characteristic curve (AUC).
We also assessed its clinical usefulness as an alert system that
could reduce the need for manual checks by calculating the per-
centage of values flagged as errors and the positive predictive
value (PPV) for a range of high sensitivities (95%–99%) and
error prevalence. The AUC when considering all variables was
67.8% (95% CI, 65.6%–69.9%). The AUC varied widely for dif-
ferent types of errors (from 90.4% for table angle errors to 54.5%
for planning tumor volume-PTV dose errors). The percentage of
flagged values ranged from 84% to 90% for sensitivities between
95% and 99% and the PPV was only slightly higher than the
prevalence of the errors. The model’s performance in the external
validation was significantly worse than that in its original setting
(AUC of 68% versus 89%). Its usefulness as an alert system to
reduce the need for manual checks is questionable due to the low
PPV and high percentage of values flagged as potential errors to
achieve a high sensitivity. We analyzed the apparent limitations
of the model and we proposed actions to overcome them.

Index Terms—Artificial intelligence (AI), Bayesian network
(BN), radiotherapy, treatment planning.

I. INTRODUCTION

OVER the past decades, radiotherapy has constituted
a fundamental treatment modality for cancer patients

along with other treatment options, such as surgery,
chemotherapy, and immunotherapy [1]. Radiotherapy’s cost
effectiveness (5% of the total cost of oncological care) [2] as
well as the number of patients that are treated with it (50% of
cancer patients) [1], [3] and its potentially curative nature [4],
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stress the need for an accurate treatment plan construction and
delivery. Recent advancements in the field of artificial intelli-
gence (AI) have contributed to a significant progress regarding
the automation of the treatment planning process such as the
automatic delineation of the clinical target volumes (CTVs)
or organs at risk (OAR) [5], [6] and the automatic dosimetric
evaluation of treatment planning [7].

Radiotherapy treatment planning is a complex procedure
that requires a coordinated team effort by an interdisciplinary
group that consists of radiation oncologists, medical physi-
cists, radiation technologists, and dosimetrists. The objective
of radiotherapy treatment planning is to safely and effi-
ciently prescribe the optimal dose to the anatomical target
volume of the patients. Mistakes made during this process
can cause serious risks during the treatment planning exe-
cution. In the past, several organizations, such as the World
Health Organization (WHO), the American Association of
Physicists in Medicine (AAPM), and the European Society
for Therapeutic Radiation Oncology (ESTRO), have published
recommendation guidelines for the elimination of the radio-
therapy errors [8]–[10]. Generally, the radiotherapy treatment
plan errors can be subdivided into operational or system errors.
For instance, malfunction of the multileaf collimators (MLCs)
system of the linear accelerator (LINAC) in a case of intensity-
modulated radiation therapy (IMRT) or differences between
the prescribed dose and the dose per radiotherapy fraction due
to adjustments of the reference points are some of the poten-
tial errors. These errors can lead to serious accidents with
extremely severe consequences for both patients and clinical
professionals [11], [12].

Increased automation, supported by AI techniques and
combined with human expertise, could reduce the time
needed for the development and execution of a radiother-
apy treatment plan. Furthermore, the implementation of AI
methods can potentially contribute to the early detection of
plan errors and the reduction of the time needed for their
detection [13], [14].

Currently, we are entering a new challenging and promis-
ing era in radiotherapy where AI has started to manifest its
potential with several applications. For example, several stud-
ies introduced automated treatment plan verification for the
detection or errors during radiotherapy [15]–[19]. Moreover,
with the development of the automated pipelines for the val-
idation and quality assurance (QA) of the radiotherapy plans,
objections raised regarding their accuracy and implementa-
tion, such as the requirement of expertise knowledge of the
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manual planning (i.e., human intervention) and reproducibility
issues [20].

To address these limitations, Luk et al. [21] proposed
a model to detect radiotherapy errors using an AI-based
approach. Their Bayesian network (BN) model can flag
anomalies in 29 variables related to diagnostic, prescription,
plan, and setup level parameters to assist clinical physicists and
clinicians on the time-consuming and error-prone radiotherapy
treatment planning procedure.

BNs are the most popular type of probabilistic graphical
models (PGMs), which emerged during the 1980s and rose
to prominence in the next decade [22]. PGMs use graphs
to represent the probabilistic dependencies between the vari-
ables in a model. BNs, for example, use directed acyclic
graphs (DAGs) where each variable is represented by a node
and links between variables imply causality. In addition, the
conditional probability distribution (CPD) of each variable is
defined as a function of its parents in the graph (i.e., the set
of nodes that have links pointing at one particular node). The
structure of the graph of the BN and the CPDs can be either
defined based on expert knowledge or learned from data using
machine learning algorithms [23]. Probabilistic reasoning in
BNs allows for different types of queries, such as the proba-
bility distribution of one or more target variables given a set
of findings (e.g., what is the probability of rain given the grass
is wet), or the probability of a set of findings (e.g., what is the
probability of rain and dry grass). A set of such findings is
referred to as evidence. The intuitiveness of the probabilistic
reasoning in BNs thanks to their graphical structure in con-
trast to black-box algorithms prominent in AI has led to a wide
adoption in healthcare [24].

Luk et al. [21] defined the DAG based on expert knowl-
edge and learned the CPDs based on historical data from their
institution. Consequently, they showed that they could detect
anomalies in radiotherapy plans assigning the values of a given
radiotherapy plan to the variables of the BN and calculating
the probability of the evidence, because radiotherapy plans
with errors will generally result in a lower probability.

We hypothesized that such a model is clinically relevant
and can provide significant added value, reducing the need
for manual checks and detecting errors that would otherwise
go unnoticed. An external validation is an empirical evalua-
tion in a dataset that was not used to develop the model and
they are essential before considering whether to use a clinical
prediction model [25]. Therefore, we performed an external
validation of the model using data from Maastro clinic (The
Netherlands), with the aim to assess the generalizability of
the model.

II. MATERIALS AND METHODS

A. Data Acquisition

We used data from 5238 patients (19 054 treatment plans)
for this study, collected at the Maastro radiation oncol-
ogy clinic (Maastricht, The Netherlands) between 2012 and
2020. The patients were treated with external beam radiother-
apy using electrons or photons with IMRT and volumetric-
modulated arc therapy (VMAT) in seven different Truebeam

TABLE I
DESCRIPTION AND EXAMPLES OF THE MAASTRO

CLINIC’S VARIABLES USED

Continued

LINACs of Varian medical systems. Patients treated with pro-
tons were excluded from the dataset as the original model
by Luk et al. [21] did not include them. The radiother-
apy elements were extracted and collected from the Varian
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TABLE I
(Continued.) DESCRIPTION AND EXAMPLES OF THE MAASTRO

CLINIC’S VARIABLES USED

Eclipse (versions 11 and 15) treatment planning system
database and amended with information from the electronic
patient dossier (EPD). A description of all the variables
used as well as with representative examples can be found
in Table I.

B. Variable Mapping

The numerical variables of the dataset were mapped to the
nearest value in the corresponding variable from Luk et al.
For the categorical variables, such as anatomic tumor loca-
tion, we mapped the values from our dataset to the matching
values in the corresponding variable. If there was more than
one matching value (e.g., the variable T_stage contains the
values 1a, 1A, and T1a), we selected the one with the high-
est marginal probability in the model (i.e., the most common
occurrence in the original training dataset).

C. Errors

Reports of errors and near-misses that happened in Maastro
clinic (The Netherlands) related to radiotherapy were collected
and validated from the prevention and recovery information
system for monitoring and analysis (PRISMA) database [26].
After the assessment of the 19 054 treatment plans of the
5238 patients, we encountered five radiotherapy treatment plan
errors reported that were checked manually. One of the errors
was related to a wrong table angle, two errors were related
to an incorrect planning tumor volume (PTV) dose and the
remaining two errors were related to the usage of the bolus.
Since our goal is to replace or support these manual and time-
consuming checks with the introduction of BNs, we simulated
errors in 3% of the plans following instructions of experts in
the area.

TABLE II
ERRORS SIMULATION OVERVIEW

These errors can be categorized into four main types:
1) patient positioning; 2) prescription level; 3) LINAC
mechanical; and 4) general radiotherapy plan errors. The
patient positioning error category consisted of the LINAC
table rotation errors simulation errors with a values bigger
than 10◦. In the category of prescription level errors, differ-
ences between the prescribed dose to the PTV and the dose
per fraction were evaluated. Specifically, we simulated errors
with values bigger than 100 cGy planned dose to the PTV
on VMAT and IMRT plans of 15 and 20 fractions. Errors
regarding the LINAC collimator angle were simulated and
included into the LINAC mechanical errors. In this category,
the simulated errors collimator angle values were increased
by 10◦–15◦. Under the category of the generic radiotherapy
plan errors, we simulated errors for whether the usage of bolus
or not was included. In Table II, you can find different cate-
gories and the description of the errors. The selection of the
above-mentioned simulated errors was based on the reported
and manually checked errors of the PRISMA database (table
rotation, incorrect PTV dose, and bolus usage) and the sug-
gestions of manually checked errors (collimator angle) from
the radiotherapy technologists (RTTs) of Maastro Clinic.

D. Evaluation

We used the Java application programming interface (API)
of Hugin Researcher 7.4 [27] to load the network provided by
the authors and calculate the relevant probabilities. Following
the instructions in the original article, for each case, we instan-
tiated the variables Anatomic_tumor_loc, T_Stage, M_Stage,
and N_Stage, and Treatment_Intent and calculated the prob-
abilities of the rest of the variables. Each probability P
was compared against a threshold T that designated whether
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Fig. 1. ROC curve for the external validation dataset.

that parameter should be flagged as correct or as an error.
Setup_Device variables were excluded, since these were not
available in our database.

In order to compare the performance of the model reported
by its authors with its performance in our dataset, we plotted
the receiver-operating characteristic curve (ROC) and calcu-
lated the area under the curve (AUC), which provides an
estimate of the discriminative power of the model. We plot-
ted the ROC and calculated the AUC of the whole dataset
(i.e., all variables combined) as well as for each of the vari-
ables where we simulated errors: collimator angle, table angle,
gantry angle, PTV dose, and bolus. We used the ROC and cal-
culated the AUC and its confidence intervals (CIs) using the
R language (version 3.6.1) and the “classifierplots” package.

We also performed an analysis to assess the usefulness of
the model in a clinic as an alert system that helps reduce
the need for manual checks. As such, it would be only of
added value if it could detect almost all errors (i.e., sensitivity
≥ 95%) with a reasonable positive predictive value (PPV, i.e.,
the probability that an instance flagged as an error is actu-
ally an error). Therefore, we undertook scenario analyses to
calculate the model’s PPV for different sensitivities and dif-
ferent prevalence of errors (since the PPV depends on how
frequently errors occur in clinical practice and the prevalence
is unknown). We did not assess calibration because the model’s
output is not meant to be interpreted as a probability.

The source code of our analysis is available at
https://gitlab.com/UM-CDS/projects/ext-val-bn-rt-plan-qa.

III. RESULTS

Fig. 1 shows the ROC curve for all the variables used
in the external validation. The model achieved an AUC of
67.8% (95% CI, 65.6%–69.9%) when considering all variables
together.

Table III shows the AUCs for the six types of simulated
errors. The discriminative performance of the model is very
high for the table rotation errors (“Table Angle” variable)
achieving an AUC of 90.4% (95% CI, 87.1%–93.5%). For the
category of the simulated errors related to the bolus, gantry
angle, and the collimator angle, the model performs worse

TABLE III
AUCS FOR DIFFERENT TYPES OF ERRORS

TABLE IV
PERCENTAGE OF FLAGGED VALUES AND PPV FOR DIFFERENT

COMBINATIONS OF SENSITIVITY AND PREVALENCE OF ERRORS

with AUCs of 75.6 % (95% CI, 71.3%–79.9%), 67% (61%–
72.7%), and 69.6% (66.3%–73.1%), respectively. However, the
BN fails to detect the errors comprising a difference between
the prescribed dose to the PTV and the dose per fraction,
resulting in an AUC of 54.5% (49.3%–59.4%).

The results of our analysis regarding the usefulness of
the model as an alert system are shown in Table IV, which
includes the probability threshold at which different levels of
high sensitivities are achieved and the resulting percentage of
values flagged as errors and PPVs. According to our analyses,
the model would flag as possible errors 84%, 89%, and 90%
of the values in order to detect 95%, 97%, and 99% of errors,
respectively. This implies that human technicians would still
need to manually review almost all values to check whether
they are correct. For these high sensitivity levels, the PPV, or
the probability that a value flagged as an error is actually an
error, was not significantly higher than the error prevalence
itself.

Table V includes some of the cases from the external vali-
dation dataset where the model missed and detected errors. We
selected the missed errors from those plans containing errors
for which the model estimated a probability higher than the
median probability in the test set for the variable that con-
tained the error. Detected errors were selected from those plans
containing errors for which the model estimated a probability
lower than the 3rd percentile probability in the test set for the
variable that contained the error. The analysis of patterns in
the cases where the model succeeded and failed could poten-
tially lead to insights to guide retraining and fine-tuning the
process in the future.
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TABLE V
SELECTION OF MISSED ERRORS (ESTIMATED PROBABILITY HIGHER

THAN THE MEDIAN) AND DETECTED ERRORS (ESTIMATED PROBABILITY

LOWER THAN THE 3RD PERCENTILE)

IV. DISCUSSION

We have performed an external validation of a BN for
error detection in radiotherapy plans described in [20] using

data routinely collected at Maastro clinic. The results show
that the model’s performance is significantly deteriorated when
using it outside of the environment it was developed in. We
have also shown that the performance of the model varies
heavily for different types of errors. We undertook an analy-
sis that shows that in order to achieve a high sensitivity, the
model needs to flag almost all values as potential errors, which
reduces its usefulness as an alert system.

The deterioration in the performance of the model in our
external validation might be caused by differences in radio-
therapy practices between the two clinics and limitations in
the implementation of the original model. For example, the
institution from which the data to train the model origi-
nated uses Elekta’s MOSAIQ oncology information system,
while Maastro uses Varian’s ARIA (Eclipse treatment planning
system). On the other hand, the poor performance of the model
detecting PTV dose errors could be caused by differences in
institutional preferences on dose prescriptions and fractiona-
tion schedules. For example, in our institute, hypofractionation
(>2 Gy per fraction) is frequently applied in prostate cancer
patients, while in the original dataset used to train the model,
a more conventional treatment schedule was used. The model
flagging fractionation schedules different to those in the origi-
nal institution as errors is likely to be a consequence of training
a model in a single institution. However, it is arguable to which
extent such models need to be generalizable (e.g., able to
accept different fractionation schedules) and to which extent
they should be adjusted to the implementing clinic (e.g., to
deliberately flag as errors fractionation schedules different to
the clinic’s) through a commissioning process [28].

Another potential source of model performance deteriora-
tion is limitations in the model’s development. For example,
some categorical variables in the model contain redundant val-
ues (e.g., the variable T_Stage contains the values “1a,” “1A,”
and “T1a”) and numerical variables often contain a high num-
ber of values (e.g., more than 200 states). This in turn led
to conditional probability tables (CPTs) with a high num-
ber of parameters, as the number of probabilities in a CPT
grows exponentially with the number of states in each vari-
able (e.g., the CPT for Number_of_Rxs contains more than
20 million probabilities). Since these parameters need to be
estimated from data, the higher the number of parameters, the
higher the number of samples required to learn these param-
eters. Options to alleviate the issue by reducing the number
of values in each variable include removing redundant val-
ues, discretizing numeric variables, and grouping values that
are similar or equivalent when considering the task at hand.
In addition, the evaluation of the network as proposed by
Luk et al. [21] considers the probability of each plan param-
eter independently, conditioned on the diagnostic variables
and the treatment intent. This prevents the model from being
able to detect erroneous combinations of plan parameters,
such as a wrong value for Total_Fraction given a particular
Dose_Per_Fraction.

It is worth assessing whether using a single probability
threshold to determine whether to flag a value as an error
or not is ideal. There is a high variance in the number of
states or categories across different variables and probabilities
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tend to be lower the higher the number of states. Therefore,
adjusting the threshold per variable to reflect this could lead
to improved performance.

There is also room for improvement in the handling of miss-
ing data. Many variables contain a special value to reflect
missing data (e.g., “NULL”). This approach has been shown
to lead to suboptimal results and is unnecessary in this case
given that the algorithm used to learn the probabilities, the
expected maximization (EM) algorithm, is especially suited
to handle missing data [29]. Moreover, BNs are well capable
of dealing with missing data when queried for probabilities
(i.e., inference).

Moreover, the model was trained using data from a single
institution. This is a common practice, but one that leads to
models that often do not generalize well outside of the envi-
ronment in which they were developed. Our results offer yet
another example of the importance of using data from multiple
sources (e.g., different clinics across the world) when training
and testing models to achieve generalizability. This is not easy
to achieve because ethical and legal barriers prevent sharing
of privacy-sensitive data. However, the recently proposed fed-
erated learning paradigm [30] and related initiatives such as
the Personal Health Train [31] aim to provide a framework
where learning from multiple sites becomes straightforward.
Another barrier to combining data from multiple institutions
is the differences in the way different institutions encode
the data. The findable, accessible, interoperable, and reusable
(FAIR) data [32] principles establish a series of guidelines to
make data interoperable, specifically by using publicly avail-
able ontologies for the creation of a semantic Web model.
Such ontologies already exist for radiation oncology and
radiotherapy [33]–[36].

Our external validation suffers from a number of limitations.
The most important limitation is that while the information
about the plans used in the validation is real, the errors are
simulated. As explained in the methods section, after ana-
lyzing the database used to log misses and near-misses, we
only found five errors related to radiotherapy planning. This
is likely because technicians check every plan manually before
and correct it before the plans are approved for treatment
execution or because some errors go undetected. As a conse-
quence, we were forced to simulate errors. Considering how
much the model’s performance varies across different types of
errors, differences between the simulated and actual error dis-
tributions could lead to biased overall performance estimates.
We mitigated this risk by simulating the errors partly based on
the errors encountered in the database, and partly also by simu-
lating the kind of errors that are manually corrected according
to experienced technicians’ feedback. Another limitation of
our external validation is that our dataset was missing the
information about the setup or immobilization devices (e.g.,
breast board and head rest) used during radiotherapy. As a con-
sequence, we could not validate the performance of the model
detecting errors in these variables. Finally, we did not assess
the model’s ability to detect errors that might have gone unno-
ticed in the clinic. In principle, by sacrificing sensitivity, one
could use the model to try to flag a few errors that could
otherwise go unnoticed with high specificity. However, this

could be potentially dangerous because the existence of such
a system could give a false sense of security to technicians
unaware that by sacrificing sensitivity, most errors would go
undetected.

The above-mentioned limitations in combination with the
different radiotherapy treatment planning software between
the two clinics (Mosaiq in Washington versus ARIA Eclipse
in Maastro) and the LINAC models (Elekta in Washington
versus Varian in Maastro) contributed to the relatively low
performance of the model in the external validation. To fur-
ther investigate the root cause of the low performance of the
model in the validation cohort, we aim to address the lim-
itations mentioned in the discussion and train the model in
Maastro clinic as a next step of a future study.

The findings of our external validation suggest that the
model is not yet ready to be useful in clinical practice in
institutions different to its original. However, we believe that
if the limitations identified in this external validation are suc-
cessfully addressed, such a model could lead to a reduction in
the cost of radiotherapy planning and increase its safety.

V. CONCLUSION

We have performed an external validation of a BN for error
detection in radiotherapy plans proposed by Luk et al. [21],
by testing the performance of the model in actual plans deliv-
ered in Maastro clinic with simulated errors. The results show
that the performance of the model proposed by Luk et al. [21]
significantly deteriorated when applied in an environment dif-
ferent from the source institution where it was developed
(AUC of 65% versus 89%). The performance of the model var-
ied widely for different types of errors (from 99.5% for table
angle errors to 39.2% for PTV dose errors). This result shows
the importance of external validations and the advantages of
developing models using data from more than one institution.
We analyzed the apparent limitations of the model (data pre-
processing, handling of missing data, and model evaluation)
and we have proposed actions to overcome them.

ACKNOWLEDGMENT

The authors wish to thank Nico Lustberg (Business
Intelligence Developer), for helping with the extraction of the
data from the ARIA oncology information system at Maastro.

REFERENCES

[1] G. Delaney, S. Jacob, C. Featherstone, and M. Barton, “The role of
radiotherapy in cancer treatment: Estimating optimal utilization from
a review of evidence-based clinical guidelines,” Cancer, vol. 104, no. 6,
pp. 1129–1137, 2005, doi: 10.1002/cncr.21324.

[2] U. Ringborg et al., “The Swedish council on technology assessment
in health care (SBU) systematic overview of radiotherapy for can-
cer including a prospective survey of radiotherapy practice in Sweden
2001—Summary and conclusions,” Acta Oncologica, vol. 42, nos. 5–6,
pp. 357–365, 2003, doi: 10.1080/02841860310010826.

[3] A. C. Begg, F. A. Stewart, and C. Vens, “Strategies to improve radiother-
apy with targeted drugs,” Nat. Rev. Cancer, vol. 11, no. 4, pp. 239–253,
2011, doi: 10.1038/nrc3007.

[4] G. C. Barnett et al., “Normal tissue reactions to radiotherapy: Towards
tailoring treatment dose by genotype,” Nat. Rev. Cancer., vol. 9, no. 2,
pp. 134–142, 2009, doi: 10.1038/nrc2587.

http://dx.doi.org/10.1002/cncr.21324
http://dx.doi.org/10.1080/02841860310010826
http://dx.doi.org/10.1038/nrc3007
http://dx.doi.org/10.1038/nrc2587


206 IEEE TRANSACTIONS ON RADIATION AND PLASMA MEDICAL SCIENCES, VOL. 6, NO. 2, FEBRUARY 2022

[5] T. Lustberg et al., “Clinical evaluation of atlas and deep learning based
automatic contouring for lung cancer,” Radiotherapy Oncol., vol. 126,
no. 2, pp. 312–317, 2018, doi: 10.1016/j.radonc.2017.11.012.

[6] N. Kim, J. S. Chang, Y. B. Kim, and J. S. Kim, “Atlas-based auto-
segmentation for postoperative radiotherapy planning in endometrial
and cervical cancers,” Radiat. Oncol., vol. 15, no. 1, p. 106, 2020,
doi: 10.1186/s13014-020-01562-y.

[7] S. Cilla et al., “Template-based automation of treatment plan-
ning in advanced radiotherapy: A comprehensive dosimetric and
clinical evaluation,” Sci. Rep., vol. 10, no. 1, p. 423, 2020,
doi: 10.1038/s41598-019-56966-y.

[8] WHO Radiotherapy Risk Profile-Technical Manual. [Online]. Available:
https://www.who.int/patientsafety/activities/technical/radiotherapy_risk_
profile.pdf

[9] B. Fraass, K. Doppke, M. Hunt, G. Kutcher, G. Starkschall, R. Stern, and
J. V. Dyke, “American association of physicists in medicine radiation
therapy committee task group 53: Quality assurance for clinical radio-
therapy treatment planning,” Med. Phys., vol. 25, no. 10, pp. 1773–1829,
1998, doi: 10.1118/1.598373.

[10] D. Thwaites, P. Scalliet, J. W. Leer, and J. Overgaard, “Quality assurance
in radiotherapy,” Radiotherapy Oncol., vol. 35, no. 1, pp. 61–73, 1995,
doi: 10.1016/0167-81409501549-V.

[11] (Dec. 2013). Radiotherapy Errors and Near Misses
Data Report. Accessed: Nov. 2015. [Online]. sAvailable:
https://assets.publishing.service.gov.uk/government/uploads/system/uplo
ads/attachment_data/file/549847/radiotherapy_errors_and_near_misses_
data_report.pdf

[12] (Sep. 2015). Unintended Overexposure of a Patient During Radiotherapy
Treatment at the Edinburgh Cancer Centre, [Online]. Available:
https://www.gov.scot/publications/unintended-overexposure-patient-
during-radiotherapy-treatment-edinburgh-cancer-centre-september/

[13] C. J. A. Wolfs, R. A. M. Canters, and F. Verhaegen, “Identification
of treatment error types for lung cancer patients using convolutional
neural networks and EPID dosimetry,” Radiotherapy Oncol., vol. 153,
pp. 243–249, Oct. 2020, doi: 10.1016/j.radonc.2020.09.048.

[14] L. Vandewinckele et al., “Overview of artificial intelligence-based appli-
cations in radiotherapy: Recommendations for implementation and qual-
ity assurance,” Radiotherapy Oncol., vol. 153, pp. 55–66, Dec. 2020,
doi: 10.1016/j.radonc.2020.09.008.

[15] D. Yang and K. L. Moore, “Automated radiotherapy treatment plan
integrity verification: Plan checking using PINNACLE scripts,” Med.
Phys., vol. 39, no. 3, pp. 1542–1551, 2012, doi: 10.1118/1.3683646.

[16] B. Sun et al., “Initial experience with TrueBeam trajectory log files for
radiation therapy delivery verification,” Pract. Radiat. Oncol., vol. 3,
no. 4, pp. e199–e208, 2013, doi: 10.1016/j.prro.2012.11.013.

[17] J. Xia, C. Mart, and J. Bayouth, “A computer aided treatment event
recognition system in radiation therapy: Error detection in radia-
tion therapy,” Med. Phys., vol. 41, no. 1, Art. no. 011713, 2013,
doi: 10.1118/1.4852895.

[18] C. Holdsworth et al., “Computerized system for safety veri-
fication of external beam radiation therapy planning,” Int. J.
Radiat. Oncol. Biol. Phys., vol. 98, no. 3, pp. 691–698, 2017,
doi: 10.1016/j.ijrobp.2017.03.001.

[19] T. Halabi and H. Lu, “Automating checks of plan check automa-
tion,” J. Appl. Clin. Med. Phys., vol. 15, no. 4, pp. 1–8, 2014,
doi: 10.1120/jacmp.v15i4.4889.

[20] M. Hussein, B. J. M. Heijmen, D. Verellen, and A. Nisbet, “Automation
in intensity modulated radiotherapy treatment planning—A review
of recent innovations,” Brit. J. Radiol., vol. 91, no. 1092, 2018,
Art. no. 20180270, doi: 10.1259/bjr.20180270.

[21] S. M. H. Luk et al., “Characterization of a Bayesian network-based
radiotherapy plan verification model,” Med. Phys., vol. 46, no. 5,
pp. 2006–2014, 2019, doi: 10.1002/mp.13515.

[22] J. Pearl, Probabilistic Reasoning in Intelligent Systems: Networks of
Plausible Inference. Rev. 2. San Mateo, CA, USA: Morgan Kaufmann,
2008.

[23] R. E. Neapolitan, Learning Bayesian Networks. Upper Saddle River, NJ,
USA: Prentice-Hall, 2004.

[24] E. Kyrimi, S. McLachlan, K. Dube, M. R. Neves, A. Fahmi, and
N. Fenton. (Feb. 28, 2020). A Comprehensive Scoping Review of
Bayesian Networks in Healthcare: Past, Present and Future. Accessed:
Nov. 5, 2020. [Online]. Available: http://arxiv.org/abs/2002.08627

[25] C. S. Collins et al., “External validation of multivariable prediction
models: A systematic review of methodological conduct and
reporting,” Med. Res. Methodol., vol. 14, no. 1, p. 40, 2014,
doi: 10.1186/1471-2288-14-40.

[26] W. Vuuren, V. T. W. Schaaf, and V. Der. The Development
of an Incident Analysis Tool for the Medical Field. [Online].
Available: https://research.tue.nl/en/publications/the-development-of-an-
incident-analysis-tool-for-the-medical-fiel

[27] S. K. Andersen, K. G. Olesen, F. V. Jensen, F. Jensen, Shafer and
G. Pearl, Eds., “HUGIN—A shell for building belief universes for expert
systems,” in Proc. Reading Uncertainty, 1990, pp. 332–337.

[28] G. Mahadevaiah, P. Rv, I. Bermejo, D. Jaffray, A. Dekker, and L. Wee,
“Artificial intelligence-based clinical decision support in modern medical
physics: Selection, acceptance, commissioning, and quality assurance,”
Med. Phys., vol. 47, no. 5, pp. e228–e235, 2020, doi: 10.1002/mp.13562.

[29] A. P. Dempster, N. M. Laird, and D. B. Rubin, “Maximum
likelihood from incomplete data via the EM algorithm,” J.
Roy. Stat. Soc. B (Methodol.), vol. 39, no. 1, pp. 1–22, 1977,
doi: 10.1111/j.2517-6161.1977.tb01600.x.

[30] M. J. Sheller et al., “Federated learning in medicine: Facilitating multi-
institutional collaborations without sharing patient data,” Sci. Rep.,
vol. 10, no. 1, 2020, Art. no. 12598, doi: 10.1038/s41598-020-69250-1.

[31] O. Beyan et al., “Distributed analytics on sensitive medical data: The
personal health train,” Data Intell., vol. 2, nos. 1–2, pp. 96–107, 2020,
doi: 10.1162/dint_a_00032.

[32] M. D. Wilkinson et al., “The FAIR guiding principles for scientific
data management and stewardship,” Sci. Data, vol. 3, no. 1, 2016,
Art. no. 160018, doi: 10.1038/sdata.2016.18.

[33] A. Traverso, J. van Soest, L. Wee, and A. Dekker, “The radiation oncol-
ogy ontology (ROO): Publishing linked data in radiation oncology using
semantic Web and ontology techniques,” Med. Phys., vol. 45, no. 10,
pp. e854–e862, 2018, doi: 10.1002/mp.12879.

[34] National Cancer Institute Thesaurus Ontology. Accessed: Nov. 4, 2021.
[Online]. Available: https://bioportal.bioontology.org/ontologies/NCIT

[35] Radiation Oncology Ontology (ROO). Accessed: Nov. 4, 2021. [Online].
Available: https://bioportal.bioontology.org/ontologies/ROO

[36] M. H. Phillips et al. “Ontologies in radiation oncology,” Physica Medica,
vol. 72, pp. 103–113, Apr. 2020, doi: 10.1016/j.ejmp.2020.03.017.

http://dx.doi.org/10.1016/j.radonc.2017.11.012
http://dx.doi.org/10.1186/s13014-020-01562-y
http://dx.doi.org/10.1038/s41598-019-56966-y
http://dx.doi.org/10.1118/1.598373
http://dx.doi.org/10.1016/0167-81409501549-V
http://dx.doi.org/10.1016/j.radonc.2020.09.048
http://dx.doi.org/10.1016/j.radonc.2020.09.008
http://dx.doi.org/10.1118/1.3683646
http://dx.doi.org/10.1016/j.prro.2012.11.013
http://dx.doi.org/10.1118/1.4852895
http://dx.doi.org/10.1016/j.ijrobp.2017.03.001
http://dx.doi.org/10.1120/jacmp.v15i4.4889
http://dx.doi.org/10.1259/bjr.20180270
http://dx.doi.org/10.1002/mp.13515
http://dx.doi.org/10.1186/1471-2288-14-40
http://dx.doi.org/10.1002/mp.13562
http://dx.doi.org/10.1111/j.2517-6161.1977.tb01600.x
http://dx.doi.org/10.1038/s41598-020-69250-1
http://dx.doi.org/10.1162/dint_a_00032
http://dx.doi.org/10.1038/sdata.2016.18
http://dx.doi.org/10.1002/mp.12879
http://dx.doi.org/10.1016/j.ejmp.2020.03.017


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


