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ARTICLE INFO ABSTRACT
Keywords: Background and purpose: During the ESTRO 2023 physics workshop on “Al for the fully automated radiotherapy
Contouring/segmentation treatment chain”, the topic of deep learning (DL) segmentation was discussed. Despite its widespread use in

Patient specific quality assurance

radiotherapy, the time needed to evaluate and correct DL segmentations remains burdensome. While segmen-
Artificial intelligence/deep learning

tation uncertainty could be beneficial for clinicians, there is a lack of understanding on what information should
be presented to ease their task. This study aimed to gather insights from clinicians on uncertainty visualisation
options.

Materials and methods: Two sessions of structured interviews were conducted across four institutions already
using DL segmentation clinically. The first session focused on the main problems hindering the clinical use of DL.
In the second session, ten visualisation options displaying uncertainty information at different levels (structure,
slice, or voxel) with binary or continuous values were presented. Dosimetric information was also present in
some visualisations. For each case, sixteen clinicians (radiation oncologists and radiation therapists) were asked
to grade an overall score, the usability, the training required, and the expected time gain.

Results: Participants preferred the binary voxel-level uncertainty visualisation, followed by binary structure-level
uncertainty visualisation. Combining structure-level and voxel-level visualisation methods has been proposed as
a promising approach. The benefits of dosimetric information were perceived diversely among participants since
it complexifies the display but could be useful for the online adaptive workflow.

Conclusion: Preferences for uncertainty visualisation methods were assessed within a multi-institutional experi-
enced group of clinicians. Further refinement of preferences may help in selecting the best options for clinical
implementation.

Introduction among others, about which deep learning (DL) models are now estab-
lishing their position in clinical use and what hampers further clinical

In October 2023, the sixth ESTRO physics workshop was held in use of DL models in the radiotherapy treatment process. Although it was
Turin. One of the topics was “Al for the fully automated radiotherapy clear that DL is used in many parts of the radiotherapy treatment chain,
treatment chain”. During the workshop, various discussions took place, DL segmentation was the most prominent and clinically most widely
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implemented [1]. The use of DL segmentation models has shown the
potential to decrease inter- and intra-observer variation and consider-
ably speed up the delineation process [2-5]. However, these automatic
segmentations remain to be carefully reviewed and, when required,
edited by radiation oncologists (ROs), radiation therapists (RTTs), or
dosimetrists [6]. It was suggested that one of the factors that hamper
clinical use of DL segmentation and additional time gain is the absence
of information about the uncertainty in the patient-specific segmenta-
tions in current (commercial) models.

Uncertainty estimation techniques play a crucial role in providing
insights into the confidence levels and potential limitations of DL models
when applied to medical image segmentation. In safety—critical envi-
ronments such as medical applications, it is crucial to have accurate and
fast uncertainty estimation methods, able to convey the confidence of
the DL model output since wrong predictions can jeopardise patients’
safety. Predictive uncertainty of DL models can be decomposed into two
parts: epistemic and aleatoric [7]. Epistemic uncertainty refers to the
model’s lack of knowledge or information. It typically arises from data
sampling problems (e.g. patients with certain characteristics were not
included during training) and is reducible by increasing the size of the
training set. Aleatoric uncertainty describes uncertainty or “noise”
inherent to the data itself. In the context of models in radiation therapy,
it can be due to the quality of imaging technique, inter-observer and
intra-observer variability in the contours and plan optimization.

There is a wide range of uncertainty quantification methods pro-
posed in the literature [8-10], but the prominent epistemic uncertainty
methods which have made it to clinical research environments are
Monte Carlo Dropout [11-21] and Deep Ensembles [15,20,22-27]. A
pitfall of these methods is their high inference time (i.e. multiple
inference passes) which impedes their integration into adaptive treat-
ment workflows. Recently, direct (i.e. single inference pass) methods are
being investigated, like Evidential Deep Learning [28-32] and
Conformal prediction, which achieve promising results and have strong
statistical basis. Aleatoric uncertainty can be modelled by estimating the
output likelihood [13,33-36], sampling in the original data space (Test-
Time Augmentation [35-39]) or in latent space (joint latent space
methods [40-44]). The output of these methods can be 3D uncertainty
maps or a single aggregated value [13]. Reliable uncertainty maps
provide voxel-wise uncertainty and can be used to apprehend the re-
gions of uncertainty. A single uncertainty value can be used to flag slices
or organs with uncertain segmentation and require the attention of a
clinician to proceed with the treatment.

Although considerable research has delved into uncertainty quanti-
fication methods, only a limited number of studies have explored tech-
niques for visually representing uncertainty estimates and effectively
conveying them to clinicians. In 2021, Gillmann et al. provided a state-
of-the-art analysis of uncertainty-aware imaging encompassing the
whole medical imaging pipeline [45]. Within the context of image
segmentation, maps based on probability and uncertainty values
emerged as the prevailing visualisation technique. These maps are pre-
sented in various ways such as continuous or discrete, thresholded,
grayscale or colour-coded, and overlaid on intensity information or
segmentation [17,46-52]. Additionally, alternative methods employed
confidence bands or confidence contours to direct clinicians’ attention
only to areas with specific confidence values [16,18]. Moreover, the
single aggregated output has been employed as either an overall struc-
ture uncertainty score or as an indicator of uncertainty levels on a slice-
by-slice basis [47,52].

Recognising clinicians as the end-users of such tools, we emphasise
the importance of involving them in the investigative process to find the
tool(s) that are clinically more beneficial, achieving a good trade-off
between informativeness, usability, and time gain. Finding such a
trade-off is utterly important since it has been reported that clinicians
may not always be eager to see uncertainties if they are perceived as
confusing [53]. This work aims to bridge the gap between theoretical
uncertainty quantification and practical visualisation of such
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uncertainty by providing clinicians with a range of visualisation exam-
ples and evaluating their feedback.

Materials and methods

The study was a collaborative effort of four institutions which
participated in the ESTRO workshop: the Netherlands Cancer Institute,
the Catharina Cancer Institute, and University Medical Centre Gronin-
gen, in the Netherlands, and Cliniques Universitaires Saint Luc —
UCLouvain in Belgium. Two questionnaire sessions were conducted in
the four institutions. Each session has been split into a panel of ROs and a
panel of RTTs with a total of 16 participants (10 ROs and 6 RTTs). The
questions were presented to the participants during the group sessions
which lasted approximately one hour. To standardise the sessions, the
set of questions were put forward in written form, and therefore was the
same for all institutions. The presenters could answer the participants’
questions and clarify unfamiliar concepts. Table 1 summarises the par-
ticipants’ information: their institution and participant’s identification
letters or numbers in the questionnaires, years of experience in radiation
therapy in general and with automatic segmentation tools, and the

Table 1
Information of the participants in the study.

Automatic Tumour sites

segmentation for which

experience auto-

[years] segmentation
tools were
used

Clinical
experience
[years]

Institution Participant
ID ID

A RO1 10 3 Prostate;
bladder
Liver; rectum
Prostate,
Bladder,
Stomach,
Neuro,
Paediatric
Pelvis,
Abdomen,
Stomach
Pelvis,
Abdomen,
Stomach
Pelvis,
Abdomen,
Stomach
Cervix, brachy
Rectum CTV
Rectum CTV
Rectum CTV
All OARs,
breast (nodes
+ CTVs)

All OARs,
breast (nodes
+ CTVs)

All OARs,
breast (nodes
+ CTVs)

All OARs,
breast (nodes
+ CTVs)

All OARs,
breast (nodes
+ CTVs)

All OARs,
breast (nodes
+ CTVs)

All OARs,
breast (nodes
+ CTVs)
Head and neck
Head and neck

A RO2 5 2
A RO3 10 2

A RTT1 23 3

A RTT2 9 3

A RTT3 10 3

RO1 10 2
RO2 5

RTT1 15 1.5
RTT2 15

RO1 >15 2

OWwww

C RO2 8 2

C RO3 9 1.5

C RO4 15 1

C RTT1 10 2

C RTT2 >15 2

C RTT3 15 1

D RO1 11 5
D RTT1 6 5
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tumour sites they have experience with.

First session

The goal of the first session was to grasp the current level of un-
derstanding of DL models within the clinic and learn their expectations
and preferences regarding the integration of uncertainty estimation
tools. We provided the following 3-item open-ended questionnaire:

Q1. What do you think are the main problems of using the DL seg-
mentation models we now have for organs at risk (OARs) and target
volumes in the clinic? And what do you think could solve this?

Q2. Do you think that information on the uncertainty of the seg-
mentation would help you in the assessment of the DL segmentation?

Q3. What information would that be?

(a) Local uncertainty and/or global uncertainty? During the sessions,
the terms local and global were described as follows: global refers
to one value for the structure or the slice (whichever is dis-
played), whereas local provides a value of uncertainty for all
individual voxels or a subset of voxels. Thereafter, we refer to
these notions as structure-level, slice-level, and voxel-level un-
certainty, respectively.

(b) Geometric and/or dosimetric?

Second session

Based on the preceding literature review and first session discussion
outputs, we developed 10 visualisation options, referred to as “Cases”, of
the uncertainty information, see Table 2. The uncertainty information
referred to different levels (structure, slice, or voxel) and the values were
binary or continuous. Cases 1 and 3 provided information on the
structure level, binary and continuous, respectively. Cases 2, 4 and 9
provided slice-level uncertainty. Cases 5 and 6 provided voxel-level
uncertainty information on the segmented contour itself, while Cases
7 and 8 included the surrounding regions. The binary envelope (Case 7)
is a thresholded version of Case 8. The last two options provided not only
the uncertainty of the segmentation model but also dosimetric infor-
mation, represented in the form of isodose lines. We explicitly
mentioned that the colours used in the visualisation Cases were just
random examples and not part of the evaluation. The underlying image
data (i.e. CT, CBCT, MR, ...) would also still be visible.

The Cases were presented to the panels in written form with de-
scriptions of the visualisation (See Table 2). Each individual participant
was invited to evaluate the usability/interpretability, level of training
required, and expected time gain, and provide an overall score (See
evaluation grid Figure S.1 in the Supplementary materials). A distinction
was made between using the proposed Cases during regular treatment
planning or online adaptive workflows. The participants scored each
criterion between 0 (difficult, requires training, no time gain expected)
and 5 (easy, intuitive, fast) individually. Finally, the following binary
questions were asked:

Q1. Would you like the system to present, on top of the flagging/
highlighted region, an alternative segmentation (e.g. from another
model) or would you prefer to edit what you already have?

Q2. (for ROs only) If that tool was available and working, would you
let the RTTs perform corrections without the supervision and approval
of a Radiation Oncologist?

Differences between ROs and RTTs, as well as answers for regular
treatment planning and online adaptive workflows, were tested for
statistically significance with an independent t-test or Mann-Whitney U
test depending on the validation of the normality condition. The con-
dition of normality was assessed using the test of D’Agostino and
Pearson [54]. The significance threshold considered was 0.05 for the p-
values.
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Results

Regarding the general question about DL segmentation (Q1), the
participants expressed their favourable opinion on using automatic tools
in their daily workflow, despite encountering some issues for patients
with particularities, such as a stent, or prosthesis. The participants
recognized the challenge for models to perform effectively on these
patients due to the need for more similar cases in the dataset. They
advocated for future models to be developed within a framework that
facilitates regular updates to the training set.

Regarding the questions focussing on uncertainty (Q2, Q3), most
participants, despite having several years of experience with DL seg-
mentations, were unfamiliar with the concept of uncertainty estimation.
After receiving some clarifications, they unanimously agreed that un-
certainty estimation of DL models would be beneficial to their clinical
workflow. Participants suggested that uncertainty representation should
be easily understandable and interpretable for all users. The importance
of ensuring that all staff members interpret the uncertainty in a similar
manner was highlighted. They also noted that the representation should
vary depending on its use in the planning stage or during online adaptive
radiotherapy. Overall, participants agreed that voxel-level uncertainty
can be more useful at the planning stage, where the time constraint is
less strong. In contrast, structure-level uncertainty is particularly valu-
able for speeding up online adaptive workflows, by helping to identify
and discard regions that do not require review.

As a future goal it was mentioned to prioritise areas where delinea-
tion errors would have clinically significant effects. However, it was
generally agreed that a good starting point would be to focus on geo-
metric uncertainty in the segmentation of OARs and target volumes.
Most participants indicated that adding the dosimetric information
could result in information overload. The complete report of this first
session from each institution is provided in Supplementary materials
Table S.1.

From the second questionnaire session, we obtained the evaluation
grids of each participant containing their ratings of the proposed visu-
alisation options. These results are provided in Table S.2 in the Sup-
plementary materials.

The hypothesis that the answers of RTTs and ROs followed the same
distribution was tested with Mann-Whitney U tests and resulted in the
acceptance of the hypothesis. Considering the answers of ROs and RTTs
together, we tested if the answers provided for initial planning and
online adaptive followed the same distribution with an independent t-
test. P-values were above the threshold significance of 0.05 so there
were no statistically significant differences. Bar chart plots for the
different groups as well as the results of the statistical tests can be found
in the Supplementary materials (Figures S.2-S.5 for the graphs and
Table S.3 for the statistics).

According to the overall score provided by each participant, Case 5,
with the binary flag on the segmentation contour was the preferred
option with a mean score of 3.87. The following options are Case 6, Case
1, and Case 8 (3.20, 3.23 and 3.11 respectively). On the other hand,
Cases 3, 4 and 9 achieved the worst scores with respective means of 1.73,
1.77 and 1.79, as shown in Fig. 1.

Fig. 2 is a bar chart displaying the mean of the four criteria (overall,
usability, required training and expected time gain) for each Case. For
these metrics, Case 5 and Case 1 have the highest scores. Scores attrib-
uted to expected time gain seem to be closer to the overall scoring
compared with usability and required training. Cases displaying
continuous information (Cases 3, 4, 6 and 8) seem to require more
training (respective means of 2.17, 2.23, 2.67, 2.5) compared to Cases
presenting binary values (Cases 1, 2, 5 and 7 with respective means of
3.73, 3.60, 3.53 and 2.60). The mean usability is higher than the other
criteria for most of the Cases.

The topics discussed during this second session can be categorised
into four main themes:
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Table 2
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Visualisation options of the uncertainty information presented to the panel of clinicians in the second session.

Uncertainty visualisation
option

Illustration

Description

C1: Binary traffic light
(structure-level)

C2: Binary traffic light (slice-
level)

C3: Continuous indicator
(structure-level)

C4: Continuous indicator (slice-
level)

C5: Binary contour (voxel-
level)

C6: Continuous contour (voxel-
level)

Organ/target

Slice prediction

Organ/Target

Slice prediction

Slice prediction

Slice prediction

Binary contour

Uncertainty

30%

30%

. Likely correct
. Need correction

100%

0%

Outputs one binary value for the whole structure. Green means the
model is confident in its prediction, whereas for red, it is less confident.

Outputs one binary value per slice for the structure. Green means the
model is confident in its prediction whereas, for red, it is less confident.

Outputs one continuous value (illustrated by a percentage thermometer)
for the whole structure.

Outputs one continuous value (illustrated by a percentage thermometer)
per slice for the structure.

The contour segmentation is divided into subcomponents displaying part
of the contour where the model is confident (i.e. green) and where the
model is not confident (i.e. red). This is done for each slice.

The contour segmentation is coloured according to the uncertainty of the
model, illustrated with a continuous percentage value. This is done for
each slice.

(continued on next page)
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Table 2 (continued)
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Uncertainty visualisation Mlustration

option

Description

C7: Binary envelope (voxel-
level)

Slice prediction

C8: Continuous envelope
(voxel-level)

Slice prediction

C9: Binary traffic lights (slice-
level) with dosimetric
information

Slice prediction

C10: Continuous envelope
(voxel-level) with dosimetric
information

Binary envelope

Uncertainty

Slice prediction Uncertainty

Uncertainty map displaying in white the region setting a threshold on
the uncertainty (right). This is the binary version of Case 8. This is done
for each slice.

Uncertainty map displaying the uncertainty percentage of the prediction
100% as a continuous value (right). This is done for each slice.

0%

Uncertainty is displayed in the same way as Case 2: one binary value per
slice for the structure. There is additional dosimetric information
displayed with isodose lines (levels arbitrarily chosen here).

Uncertainty is displayed in the same way as Case 8: per slice percentage
100% of the prediction as a continuous value. There is additional dosimetric
information displayed with isodose lines (levels arbitrarily chosen here).

— Binary vs continuous information:

Whether the information displayed should be binary like in the
flagging system of Cases 1, 2, and 9, the binary contour Case 5, or binary
envelope Case 7, or their counterparts with continuous information.
Many clinicians argue that they have a “binary mind” and therefore
prefer the simplicity of binary information, whereas continuous infor-
mation would leave room for interpretation. If the percentage methods
are used, then they would want a consensus on the threshold above
which the models can be trusted (which comes back to a binary output).
Otherwise, using the raw percentage without a consensual threshold
might lead to large inter- and intra-observer variability. Moreover,
percentage values will require more training to understand the meaning
behind the numbers. The colour code will also have an impact on the
visualisation and should be selected carefully.

— Structure-level vs slice-level vs voxel-level information:

Time gain is expected to be higher with a green flag for the whole
structure (Case 1) rather than green flags for each slice (Case 3) as the
clinicians will still need to go through every slice of the structure. On the
other hand, if the structure gets a red flag, then it could be useful to get
voxel-level uncertainty information such as in Case 5. This led the

sessions in multiple institutions to conclude that they prefer subsequent
information: first a structure-level flagging, and if it is red, then display a
voxel-level uncertainty information.

— Dosimetric information:

Opinions on adding dosimetric information varied. Some clinicians
viewed it negatively, citing the excessive information it presented, while
others viewed it positively, noting its potential to help eliminate dosi-
metrically irrelevant errors (e.g. very low dose regions). The latter is
especially true for an online adaptive workflow where time is crucial and
dosimetric information can help prioritise the edits to perform. Some
participants suggested masking the areas with low dosimetric impact
instead of displaying isodoses. Another suggestion involved incorpo-
rating the dosimetric relevance in the binary flag. For example, even
though the network is unsure about the contour of an OAR but editing
will have no dosimetric impact, then the flag may still be green.

— Alternative segmentation proposed by other models:
Most clinicians are in favour of alternatives, but it should be for the

whole structure, not per-slice. Ideally, the system should automatically
select the winner instead of letting the clinician choose, which would be
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Overall score of the 10 Cases

5_
4 A 0 I
4 H -+ X L
9 X X
27 X
| i
? 1 1 1

Score

X
|

5 6 7 8 9 10

1 2 3 4
Case
= Median X Mean ¢ Outlier

Fig. 1. Boxplot of the overall scores given by all participants. Violin added in
the background to show the distribution of data per Case.

Mean scores for the criteria

Mean score

1 2 3 45 6 7 8 910

Case
B Overall B Training
Bl Usability [EEE Time gain

Fig. 2. Bar chart visualising the mean of the scores given by all participants.

a waste of time.

Discussion

Through the initial questionnaire, we confirmed that clinicians in
radiation therapy are interested in tools that estimate DL segmentation
uncertainty. However, the method for presenting this uncertainty in-
formation was not straightforward and warranted further investigation.
We devised a range of visualisation examples that were presented to the
teams of clinicians in a second questionnaire session and evaluated their
feedback. Interestingly, the scores provided by RTTs and ROs followed
the same distribution according to our statistical analysis. In general,
representations with binary values were preferred, since a green or red
flag is easier to interpret and leaves less room for interpretation
compared with a continuous, provided that the binary thresholds are set
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following a clinical consensus. One of the centres did prefer the
continuous visualisation, but also argued that a consensus threshold
value is required before using such tools. While binary information is
easier for ROs and RTTs to understand and reduces interobserver vari-
ability, continuous information on voxel-based uncertainty could be
helpful in specific clinical cases where higher uncertainty is reported
such as identifying patients that are out-of-distribution for the seg-
mentation model at hand and select an alternative.

The discussions in the different institutions converged toward a
combination of representation levels. First, a structure-level represen-
tation with binary flag to rapidly sort the structures requiring attention
which could be followed by more detailed voxel-level information.
Including dosimetric information was generally considered to be too
complex but might be of value in an online adaptive workflow. A feature
suggested by participants to reduce the overload of information was to
mask uncertainty regions. For instance, clinicians might not need to
visualise segmentation uncertainty in areas with low dosimetric impact.
The way to display this mask was not investigated in this study but a
solution could be to incorporate the dosimetric relevance in the binary
flag. For example, even though the network is unsure about the contour
of an OAR but editing will have no dosimetric impact, then the flag may
still be green. This masking feature, along with the idea of combining
different levels of information seem to be promising for future imple-
mentations of such systems.

Our results are mostly in line with previous work and build
thereupon.

Gillman et al. [45] used three criteria to score uncertainty visual-
isations: (1) whether the underlying image is shown; (2) whether the
segmentation uncertainty is displayed and (3) whether the cognitive
workload is kept minimal. Criteria 1 and 2 were fulfilled for all our
Cases. Our results reflected that the more complex the visualisation
(such as adding isodoses to the representation of Cases 9 and 10), the
lower the usability and interpretability values.

Maruccio et al. [17] presented cases very similar to our Case 8 to two
clinicians and found a correlation between the level of uncertainty
perceived by the clinicians and two uncertainty metrics. Our work builds
on that as they discussed a study with more observers and also assessing
the potential time saved would be needed.

Balagopal et al. [16] used the method we presented as Case 7 to
present the uncertainty of post-operative prostate CTVs. They could
show their network predicted contours in better agreement with
physician contours than the contours of the residents. They concluded
such confidence bands could streamline the contouring workflow.

Van Rooij et al. [18] also used uncertainty thresholds and displayed
iso-probability dashed segmentation lines. They suggested that checking
all OARs using this visualisation tool might be too time-consuming.
Some options to overcome this were suggested: the clinician selects
which OAR he/she would like to see, or only particular areas are high-
lighted based on the distance between the iso-probability lines. Also,
using a standard threshold in which OARs would be shown could be an
option. A similar approach could be foreseen for Case 5, which was
favoured in our study.

Our study also has some limitations. The ten Cases presented to the
participants focused on the type of uncertainty visualisation, like its
level (structure, slice, or voxel) or its format (binary versus continuous,
dosimetric versus geometric only). However, as suggested by the par-
ticipants, a lot of other factors in the display will have an impact on the
interpretation of uncertainty, such as the choice of thresholds for binary
metrics, the colour codes, opacity and line thickness or styles.

When analysing the data, we noticed that some participants, some-
times clustered within institutes, seemed to have very strong opinions,
grading only with extreme scores of 0 or 5, while others were more
moderate and nuanced in their answers. Whether this truly reflects
relevant differences between institutions is impossible to say, as they
could also reflect individual differences. It is noteworthy that while we
obtained individual evaluation grids, some participants were actually
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discussing the cases with each other, which may have influenced the
results. We designed a variation mitigation strategy to set up the study
and standardise as many aspects as possible. The study setup was
designed by a multidisciplinary team of clinicians and researchers,
including an expert in Cognitive Psychology, Human Factors and Arti-
ficial Intelligence. It included frequent meetings with all researchers
involved to ensure standardised execution of the study, ways to present
the cases to the participants, response collection and analysis of the data.
To avoid that different experimenters explained the cases in different
ways to the participants, descriptions of the visualisation cases were
standardised and presented in written form in all institutions. Moreover,
data processing and data analysis was done after data from all in-
stitutions were collected in one data file.

Future work may include focusing on the preferred Cases from this
study and further refinement of the implementation preferences, as well
as exploring practical use cases (i.e. with real patients) that can give us
quantitative results about the time gain for each option, especially in an
adaptive workflow. In particular, it is worth investigating the possible
combinations of Cases that might be of additional value.

Conclusion

Uncertainty quantification tools for DL segmentation models are
becoming more and more popular in the research community, but their
translation into clinical practice and within commercial treatment
planning systems is still very prospective. Our exploratory study
confirmed the interest of both radiation oncologists and radiation
therapists in having these tools in their clinical routine to ease and speed
up the delineation process, and provided valuable feedback on the
format of such tools. After evaluating uncertainty visualisation cases at
different levels (structure, slice or voxel) with binary or continuous
values, participants expressed their preference for the binary voxel-level
uncertainty options in the first place, followed by binary structure-level
uncertainty. Expressing uncertainty as a continuous value was disliked
by most participants. Adding dosimetric information was perceived
differently according to each participant but was considered helpful,
particularly in online adaptive workflows.
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