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Multi-Metric Clinical Validation
of an Auto-Contour Refinement Tool
in Head-and-Neck Radiotherapy

Jolijn L. Scharn

Background: Interactive segmentation models combine auto-segmentation methods with
user interaction to overcome the inconvenience of manually adjusting contours generated by
imperfect auto-contouring models. However, these models have not yet been implemented
for tumor target volume segmentation in clinical radiotherapy settings. Therefore, this
study validates a previously developed auto-contour refinement tool at the LUMC for
Head-and-Neck (H&N) radiotherapy, demonstrating its robustness and trustworthiness.
Methods: A user study with six non-expert participants was performed, who iteratively
refined a contour-refinement model prediction to align as closely as possible with the
corresponding ground truth for six tumor volumes from six patients. The contour-refinement
model updated its prior predictions based on user-provided foreground (tumor) and
background (non-tumor) scribbles. This enabled Three Dimensional (3D) refinement until a
satisfactory result was achieved. User inputs were collected and evaluated using performance
metrics such as Dice and Surface Dice to evaluate robustness of the model, along with two
newly introduced evaluation metrics proposed in this study to evaluate trustworthiness: local
and non-local (Surface) Dice.

Results: Robust behavior is observed, as the model reacts in a highly consistent manner
across all users. Only minor differences in model performance (A Dice scores of 0.1407
vs. 0.1296) were observed across users when different user inputs were applied. The Al
pencil yields a strong initial improvement compared to manual annotations (27.4% vs. 6.4%,
Wilcoxon p = 0.047), whereas subsequent iterations show variability. This variability was
frequently observed in cases of incorrect user input, distortions caused by dental implants,
anatomically complex regions, and during the segmentation of slices at the tumor boundaries.
In all other cases the model showed a high trustworthiness, as it follows the users intent
during the contouring process.

Conclusion: The incorporation of user feedback into the contour-refinement model results
in a rapid improvement in segmentation quality across the entire volume. However, manual
refinement by clinicians remains necessary for anatomically complex slices. Overall, this
research shows that the model is robust to variations in user input and (apart from the first
few iterations) there are no spurious changes in non-local areas. These are important findings
when working towards clinical adoption of these interactive contour refinement models.

Keywords: Interactive, Medical, Image, Segmentation, Deep-Learning, Inference, User
Prompts, Evaluation Methods, Metrics, Human-AlI Interaction, Auto Contouring, Contour-
Refinement, 3D, Radiotherapy

I. Introduction and Goal Definition planning [1]. However, manual tumor contouring
remains complex, time consuming, and labor

In modern radiotherapy, accurate tumor target intensive, due to variability between observers and

delineation, is the crucial first step in treatment



anatomical challenges, particularly in regions such
as the head-and-neck region (H&N) [1-4]. This
issue is expected to be exacerbated by the increasing
incidence of H&N cancer cases [5—7], the projected
shortage of physicians in the medical field [8], and
the advent of online adaptive radiotherapy, which
requires rapid and repeated contouring during
treatment [9]. To address these challenges, deep
learning-based auto-contouring tools are increasingly

used in radiotherapy to delineate structures [10-13].

Currently, in clinical practice, these tools are primarily
applied to support treatment planning through the

identification and protection of organs at risk [14].

Their application to tumor target volumes in practical
scenarios, however, remains limited due to several
challenges [15].

First, there is substantial inter-patient variability
in tumor volumes, which complicates model
generalization. In particular, Convolutional Neural
Networks (CNNs), a class of deep learning (DL)
models, have limited ability to accurately handle
tumor characteristics that were not represented in
the training data [16]. Second, there is a need
for large, diverse, high-quality training datasets to
train these models [17]. However, such datasets
are currently not available, and as a result, their
applicability remains heavily constrained by the
limited task-specific training data [18].  Third,
accurately contouring metastatic lymph nodes
remains particularly challenging [19], especially in
H&N cases, where elective nodal regions often lack
clearly imageable tumors [2]. Fourth, traditional
automatic segmentation models rely heavily on
deterministic predictive behavior that cannot be
influenced or adjusted [18]. This is problematic when
highly precise segmentations are required, such as in
tumor segmentation. Finally, automatic segmentation
models operate without considering the needs and
context of the user [20], which poses a challenge when

clinicians are expected to collaborate with the model.

Due to these challenges, auto-contouring models
remain imperfect, and clinicians often need to spend

considerable time correcting the generated contours.

Therefore, despite substantial advances in automatic
segmentation, fully automatic approaches often fail
to meet the accuracy and robustness requirements
necessary for reliable clinical deployment [18, 21, 22].

To overcome the inconvenience of manually adjusting
contours generated by auto-contouring models, Mody
et al. [23] introduced an auto-contour refinement
tool. This tool enables clinicians to refine deep
learning-generated auto-contours by making scribbles
that provide information about the intended tumor
boundaries. This technique, known as interactive
segmentation, is a key area of research in medical
image analysis that aims to enhance the efficiency of
labor-intensive annotations by incorporating human
feedback [24]. The Al-pencil, as proposed by Mody
et al. [23], enables 2D interactions to directly refine
tumor contours in 3D H&N scans. This approach has
the potential to significantly accelerate the delineation
process.

Due to their potential, interactive segmentation
methods have attracted considerable attention in the
medical domain and have led to numerous recent
studies evaluating 3D medical image segmentation
[16, 18, 25-57]. Although these domain-specific
adaptations have shown promising progress, many
published methods are affected by pitfalls that obscure
their effectiveness and hinder appropriate method
selection [18]. For example, several studies assess
interactive segmentation methods based on a single
interaction step [18], whereas in clinical workflows
such as radiotherapy, an iterative process is essential.
Multiple rounds of tumor target segmentation
are needed to gradually refine the contours until
satisfactory results are reached.  Furthermore,
studies often evaluate predictions slice-by-slice or on
sub-patches of a 3D volume instead of assessing the
full image volume [18]. In addition, there is currently
no standardized evaluation framework, leading to
inconsistencies across studies [18, 24, 58]. While
evaluation is often focused on technical performance,
it frequently fails to demonstrate clinical relevance
[59]. These missing evaluation frameworks present a
challenge in this field, as robust evaluation of these
models is a critical step towards clinical adoption.

Previous work by this author [60] has shown a
strong reliance on common metrics such as the
Dice Similarity Coeflicient (Dice) and the Hausdorff
Distance (HD) [24, 58, 61], which date back to 1945
[62] and 1914 [63], respectively. This previous work



[60] also demonstrated that almost no new metrics
are being introduced, although there are ongoing
concerns about the existing metrics. For instance,
Dice does not capture boundary accuracy and may
therefore be insufficient when boundary quality is
the primary focus [58, 64, 65]. Therefore, additional
metrics as Surface Dice are needed for the evaluation
of the segmentation models at boundary levels.
Furthermore, HD is not always suitable, since medical
segmentations often contain noise and boundary
irregularities, and its high sensitivity to outliers
generally discourages direct use in this field [66].
Some research developed advanced segmentation
models that demonstrate excellent performance on
these metrics [30, 32, 38, 43, 47, 48, 55, 67-74].
However, because researchers in this field rely heavily
on traditional evaluation metrics, critical insights
into model behavior may be missed. This limits
understanding of the internal workings of deep
interactive segmentation models, whose decision-
making processes remain largely non-transparent to
researchers and clinicians [16].

More research on understanding interactive segmen-
tation models could increase the confidence in using
these models for clinical diagnosis and ensure the
effective application of deep learning-based medical
image segmentation in modern practice [16]. Two
important aspects for evaluating a model’s clinical
effectiveness are robustness and trustworthiness.
Model robustness reflects the consistency of its
responses to different functionally similar corrective
user inputs. Quantitative (surface) Dice evaluation
only does not capture the robustness of the model
and therefore this study additionally focuses on
qualitative assessment of interactive segmentation
output. Trustworthiness refers to a model’s ability to
accurately refine the region around the user-provided
input without introducing spurious changes elsewhere
in the tumor volume. Traditional evaluation metrics
may reveal the presence of segmentation errors but
do not provide insight into why they occur or where
within the tumor volume they are most likely to arise,
making their identification difficult. As a result, it
is currently difficult to assess the trustworthiness of
these models. To close this gap, this study proposes
novel evaluation metrics, in addition to the commonly
used suite of evaluation metrics such as (surface)

Dice. Specifically, these metrics evaluate the model’s
ability to adhere to user intent in regions both close
to the scribble slice and farther away, and are referred
to as local and non-local Dice.

By adding these metrics to conventional metrics, this
research project at the Leiden University Medical
Center (LUMC) focuses on validating the iterative
3D interactive medical image segmentation method
proposed by Mody et al. [23]. To achieve this, the
same deep learning model is reused on the same patient
data, with a different evaluation approach. By these
means, this study evaluates whether deep learning-
assisted interactive contour refinement is robust and
trustworthy and how these terms can be evaluated,
which is a valuable and necessary step toward future
clinical implementation.

I1. Research Questions
This research aims to answer the following question:
How can deep learning-based interactive contour
refinement models be effectively evaluated for their
robustness and trustworthiness?

To explore this for a published model ([23]), this study
focuses on these sub-questions:

1. To what extent do segmentation outcomes differ
across users during interactive contour refinement?
2. How well does this contour refinement model
adhere to the users input in regions local to where the
input was provided. Moreover, does it make spurious
changes in regions further away?

In this work, robustness is defined as the consistency of
the model’s response across users when they provide
functionally similar corrective input, reflecting the
same segmentation intent. Trustworthiness is defined
as the model’s ability to adhere to user corrections
locally, while avoiding unintended spurious changes
in non-local regions.

III. Research Methods

A. Dataset Description

A dataset from the HECKTOR2022 challenge was
used in this study [75], which includes 524 paired
Computed Tomography (CT) and Positron Emission
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Figure 1. Anatomy of the pharynx. The pharynx is a
hollow muscular structure in the neck that connects the
nasal cavity to the larynx and esophagus and consists
of three regions: the nasopharynx, oropharynx, and
hypopharynx [76].

Tomography (PET) scans of the H&N area from
seven different medical centers across four different
countries. The dataset exclusively includes patients
diagnosed with oropharyngeal cancer. This cancer
arises in the oropharynx at the back of the throat,
encompassing regions such as the base of the tongue
and the tonsils. The oropharynx is a region of the
pharynx, as shown in Figure 1. The contouring models
used in this research were trained and validated by
Mody et al. [23]. In that study, data from three
countries (Canada, Switzerland, and the United States
of America; 452 scan pairs) were used for training
and validation, while data from the remaining country
(France; 72 scan pairs) were reserved for testing. In
the current study, six cases were selected from this test
set. The ground truths of these cases are presented
in Figure 14. Additional details regarding the dataset
are provided in the Appendix Section VIILA.

B. Auto-Contour and Contour-Refinement Models

This study employs two deep learning models: an
auto-contouring model and a contour-refinement
model. The auto-contouring model is used to generate
an initial tumor segmentation. Subsequently, user-
provided input is supplied to the contour-refinement
model, which refines the initial segmentation and

then iteratively updates its own predictions based
on the provided interaction. A visual representation
of this process is presented in Figure 2. Both the
auto-contouring and contour-refinement models were
developed, trained, and validated by Mody et al. [23].
The models employ a standard U-Net architecture
(approximately 1.2 million parameters) implemented
within the MONAI framework [77] and were trained
using a standard cross-entropy loss function. In this
study, these pretrained models were used without
further modification.

The auto-contouring model generates an initial tumor
mask from CT and PET images using ground truth
annotations from the HECKTOR dataset. This initial
prediction serves as input to the contour-refinement
model, which incorporates additional information in
the form of user interactions to refine the segmenta-
tion. The refinement model operates on multiple input
channels (n=5), including the imaging data (CT and
PET), the predicted segmentation from the previous
iteration, and user-provided foreground (tumor) and
background (non-tumor) scribbles. During training of
the refinement model (done by Mody et al. [23]), user
interaction was simulated by automatically generating
two-dimensional scribbles in regions where the initial
segmentation deviated from the ground truth. These
simulated scribbles guided the refinement model to
correct both missing (false negative (FN)) and in-
correctly included regions (false positive (FP)), and
model outputs were optimized by comparison with
the ground truth. Further details on the simulated
interaction strategy and the training of the models are
described in the original work [23].

C. Graphical User Interface

The experiments have been conducted using a web-
based interface, which was originally developed by
Mody et al. [23]. In this interface, users can choose
between a manual brush and an Al-assisted pencil tool.
With the Al-assisted tool, users refine auto-generated
tumor contours by placing scribbles (positive or nega-
tive) on the image. These scribbles, along with the CT
and PET scans and the previous contour prediction,
are sent to the backend as model inputs. The deep
learning contour-refinement model then generates up-
dated contours, which are returned to the frontend for
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Figure 2. Graphical Flow of Proposed Deep Interactive Image Segmentation. Imaging Input: CT and
PET. User input: Foreground and Background Scribbles. Auto-model: Auto-contouring model Section I11.B.
Refinement Model: Contour-refinement model Section III.B. The auto model had a two-channel input (i.e.,
CT + PET). The refinement model had a five-channel input (i.e., CT + PET + previous contour + foreground

scribble + background scribble).

user review and, if needed, further refinement. Ad-
ditional details regarding the graphical user interface
are provided in the Appendix Section VIII.B.

D. Interactive Contour Refinement Sessions

This study will evaluate the auto-contour refinement
tool by performing a user-study by conducting in-
teractive refinement contouring sessions. For these
sessions, six non-expert participants were recruited,
which were (PhD) students within the Radiotherapy
or Radiology department of LUMC. During these
sessions, two experiments were conducted.

1. Experiment I - Robustness of Interactive Segmen-
tation to Single-Scribble User Input

In this experiment, the response of the interactive
contour-refinement model is measured to different
types of user inputs. Users were asked to refine the
segmentation of a single image slice by placing one
scribble. Two distinct slices were selected for this
experiment: one representing a relatively simple
segmentation task with straightforward anatomy, and
one representing a more challenging task due to the
presence of an air cavity (Figure 3). In both cases,
the initial mask was generated by the auto-contour

model and the refinement was generated by the
contour-refinement model. By presenting the same
starting condition to multiple users, i.e. presenting
the same slice for user interaction, the robustness to
variation in user inputs can be quantified using Dice
values, as well as qualitatively analyzed by visual
inspection.

The simple slice was selected for this experiment due
to its typical straightforward anatomical structure. In
this slice, the auto-contouring model produced an
incorrect prediction because it oversegmented the
tumor region on one side of the tumor. This error
is visible in Figure 3 and in the 3D visualization of
Patient 4 shown in the Appendix Section VIII.C.
Users were asked to refine this oversegmented area
by placing a background scribble in the erroneous
region. The users were free to determine the precise
shape and location of the scribble.

The more challenging slice, shown in Figure 3, was
chosen because it contained an air cavity, which was
hypothesized to complicate segmentation. The corre-
sponding ground truth in the axial direction consisted
of two separated regions, one of which was under-
segmented by the auto-contour model. Users were
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Figure 3. Automatic segmentation results for Experiment 1 in axial (left) and sagittal (right) view. (a)
Easy slice with straightforward anatomy (axial slice 67/144, P4). (b) Challenging slice including an air
cavity (axial slice 62/144, P3). Green: ground truth. Red: tumor target prediction. Arrows point to the part
of the segmentation that needs to be corrected by the user.

instructed to correct this undersegmentation by plac-
ing a foreground scribble in the region where tumor
tissue was present in the ground truth but missing in
the automatic segmentation.

2. Experiment 2 - Interactive Contour Refinement
Sessions: Al vs Manual
In this experiment, six users were asked to segment
six complete tumor volumes. The objective was
to reproduce the ground truth segmentation, which
was simultaneously visualized, as accurately as
possible using either a manual brush or an Al-
assisted pencil. In the manual brush experiments,
the contour-refinement model was not used. In
contrast, when using the Al pencil, user input was
communicated to the contour-refinement model,
which iteratively refined the segmentation in
three dimensions. Users continued refining the seg-

mentation until they were satisfied with the final result.

Several constraints were applied to standardize the
experimental procedure and improve the reliability
and comparability between experiments. Scribble
refinements were performed with a standard optical
mouse, while navigation of slices and changing
segmentation tools, e.g., switching between fore-
ground and background scribbles or brushes, was
performed using keyboard shortcuts. Users were
also restricted to perform all segmentation actions
exclusively in the axial plane to facilitate evaluation.
Additionally, users were asked to follow a consistent
navigation strategy by starting in the middle of
the volume (slice 72), proceeding upward through
the volume, and then moving downward. This
guideline was introduced to improve compara-
bility across users. Nevertheless, users retained



the freedom to navigate through the volume as needed.

Table 1. Overview of patients and segmentation
type used per session. Al: An experiment using only
the Al pencil. Manual: An experiment using only the
manual brush.

Patient | Session 1 | Session 2
P1 Al Manual
P2 Manual Al
P3 Al Manual
P4 Manual Al
P5 Al Manual
P6 Manual Al

Patient cases were selected to represent a range of
interesting anatomical structures, including relatively
straightforward tumors and more challenging cases.
The order of the patient cases was determined based
on the quality of the initial segmentation produced
by the auto-contouring model. The patient with the
highest surface Dice score was presented first. The
resulting case order was identical for all users and
is summarized in Table 1. A one-week interval
was introduced between Session 1 and Session 2
to reduce potential memory bias. Before the first
session, all users participated in a training session
in which they learned how to segment an entire
volume. They became familiar with the user interface,
the delineation tools (Al pencil and manual brush),
and with the contour-refinement model response to
scribble inputs.

For each paired experiment (Al and manual), time
was normalized using the maximum duration of the
two sessions, whether manual or Al. Dice trajecto-
ries were interpolated, as users placed scribbles at
different time points during the experiments, enabling
comparison across users. Median and interquartile
ranges (Q1-Q3) were plotted instead of mean and
standard deviation to reduce the effects of outliers,
given the small number of participants. To quantify
early changes in performance, the initial slope of the
Dice curve was estimated over the first 5% of the nor-
malized interaction time. This interval was selected
to restrict slope estimation to the early phase of the

experiment and to ensure local linearity. The slope
was computed by linear regression on the median
interpolated Dice curve, using the same interpolation
scheme as applied for visualization.

E. Performance Metrics

Table 2. Notation used for local and non-local
(Surface) Dice and Surface Dice metrics.

Symbol Description

\% Set of all voxels in the 3D volume

v A voxel in the 3D volume

2y Slice index of voxel v

zs Slice index at which the scribble is
placed

n Neighborhood (number of slices cra-
nial and caudal to zg to form the local
region)

G Ground truth (reference) segmentation
mask

Phetore Predicted segmentation before refine-
ment

Patter Predicted segmentation after refine-
ment

Sx Set of surface voxels of segmentation
X (morphological boundary of X)

Sx.L Surface voxels of X restricted to the
local region (Sx N Qrocal)

Sx.NL Surface voxels of X restricted to the
non-local region (Sx N QNon-Local)

Sbefore,N L S Phoefore N QNon-Local

S after, N L S Pger N QNon—Local

T Surface distance tolerance (2 mm)

1. Volumetric Dice and Surface Dice

To evaluate the model’s performance, both conven-
tional and novel metrics will be used. Conventional
metrics include overlap-based measures such as the
Dice, which quantifies the overall agreement between
the predicted and reference contours. However,
conventional Dice does not account for spatial
context, it only measures total volumetric overlap,
regardless of where the differences occur. Therefore,
results will also be evaluated using surface Dice,
which was first introduced by Nikolov et al. [78]. It
assesses the overlap of two surfaces (at a specified



tolerance) instead of the overlap of two volumes.
This makes it more sensitive to boundary differences,
which are clinically relevant in precise tumor target
delineation. The imaging data used in the present
study have a resolution of 1 mm (Appendix VIILA).
Therefore, a tolerance of 2mm was selected, as this
corresponds to roughly twice the size of a single voxel
and accommodates minor variations in boundary
segmentation. The formulas for Dice (1) and surface
Dice (2) used in this study are given below, where P
denotes the predicted segmentation and G the ground
truth segmentation. All symbols including their
description are presented in Table 2.

2|P NG|

DiCC(P, G) = m

)

1SS Sl + 1S5 N Spl
ISp| +1SG|

Surface Dice,(Sp, Sg) =
(2

2. Local and Non-Local Dice

Since deep learning-based predictions can result
in both local corrections and unintended non-local
changes (e.g., spurious activations far from the
user-provided input), this study proposes two novel
metrics: local Dice and non-local Dice. These metrics
provide spatial sensitivity to better evaluate the tool’s
ability to adhere to user input. Specifically, the
local Dice quantifies performance in the immediate
proximity of user-provided scribbles, while the
non-local Dice captures changes in areas distant
from the scribbled regions, identifying unintended
effects of the model’s prediction. These novel metrics
were developed and investigated to answer Research
Subquestion 2 (Section II) and provide a more
targeted and meaningful evaluation of interactive
refinement performance. For these metrics, the masks
are divided into a local region and a non-local region.
The local region includes the scribble slice and
the slices adjacent to it, while the non-local region
consists of all remaining slices. In this study, the slices
surrounding the scribble slice that define the local
region are referred to as the neighborhood (n), where
n indicates the number of slices cranial and caudal to
the scribble slice (Z). A visual representation of the
local and non-local Dice regions are shown in Figure 4.

Non-Local Region

Local Region z; + n

Scribble Slice z;

Z-Axis (Axial)

Local Region z; - n

Non-Local Region

Figure 4. Local and non-local regions for neigh-
borhood example n=1. Green mask: Ground Truth.
Red line: Prediction. Blue line: Background Scribble
(user input). Local Region: light-green slices + gray
scribble slice (Z5). Non-local Region: light-red slices.
n: neighborhood.

The formulas for the local and non-local Dice used
in this study are presented below. The local Dice
coeflicient before refinement quantifies the overlap
between the ground truth and the model prediction
within the local region surrounding the scribble. The
local Dice coeflicient after refinement is computed
analogously, but uses the refined prediction instead.
All variables are defined in Table 2.

-QLocal:{vev|ZS_n§ZvSZS+n} 3)
Dicefgiﬁe = Dice (G N QLocal, Poefore N QLocal)
2 |G npP before N -QLocal| (4)

- |G N Q-Locall + |Pbefore N QLocal|

Similarly, the local Dice after refinement is given by:

DiceAﬁer = Dice (G N Qpocals Pafter N QLocal)

Local —
_ 2 |G N Pater N -QLoca1|
|G n QLocall + |P after N QLocal|

®)

The change in local Dice, denoted as Ay ocay, is defined
as the difference between the post-refinement and pre-
refinement local Dice values and reflects the extent to
which segmentation accuracy within the local region
improves after refinement.

After
Local

Before

ALocal = Dice — Dicef .,

(6)



The non-local region consists of all voxels outside the
local region, which was indicated by n. The non-local
Dice coefficient measures the agreement between the
predictions before and after refinement within this
non-local region. Ideally, this value remains close to
1, indicating that no unintended changes occur in the
non-local area.

@)

QNon-Local =V \ QLocal

2 |P before N P after N QNon—Locall
|P before N QNon—Locall + |P after N QNOH—LO(Céﬂ)l

Dicenon-Local =

3. Local and Non-local Surface Dice

To also evaluate spatial sensitivity in the local and
non-local areas the choice was made to include lo-
cal and non-local surface Dice as well in this study.
The definitions are similar to the local and non-local
Dice coefficients. To avoid artificial boundary effects
caused by cropping, surface voxels are not extracted
from cropped subvolumes. Instead, the surface of
each segmentation is first computed on the full volume
and subsequently restricted to the local or non-local
region, following common practice [79, 80]. This
ensures that measured surface differences reflect true
segmentation boundaries rather than cropped artificial
edges. The formulas for the local surface Dice are
presented below. The notation used in the following
formulations is summarized in Table 2.

|S(T)

(7)
Prefore, L n SG’L| + |SG,L n SPbef()re’L

Before

SurfaceDicer .., =

S Poeore, 2| + 156, L
)

Similarly, the local Surface Dice after refinement is
given by:

(7) (1)
After |SPafler’L n SG’Ll + |SG,L N Spaflcr’Ll

SurfacecheLocaL .=

ISPyer, ] + 156G,
(10)

The change in local surface Dice due to a user-input,
denoted as A ocal Surface, quantifies the effect of the
refinement within the local region and is defined as:

. SAfter - . ~Before
Al ocal Surface = SurfacecheLocaLT—SurfacecheLocaL -
(11)

The non-local surface Dice measures the agreement
between the model predictions before and after refine-
ment in the non-local region (2Non-Local)- This metric
captures unintended surface changes occurring in the
area outside the local area and is defined as:

(1) ()
belbre,NLﬁSuﬂe"vNL | + | Saﬁe‘.’NLﬁShefore,NL |

rfaceDi =
Su ace CeNL’T |Sbcforc,NL|+|Saflcr,NL|

12)

4. Slices without Ground Truth or Prediction

It is possible that the ground truth mask, the prediction
mask, or both, are empty for some slices or regions.
To ensure consistent handling of such cases across
metrics, we apply the same evaluation procedure to
volumetric Dice and surface Dice. For Dice, surface
Dice, and non-local metrics, a region in which both
segmentations contain no voxels is assigned a score
of 1.0. This score indicates that no unintended differ-
ences occur in the non-local area. For local metrics,
cases in which both surfaces are absent are considered
undefined and are therefore marked as NaN, as the
computation would otherwise involve division by zero.
These cases are excluded from the analysis in order to
measure only changes in overlap between the ground
truth and the prediction.

F. Neighborhoods

The variable n specifies the extent of the local region,
which in turn defines the size of the non-local region.
When a high value of n is chosen, the local region
expands while the non-local region contracts. As
this metric is introduced for the first time and no
exact value for n is defined, the analysis focuses on
three different neighborhood sizes: +1, +5, and +10.
This choice was made based on the original work
[23] and the hypothesis that the interactive contour
refinement model works with a gaussian curve effect
around the scribble slice, with the highest effect around
the scribble slice. This means that, when placing a
scribble, the strongest refinement effect is observed in
the scribble slice, gradually decreasing toward minus
slices and plus slices, until no effect is observed.
Because it is not known how large this effect is, the
choice was made to focus on these three neighborhoods
(1, £5, and £10) to capture a large area around the
scribble slice and to evaluate where the local effect is
the highest. A visual representation of this Gaussian
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Figure 5. Illustration of the hypothetical effect
of user input across the scribble slice (z5) and its
surrounding slices for different neighborhoods (+1,
+5, and +10).

effect of the user input in the scribble slice is shown
in Figure 5.

G. Ethical Approval Statement
This study is based on a publicly available dataset
[75], that is fully anonymized.

IV. Results

In this section the outcomes of this study will be
presented. This will be done based on the two re-
search sub-questions on robustness (Section IV.A)
and trustworthiness (Section IV.B). The results of
both Experiment 1 (Section III.D.1) and Experiment 2
(Section II1.D.2) are used to investigate these aspects.

A. Robustness

1. Experiment 1

As described in Section II1.D.1, users were asked to
perform a single refinement on two slices selected
based on anatomical complexity: one relatively
easy slice and one more challenging slice. These
slices, together with the automatic predictions
from the auto-contouring model, are shown in
Figure 3. After the scribble input of all six users, the
contour-refinement model updated the segmentation
results, which are shown in Figure 6. Several
observations can be made based on these results.

As users were free to choose how to place their scrib-
bles, different interaction strategies emerged. Based
on the visual characteristics of the scribbles, three

distinct categories of user input were identified (Fig-
ure 6):
¢ Contour-following correction, where the scrib-
ble was placed along the erroneous segmentation
boundary.
* Region-based correction, where a larger over-
segmented area was covered in a single scribble.
* Localized area-based correction, where a com-
pact scribble was placed locally at the location
corresponding to the ground truth.
For the easy slice (P4), three users applied a
contour-following correction strategy (users 2, 4, and
5), two users employed a region-based approach (user
3 and 6), and one user used a localized area-based
approach (user 1). For the more challenging slice
(P3), all users employed a similar interaction strategy,
which can be characterized as a contour-following
correction and a localized area-based correction.

Prior to user interaction, the overlap between the auto-
matic segmentation produced by the auto-contouring
model and the ground truth was quantified using
Dice. Baseline Dice scores were 0.7258 (P4) and
0.8649 (P3). Corresponding surface Dice values
with a 2 mm distance threshold were 0.7067 for P4,
and 0.8800 for P3. For each user, the Dice values
after refinement and the corresponding differences
with respect to the Dice values before refinement
are reported in Table 3. For the easy slice (P4),
an increase in Dice scores is observed for all users
(range 0.1296 to 0.1407). The highest change in
Dice value (0.1407) was observed for the user who
applied a localized area-based scribble, followed by
region-based correction (0.1381 and 0.1366), while
the lowest Dice values were observed for users who
performed contour-following correction (0.1356,
0.1326, and 0.1296). For the difficult slice (P3),
a decrease in Dice was observed despite visually
correcting the undersegmented region results (range
-0.0997 to -0.1015).

As presented in Figure 6, the model reacts in a highly
consistent manner across all users, despite differences
in user input (foreground versus background) and the
resulting increase or decrease in Dice. For P4, the
oversegmented region, that needed to be corrected,
was correctly removed. However, for two users
applying the contour-following correction, a small

10
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Figure 6. Segmentation masks after refinement for P4 (easy slice) and P3 (difficult slice). Green line:
Ground Truth, Orange line: Plus Scribble, Light-blue line: Minus Scribble, Pink Mask/dashed line: Previous
segmentation mask before refinement, Yellow Mask: Added voxels after refinement, Blue Mask: Subtracted
voxels after refinement.
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Table 3. Segmentation performance and change
after interactive refinement for the easy slice (P4)
and difficult slice (P3). Dice Similarity Coeflicient
(Dice) and surface Dice at 2 mm distance threshold
are reported. Positive A values indicate improvement
in overlap in segmentation masks before and after
refinement, negative values indicate deterioration.

User | Performance | Refinement change
Dice sDice ADice AsDice
Easy slice (from P4)
1 0.8665 0.9152 | +0.1407 +0.2085
2 0.8614 0.9098 | +0.1356 +0.2031
3 0.8624 0.9144 | +0.1366  +0.2077
4 0.8584 0.9029 | +0.1326 +0.1962
5 0.8554 0.8947 | +0.1296  +0.1880
6 0.8639 0.9136 | +0.1381  +0.2069
Difficult slice (from P3)
1 0.7634 0.7224 | -0.1015 -0.1576
2 0.7647 0.7238 | —=0.1002 -0.1562
3 0.7652  0.7255 | —=0.0997 -0.1545
4 0.7652 0.7241 | —-0.0997 -0.1559
5 0.7635 0.7213 | —-0.1014 -0.1587
6 0.7647 0.7229 | —-0.1002 -0.1571

portion of the oversegmented region remained. In
addition, a small region at the superior part of the
tumor was removed for all users, representing an
incorrect refinement. Another notable observation
is that a few voxels (highlighted in yellow) were

consistently added to the segmentation for all users.

Thus, the model correctly incorporated the previously
missing pixels.

For the foreground scribble results on the P3 slice,
several trends can be observed. The user inputs
provided to the contour-refinement model were highly
similar across all participants, and the resulting

model response also showed minimal variability.

For all users, placing a foreground scribble in the
undersegmented region led to the removal of a
previously correctly segmented part of the tumor,
while incorrect it was consistent irrespective of the
slight variation in the user scribbles. At the same time,

the region that was missing in the initial segmentation
was successfully added to the prediction. However,
for all users, this newly added region was slightly
oversegmented when compared to the ground truth
for this slice. As a result, the Dice values decreased
after refinement (range -0.0997 to -0.1015) (Table 3).

2. Experiment 2

In this experiment, all six users completed one
experiment using the Al pencil and one experiment
using the manual brush, for all six patients. Figure 8
presents the results from these experiments, including
volumetric Dice and surface Dice values. Figure 20
in Appendix Section VIILE presents the trajectories
of each user during their Al and manual experiments.
This figure provides a clear idea of how the
individual users performed the experiments. After
analyzing the experimental results, the decision
was made to exclude User 6 from the quantitative
analysis of this experiment. Several reasons
motivated this decision, which are explained in Ap-
pendix VIILE together with the corresponding graphs.

What can be observed from the graphs from
Experiment 2 (Figure 8) is that, at the beginning,
Dice values increase (except for the case of P3 where
they decrease) more rapidly between iterations when
using the AI pencil than when using the manual
brush. The Al experiments achieved a significantly
larger proportion of its total Dice improvement
within the first 5% of the experiment compared to
manual annotations (27.4% vs. 6.4%, Wilcoxon p =
0.047), although one patient (P3) exhibited an initial
decrease in Dice score. Without this patient, the Al
experiments accounted for 47% of the total Dice
improvement in the early phase, compared with 6%
for manual annotation (p < 10~7). The first 5% of
the experiment refers to the interval between 0% and
5% of the normalized iteration axis per experiment,
where 0% corresponds to the first iteration and
100% to the final iteration of the experiment. All
experiments were normalized to this 0-100% scale to
allow comparison across experiments with different
numbers of iterations. Figure 7 shows the boxplots of
these first 5% for all six patients with median early
Dice gain and interquartile ranges, highlighting a
clear shift toward higher early gains for Al compared
to manual annotation. The outliers shown in this

12
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Figure 7. Boxplot showing the percentage of the
total Dice score improvement that occurs during
the first 5% of the AI (N=30) and manual (N=30)
contouring experiments.

boxplot are all associated with Patient 3. The y-axis
represents the Dice improvement during the first
5% of the experiment, expressed as a percentage of
the total Dice improvement achieved over the entire
experiment.

After this initial increase, the Dice values rise more
gradually, with occasional decreases occurring during
the later stage (Figure 8). By contrast, the manual
brush exhibits a more consistent but slower upward
trend over the full course of the experiment. The
surface dice follows these trends of the volumetric
Dice, but is more accurate for changes of the
contour instead of the entire volume. Another
noticeable result is that the refinement behavior
during these experiments was very similar across
users (indicated by the relatively small bands), but
differed substantially between patients. For Patient
3, Dice bands ranged from 0.02 to 0.20, whereas for
the other patients the bands remained between 0.00
and 0.05. At the end of the experiment, Al-assisted
experiments (N = 30) achieved a final mean Dice
score of 0.9303, whereas manual experiments (N
=30) reached a higher final mean Dice score of 0.9477.

For Patient 3, a drop in Dice scores is observed
at the beginning of the experiment (Figure 8).
When examining the 3D visualizations of these
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masks (Figure 9), it can first be observed that the
auto-contour model segmented the tumor volume
reasonably well. However, an unexpected part,
superior to the tumor, was incorrectly segmented. All
users tried to remove this part from the segmentation
by placing a background scribble in this part of
the mask. As shown in Figure 9 this part was
partly removed, however, this action also removed
a correctly segmented region. This resulted in a
decrease in Dice score from 0.8649 to 0.7592 after
this first refinement step. Similar decreasing behavior
was observed in subsequent iterations and was
consistent across all users.

As mentioned earlier, the Dice values for the other pa-
tients included in this study show a rapid increase. All
auto-contours and their corresponding ground truths
are shown in Appendix Section VIIL.C. In addition, all
refinement processes after the first user interaction are
shown in Appendix Section VIIL.D. For cases where
the initial auto-contour differs substantially from the
ground truth, changes in the mask can be observed
after the first user interaction.

Following the large corrections at the beginning of the
refinement process, drops in Dice are more frequently
observed in the middle or toward the end of the Al
pencil experiment. This occurred mainly in three
situations: when users attempted to refine slices at the
boundary of the tumor volume, when users segmented
slices that included complex anatomical structures
like contour curvatures around air cavities (e.g. near
the trachea), and when users provided incorrect user
input. Figure 10 illustrates these cases. It also shows
an example of CT distortion caused by a dental implant
in Patient 1, which also negatively affects the accuracy
of the segmentation. More examples of erroneousness
segmentation masks for each category are presented
in Section VIILF.
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Figure 8. Dice and Surface Dice trajectories (User 1-User 5) plotted against the normalized time axis
for all six patients. Median (line) and interquartile range (band) are shown for Users 1 to 5.
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contour prediction produced by the contour-refinement model and ground truth).
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Examples of segmentation errors after user refinements
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Figure 10. Overview of common issues in segmentation masks after user refinements. PET slice corresponding
to the scribble slice is shown in the left figure, remaining figures are CT, with the central CT slice corresponding
to the scribble slice. Green line: Ground truth. Orange line: User refinement (foreground scribble). Light blue line:
User refinement (background scribble). Dashed pink line: Contour previous segmentation mask. Pink mask: Previous
segmentation. Yellow mask: Added region after refinement. Blue mask: Removed region after refinement.
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B. Trustworthiness

1. Experiment 1

Table 4 shows the A local Dice, non-local Dice,
and surface Dice values obtained after the single
refinement step in Experiment 1 (IIL.D.1). Mean
values are included and were computed across
all six users. For the easy slice (Patient 4), local
improvement is observed for all users in the =+1
neighborhood, with the exception of user 5, who
exhibits a minor decrease in Dice (-0.0075) in this
area. All A local surface Dices increased for Patient
4. Larger improvements, however, are evident for the
+5 and +10 neighborhoods in both Dice and Surface
Dice metrics. Between neighborhoods +5 and +10,
only minor differences (0.000 — 0.0041 (Dice) and
(0.0024 — 0.0159 (surface Dice)) in metric values
are observed. The strongest changes occur within
neighborhoods located approximately two to three
slices away from the scribble location, extending up
to five slices. This behavior is shown in Figure 24 in
Appendix Section VIII.G, where tumor regions above
the scribble slice are correctly added, while regions
below the tumor are correctly removed. These results
show that the best local segmentation performance
for this case is achieved for a neighborhood size of
+5 slices. The non-local Dice values, indicating
differences outside the local interaction region,
range between 0.7489 and 0.6072. Furthermore, the
non-local Dice decreases as the neighborhood size
increases. All surface Dice values follow the same
behavior as the volumetric Dice values.

For Patient 3, a consistent decrease in local Dice
and surface Dice values is observed across all users
and neighborhood sizes, as shown in Table 4. The
mean A local Dice shows larger decreases for the
+1 and +5 neighborhoods (-0.1788 and —0.1807,
respectively) compared to the +10 neighborhood
(—0.1490). The A Local surface Dice showed the
biggest change in =10 slices around the scribble. As
shown in Figure 25 in Appendix Section VIIL.G,
a large portion of the correct prediction mask is

removed in all five slices above the scribble slice.

Similarly, parts of the mask are incorrectly deleted in
the five slices below the scribble slice. The decrease
in local Dice values is similar for all users, in contrast
to Patient 4, where greater variation between users
was observed. For example, for the +1 neighborhood,

inter-user variation in A local Dice was larger for
Patient 4 (range: -0.0075 to 0.0305) than for Patient 3
(range: -0.1899 to -0.1719). In contrast to the A
local Dice, the non-local Dice in Patient 4 remains
relatively stable across different neighborhood sizes.
However, the magnitude of the values indicates
that changes occur in the non-local region, since a
non-local Dice value of 1.0 represents perfect overlap
in the non-local area. The region outside the =10
neighborhood shows the lowest overlap before and
after refinement.

2. Experiment 2

Local Dice

Figure 11 illustrates the distribution of all A local Dice
values (with a neighborhood of +5) for Experiment 2.
The +5 neighborhood was chosen because it became
evident from Experiment 1 that the most changes
occur within this area. The figure includes an
aggregate boxplot of all data points, alongside
zoomed boxplots that provide detailed insight into
the per-patient variations. A Wilcoxon signed-rank
test across all paired observations (n = 30) revealed
a significant difference between Al and Manual
measurements (W =27.0, p =2.35x 107%). Median
values were 0.0050 for AI and 0.0025 for Manual,
with a median paired difference of 0.0036. The paired
rank-biserial effect size was 0.884, indicating a large
non-parametric effect. Per-patient analyses showed
effects in the same direction, however did not reach
significance due to the limited statistical power (n = 5
per patient).

Both the Al-assisted and manual strategies predomi-
nantly produce positive values. So, overall, the model
more frequently refined the segmentations in the local
region following user input, thereby improving seg-
mentation quality. In general, the experiments using
the Al pencil show the highest values in A local Dice
across all experiments as well as for each individual
patient. In contrast, the manual experiments exhibit a
more stable median and overall behavior. Compared
to the Al experiments, the manual experiments re-
quired a substantially higher number of iterations to
segment the entire volume. Appendix Section VIIL.H
presents additional A local Dice analyses, including
plots per iteration for a single user and corresponding
histograms.
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Table 4. Dice and surface Dice results (A local and non-local) in a neighborhood of +1, +5, and +10 slices around the scribble slice, reported per
user for the easy slice (P4) and difficult slice (P3). Non-local values represent the overlap between ground truth and the refined prediction outside the
defined local neighborhood. A +1 neighborhood corresponds to a local region of three slices, with the non-local region comprising all remaining slices.

Dice Surface Dice
User A Local Non-local A Local Non-local
+1 +5 +10 +1 +5 +10 +1 +5 +10 +1 +5 +10
Easy slice — P4
1 0,0305  0,0404 0,0368 0,7483 0,7077  0,6069 0,0866 0,1151 0,1022 0,7709 0,7685 0,7214
2 0,0176  0,0302 0,0289 0,7490 0,7097 0,6074 0,0852 0,1087 0,0928 0,7717 0,7721 0,7721
3 0,0103 0,0282 0,0302 0,7447 0,7066  0,6067 0,0846 0,1133 0,1001 0,7655 0,7678  0,7205
4 0,0043  0,0220 0,0239 0,7504 0,7103 0,6075 0,0574  0,0903 0,0805 0,7786 0,7741 0,7228
5 -0,0075 0,0149 0,0190 0,7531 0,7117 0,6077 0,0094  0,0686 0,0662 0,7809 0,7759 0,7235
6 0,0167 0,0326 0,0326 0,7477 0,7074  0,6069 0,0852 0,1135 0,0992 0,7687 0,7692 00,7218

Mean 0.0200 0.0281  0.0286 0.7489 0.7089 0.6072 | 0.0681 0.1016 0.0902 0.7727 0.7713  0.7304

Difficult slice — P3

-0,1814 -0,1816  -0,1500 0,6998 0,7002  0,6330 | -0,2190 -0,1992 -0,2466 0,5886 0,5589  0,5642
-0,1719 -0,1803  -0,1487 0,6995 0,7000 0,6319 | -0,2142 -0,1988 -0,2460 0,5846 0,5535 0,5578
-0,1735 -0,1798 -0,1484 0,7011 0,7013  0,6336 | -0,2113 -0,1966 -0,2446 0,5905 0,5596  0,5628
-0,1812 -0,1822 -0,1491 0,7016 0,7026  0,6356 | -0,2116 -0,2001 -0,2468 0,5902 0,5604 0,5648
-0,1746  -0,1800 -0,1492 0,6990 0,6990 0,6307 | -0,2205 -0,1988 -0,2463 0,5854 0,5543 0,5571
-0,1899 -0,1801 -0,1486 0,7061 0,7057 0,6395 | -0,2157 -0,1951 -0,2435 0,6016 0,5707 0,5695

AN N R W N =

Mean -0,1788 -0,1807 -0,1490 0,7012 0,7015 0,6341 | -0,2154 -0,1981 -0,2456 0,5902 0,5596 0,5627
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Figure 11. Boxplots of Experiment 2: Presenting the results of all experiments across users and patients, accompanied by zoomed-in boxplots
displaying per-patient results for all users.



Non-Local Dice

Figure 12 presents non-local Dice results for one user
and one patient plotted together with the volumetric
Dice during experiment 2. Results are shown for
one Al experiment and for a manual experiment on
Patient 4. For the Al experiment a strong increase in
non-local Dice is observed at the beginning, reflecting
a positive change in Dice between the masks before
and after refinement. This effect occurs only at the
beginning. Subsequently, the non-local Dice quickly
reaches 1.00 and remains around this value during
the remainder of the experiment. In this stage a much
more stable effect is observed compared to the A local
Dice. However, for certain iterations, small changes
(maximum of 0.02) are observed in the non-local
Dice. In these cases, the non-local Dice first drops,
but is subsequently restored in later refinement steps.
Comparing the results of the experiments using the
Al pencil and the manual brush in Figure 12, it is
clearly observed that, in the manual experiment, the
non-local Dice remains exactly 1.00 for the entire
duration of the experiment since there is no non-local
effect for manual delineations. The volumetric Dice
shows a consistent upward trend, with a steeper
increase toward the end of the experiment. More
non-local Dice results are shown in the Appendix
Section VIILI. These graphs show that the same
effect is observed for the other patients.

Neighborhoods

This study evaluates the effect of user input across
different neighborhoods. Neighborhoods are defined
as the number of slices encompassing the local area,
as illustrated in Figure 4. Figure 13 presents results
from one user during the experiment using the Al
pencil for local and non-local A (surface) Dice values
for three neighborhoods: +1, +5, and £10. Several
patterns are visible in these graphs. A local Dice
is present for the majority of iterations in all three
neighborhoods, showing that in most iterations the
model refines an area around the scribble slice. The
highest A local Dice values per iteration are observed
within the +1 neighborhood (Figure 13). Local Dice
results for different neighborhoods for the remaining
five patients are presented in Appendix Section VIIILJ.
These figures indicate that the same effects are
observed across all six patients.
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Figure 12. Non-local Dice results (for the three dif-
ferent neighborhoods +1, +5, and +10) plotted against
volumetric Dice results for the AI experiment on Patient
4 performed by one user.

For the A (surface) non-local Dice (Figure 13), indi-
cating the change between non-local results between
iterations, a different trend compared to the local Dice
is observed. High values appear at the beginning of
the experiment, while only minor values occur during
the middle and later stages. For Patient 4 (Figure 13),
the highest A non-local Dice values are observed out-
side the +10 neighborhood. Across the other patients
(Appendix Section VIIL.J), mixed patterns appear: in
some cases (Patients 1, 3, and 6) the area outside the
+1 neighborhood shows the largest change, whereas
in others (Patients 2, 4, and 5) the area outside the
+10 neighborhood exhibits the highest values. Nev-
ertheless, for all patients, high positive A non-local
Dice values occur at the beginning, with only minor
values thereafter. For Patient 4, improvements were
higher for the volumetric non-local Dice, whereas for
the other patients the non-local surface Dice showed
higher values.
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Figure 13. A Local and non-local Dice and surface Dice results across neighborhoods (+1, +5, and +10) for one Al experiment of Patient 4. (a)
A Local Dice, (b) A Non-local Dice, (¢) A Local Surface Dice, and (d) A Non-local surface Dice. Iteration O represents the auto-contour. A non-local
values begin at iteration 2, because non-local Dice measures the change between consecutive predictions. The first non-local value, at iteration 1,
corresponds to the Dice between the auto-contour and the prediction following the first refinement in the non-local area. The non-local value at iteration
2 represents the overlap between the prediction before and after refinement 2. The A non-local Dice represents the change between these non-local Dice
values.



V. Discussion
In H&N radiotherapy, it is important to speed
up the tumor segmentation process. This is a
time consuming process that can be significantly

accelerated by introducing auto-contouring models.

However, fully automatic contouring models for
tumor target segmentation in the H&N region often
fail to meet the stringent requirements for reliable
clinical deployment [18, 22, 81]. As a result, medical
experts need to manually adjust the auto-contours
generated by these models, which offsets the gains
from auto-contouring. Therefore, this study focused
on validating previous work [23] that refines these
auto-contours in 3D by introducing an interactive
contour refinement tool based on a DL model. The
performance of this model is evaluated based on
its robustness and trustworthiness, i.e., whether it
generates contours where the user expects them, both

of which are important for future clinical applications.

The results show that the model follows the users’
intent for both aspects, indicating promising potential
for future application.

A. Robustness

1. Scribble Types

Scribbles are considered a user-friendly prompt type
because they allow users to freely draw annotations
[81, 82]. Experiment 1 demonstrated that users
employed different approaches when placing scribbles
(Figure 6). Within this study, a custom taxonomy was
defined, consisting of contour-following correction,
region-based correction, and localized area-based
correction (Section IV.A.1). This study’s observation
of varying scribble approaches between users,
and sometimes within a single user, aligns with
previous work reporting wide variability in scribble
types among users [83]. The model showed small
performance differences for the various scribble types,
with the highest values for the localized area-based
scribble (0.1407 vs. 0.1296), indicating that the
placement of the scribble potentially influences
the model behavior. Previous work has shown
that interactive scribble-based methods outperform
traditional methods due to their enhanced accuracy

and flexibility, thereby reducing user workload [82].

However, the results of this study indicate that it is
also important to consider which types of scribbles

are possible and which perform best. To address
these differences in scribble approaches between
users, Wong et al. [84] demonstrated that training
the model using different scribble types (simulated
line, centerline, and contour scribbles) improves
model performance. The findings of the present study
confirm the importance of this approach for proper
model performance.

2. Similarities in model behavior

The differences observed in this study in the
model’s response across users were very minor,
both quantitatively and qualitatively. Regardless of
the scribble type (foreground or background), the
scribble form (contour-following, region-based, or
localized area-based), or the individual user, the
model refined or reduced the same region of the
tumor. Together, these findings indicate that the
model exhibits robust and consistent behavior. This
consistent behavior is clearly visible in the results
of Experiment 1 (Figure 6), where the model’s
performance was evaluated in two different slices.
For example, the small isolated pixels added in the
segmentation of Patient 4 (Figure 6), indicate high
consistency across users. Across all users, the model
refined or reduced nearly the same regions of the
tumor volume. Another observation is that user input
in the relatively easy slice (Patient 4) resulted in
positive refinement, whereas user input in the more
challenging slice (Patient 3) led to a decline in the
overall Dice and surface Dice values for all users.
This indicates that the refinement model is highly
sensitive to the anatomical structure of the tumor
and its surroundings, while being less sensitive to
differences in user input. Thus, refinement behavior is
more strongly influenced by patient-specific anatomy
than by inter-user variability.

Although different scribble behavior was observed
for Patient 4, the model still showed highly consistent
performance. When these results are analyzed over
the complete duration of tumor segmentation in
Experiment 2 (Figure 8), this similarity between
users is also clearly visible. For all patients, with
the exception for Patient 3, refinement steps using
the Al pencil contribute to a rapid increase in Dice,
most notably in the early phases of the experiments.
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In later stages of the experiments, the results show
more fluctuation between users. This indicates
that incorporating user input leads to a significant
improvement of the auto-contour, while further
improvement in tumor delineation slows down for
later iterations. However, the overall effect indicates
improved efficiency, as users require significantly
fewer iterations to complete the task compared with
using the manual brush.

3. Errors in segmentation performance

Fluctuations in Dice values were observed particularly
in the following situations: incorrect user input,
distortions by dental implants, anatomically complex
regions, and segmentation of slices at the tumor
boundaries. Figure 10 illustrated these slices with
erroneous segmentation results observed in this study.

A representative example of the model’s difficulty
in contouring the tumor volume is observed in
Patient 3, where the tumor was located near an air
cavity at the height of the pharynx. The difficulty
encountered by the model for these slices aligns
with earlier research. Mansoor et al. [85] found that
the presence of air cavities can lead to inaccurate
boundary identification. One possible explanation for
the increased segmentation difficulty of tumors near
air cavities is their complex anatomical shape and
the high differences at these places between patients,
whereas many DL models are trained on more
commonly occurring spherical shapes. Song et al.
[86] reported that, in paranasal sinus segmentation,
the lowest model performance was observed for cases
with the highest anatomical complexity. Due to
their complex geometry and interleaved structures,
boundary ambiguity can arise, leading to a reduced
performance of DL models such as CNNs [81, 86].

Another possible reason for these erroneous predic-
tions is that the model also incorporates Positron
Emission Tomography (PET) imaging data as input.
The hypothesis is that the model used in this study
relies heavily on this imaging data due to its strong
ability to distinguish regions of tumor activity.
However, PET has relatively poor spatial resolution,
which is disadvantageous because its distribution is
sampled on a voxel grid. Therefore, most voxels

include different types of tissues, as the contours of
the voxels do not match the actual contours of the
tracer distribution [87]. As a result, the PET signal
may spill over the tumor boundaries, including into
adjacent air cavity regions.

Near the cranial and caudal endpoints of the tumor
volume, the model also showed segmentation difficul-
ties. At these locations, the tumor ends, such that one
slice contains tumor tissue while the adjacent slice no
longer does. As the model performs refinements in
3D, it considers not only the current slice but also its
surrounding slices. When the tumor volume abruptly
ends, the model may have difficulty identifying the
exact boundaries. This results in prediction errors in
these slices, as shown in Figure 10 and Figure 23 in
Appendix Section VIILF.

B. Trustworthiness

1. Local Dice

Considering all iterations in Experiment 2, A Local
Dice is non-zero for most iterations, indicating that
the model refines the volume within the neighborhood
of the scribble slice. The majority of these values are
positive, indicating that incorporating user input often
improves Dice locally (i.e. agreement with the ground
truth). A statistically significant improvement in A
Local Dice was observed when using the Al pencil
compared to the manual brush. Consequently, users
required fewer iterations to segment the same volume
and to achieve a similar final Dice score. However,
the use of the Al pencil was also associated with
negative A Local Dice values. This is consistent with
observations made throughout the study, indicating
that although the Al pencil generally outperforms the
manual brush, it also introduces fluctuations in Dice.
Variations in magnitude during the refinement process
are expected and could have multiple explanations,
as the local Dice depends on the region of the tumor
being refined, the quality of the existing auto-contour
in that area, and the extent of prior user refinement.

The results of Experiment 1 (Table 4) suggest that,
for the easy slice in Patient 4, the positive outcome is
mainly driven by refinement effects in slices located
outside the =1 neighborhood and within the +5 and
+10 neighborhoods. In contrast, for the difficult slice
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(Patient 3), the largest A Local changes occur within
5 slices around the scribble slice (neighborhood +5).
However, the A Local surface Dice showed the biggest
negative change in +10 around the scribble. These
values contradict with each other. This discrepancy is
likely due to the shape of the segmentation masks in
these regions and the differences between the metrics
in penalizing changes between the prediction masks
and the ground truth. Surface Dice is more sensitive
to boundary roughness than standard volumetric
Dice. Upon closer examination of the auto-contour
mask and the subsequent mask after user refinement
(Figure 9), it can be observed that large errors occur
in the local area around scribble slice 62, where
the scribble was placed. These errors also extend
over a wider area, affecting nearly the entire +10
neighborhood.

The decline in both local and volumetric Dice for
Patient 3 may have multiple causes. One possible
reason is that the initial auto-contouring model
produced a highly inaccurate segmentation (Figure 9).
The figure shows that the user attempted to remove
the false positive portion of the tumor. However, this
input also removed parts of the correctly segmented
tumor volume. Since the auto-contour was used as
input for the contour-refinement model, this incorrect
information may have led the model to make an
inaccurate estimate after the initial user correction.

Another possible explanation is difficulty associated
with segmentation in this specific direction. Inter-
estingly, in the case of Patient 3, this decrease in
volumetric Dice was observed within the local area,
while the non-local Dice values even increased after
this refinement. A closer inspection of Figure 9,
together with the fact that all users started in slice 62,
shows that the negative changes occur far from the
scribble location in the sagittal direction, although
within the same axial slice. In this axial direction,
the tumor segmentation is divided into two separate
parts due to the tumor’s shape around the cavity. This
is clearly visible in the shape of the tumor’s ground
truth in Figure 14. The model responded incorrectly,
possibly because it had difficulty contouring two
separate regions within a single slice. A similar effect
is observed in other slices where the segmentation was
fragmented, for example in Figure (c) of Figure 22

where the tumor mask encompassed non-tumor
regions. This suggests that when focusing only on the
axial direction, as in this study, the model performs
poorly in cases where the tumor mask is divided
within a single slice. However, allowing users to
refine the segmentation in other directions (coronal
and sagittal), where features such as cavities may not
complicate the segmentation in this particular case,
could potentially improve the results.

2. Non-Local Dice

The results of Experiment 1 show that both patients
exhibited large non-local differences between the
initial auto-contour and the contour after refinement.
For the easy slice, the non-local Dice values were
0.7727, 0.7713, and 0.7304, whereas for the difficult
slice they were 0.5902, 0.5596, and 0.5627 (Table 4).
A non-local Dice value of 1.000 corresponds to perfect
overlap in the non-local area between iterations.
Thus, for the easy slice, approximately one-quarter
of the non-local volume between iterations did not
align, whereas for the difficult slice, nearly half of the
non-local volume was misaligned.

The results of Experiment 2 (Figure 8) show a large
volumetric Dice refinement at the beginning of the
segmentation process. When evaluating local and
non-local Dice, it becomes apparent that this initial
change is present in the total volume of the tumor.
This illustrates the benefit of using both metrics to
gain insight into which parts of the tumor are modified
by user input. This provides a spatial description of
where the model refines contours and therefore brings
us one step closer to understanding its behavior,
which is a necessary step toward clinical adoption.
When examining the behavior of the non-local Dice
over the entire experiment in Figure 30 and Figure 29,
it is observed that non-local effects occur almost only
during the initial user inputs. Afterward, the impact
on the non-local Dice decreases, meaning that later
user inputs almost exclusively refine the local area
around the scribble.

This heterogeneity likely arises from two interacting
factors: the spatial distribution of inaccuracies in the
automatic prediction across tumor regions, and the
manner in which the model responds to user-provided
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scribbles. Through training, the model acquired
prior expectations regarding the segmentation shape.
During the first interactive steps of inference, the
model partially relies on the users input and partially
on it’s own understanding of the tumor shapes. This
leads to changes in non-local regions, even though the
user did not provide specific information about those
regions. As the interaction steps proceed and the user
inputs accumulate, the model’s decisions rely more on
the user input. Sometimes this creates tension when a
user provides input, as this could contradict with the
internal-memory (i.e. neural weights). This behavior
was observed in Patient 3. Initially, the model did not
adhere to the user input, and the contour worsened
after each iteration. However, if the user input is
strong or repeated, the model gradually learned more
about the specific tumor shape and the prediction
will increasingly follow the user corrections rather
than the model’s original prior. Multiple studies
[25, 81, 88] have focused on this aspect, as additional
user input through the experiment influences and
strengthens the model’s predictions by altering the
network’s activation patterns. For all other patients
evaluated in this study the model immediately
adapted to the refinement, resulting in positive
changes in the non-local area. Therefore, in the
majority of cases, the model possesses an accurate
prior representation of the expected tumor appearance.

3. Neighborhoods

As it was unclear how far the refinement effect of a
scribble extends to surrounding slices, this study also
evaluated A local and non-local Dice and surface
Dice for different neighborhood definitions (+1,
+5, and +£10). The largest changes in local Dice
between predictions are most frequently observed
in the +1 neighborhood, indicating that user input

primarily refines the region closest to the scribble.

In some iterations, higher A local Dice values are

observed in the larger neighborhoods (+5 and +10).

It remains uncertain whether these changes are
caused by the scribble itself or by other inputs of the
contour-refinement model, such as CT, PET, and the
auto-contour.

For the non-local Dice, mixed results are observed. In
some patients the area outside the +1 neighborhood

shows the largest changes, whereas in others the area
outside the +10 neighborhood shows higher values.
Notably, these larger non-local changes mainly occur
at the beginning of the experiment, suggesting that
they may depend strongly on the shape of the initial
auto-contour. In later iterations the non-local effects
diminish, indicating that these changes are likely not
directly caused by the user scribble.

These observations raise the question of which neigh-
borhood size adequately captures the local effects of
user refinement throughout the experiment. Therefore,
it is advisable to evaluate multiple neighborhood sizes
during the refinement process, as the spatial meaning
of a given neighborhood may change as the model
and user interaction evolve.

C. Limitations and Future Recommendations

In this study, users were limited to refinement in axial
slices. In certain cases, refinement could have been
performed more efficiently in the sagittal or coronal
planes. It could be valuable to examine whether the
model predictions converge faster to the ground truth
when the user is not restricted to the axial plane, but
can place scribbles in either of the cardinal planes.
Furthermore, model outcomes should be assessed
in these directions using local and non-local Dice
to investigate how refinement behaves in different
directions and whether this behavior is similar across
directions.

Difficulties occurred frequently when users attempted
to segment tumor regions surrounding an air cavity.
This was common because the HECKTOR dataset
[75] contains only oropharyngeal cases, which
are located near the upper airway as shown in
Figure 1 [76]. The difficulty the model exhibits when
contouring more complex tumors may pose a problem,
as such cases are expected to occur frequently in
clinical practice. Therefore, this model should be
refined if it is used in other high-complex cancer
sites, but can already be employed in anatomical sites
containing less complex structures. These sites are
not tested yet and could be a valuable addition for
possible implementation in other cancer sites.

In this work, all users completed a training session
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prior to participating in the experiments. However,
the case of user 6 raises the question of whether this
training was sufficient to fully understand the model’s
behavior and learn to use it. In general, variations in
scribble placement resulted in minor differences in
outcomes, and users learned under which conditions

the model followed their intent and when it did not.

The results of this study show that users occasionally
made mistakes when providing scribble input. This
is undesirable, as all scribbles influence the model’s
interpretation of the tumor volume. Although the
model showed high robustness to variations in user
input, it still followed the user’s intent when an
incorrect scribble was placed, resulting in erroneous
segmentations (Figure 21). Therefore, it is important
that clinicians are properly trained and supported in

understanding how the model responds to user input.

Improved training and familiarity with the model’s
behavior could increase clinicians’ confidence in
using these systems and help ensure the effective
integration of deep learning-based medical image
segmentation in clinical practice [16].

Another important consideration is the number
of participants. Although this study identified a
statistically significant improvement, it lacks sufficient
power to draw the same conclusions at the level of
individual patients. Including more participants
would enable for analysis of a larger dataset. In
such a scenario, a greater number of scribbles and
patterns of user behavior could be examined. Future
work including a larger number of users and scribble
types could enable a more comprehensive analysis
of scribble taxonomies and their influence on model
outputs.

The participants in this study were non-experts,
meaning that they did not know how to segment
tumors. Therefore the outline of the ground truth
was visible during the total experiments. Their
assignment was to align the proposed prediction
created by the contour-refinement model as much as
possible with the presented ground truth. However,
the ground truth data used in this study originate
from the open HECKTOR dataset [75], and it can be
questioned whether this ground truth is always correct
or whether the HECKTOR dataset may contain
inaccuracies. This raises a fundamental question

of which serves as the more reliable reference: the
model’s refined output or the defined HECKTOR
ground truth. Consequently, the conclusions drawn
from the non-expert use of the tool and the model’s
response may not fully reflect expert behavior or
real-world clinical scenarios. Future studies should
therefore involve expert users instead of non-experts.
In such settings, the final refined segmentation
produced by the experts could be considered the
reference ground truth for calculating Dice scores,
thereby better reflecting the clinical correctness of
the segmentation.

The models used in this study were also trained
on the HECKTOR dataset [75]. When involving
clinical experts, it should also be considered to
include training and testing on real hospital data,
ideally from the hospital where the experts work.
High-quality data are essential for accurate tumor
segmentation because lower contrast hinders users
in identifying tumor boundaries [81]. Inaccurate
delineation of tumor boundaries can adversely affect
patients, since precise target segmentation is essential
to prevent tumor underdosage or overdosage of
adjacent organs at risk. This level of quality was
not consistently achieved in the HECKTOR dataset
[75]. This is a common problem, because existing
public medical segmentation datasets currently
do not fully meet high-quality standards, limiting
their suitability for comprehensively supporting and
evaluating interactive models [89]. Therefore, future
work should focus on increasing the availability
of high-quality clinical data and on training and
evaluating the model on such data, as conclusions
drawn from suboptimal datasets may differ from
real-world clinical outcomes.

Complex anatomy, decreased performance near tumor
edges, and surrounding structures such as cavities
increase the difficulty of model segmentation. A
potential solution to this problem is to use both the Al
pencil and the manual brush within one experiment.
The GUI used in this research already includes both
interaction methods, however users were restricted to
only use one during the experiments. By introducing
this dual workflow, the strengths of both approaches
can be combined: rapid 3D refinement over the
entire volume using the AI model, complemented by
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precise manual correction in regions where the model
fails to perform adequately. Diaz-Pinto et al. [90]
presented a comparable approach by integrating three
methods: fully automatic segmentation, interactive
segmentation with foreground and background
clicks, and refinement of the segmentation using
clicks limited to regions requiring correction. This
resulted in increased workflow flexibility, which
is an important factor for incorporating interactive
segmentation into clinical practice.

Al models, such as the one validated in this study, can
be difficult to interpret, as their internal workings are
not yet fully understood. This phenomenon is often
referred to as "black-box" behavior. Studies like the
present one, which examine human-Al interaction,
are necessary to build confidence in the use of Al
models for clinical tasks. Further research in this area
is needed to enable the safe adoption of Al in clini-
cal workflows. This study also introduced two novel
metrics, local and non-local (surface) Dice, which
provide additional insights into how the model follows
the user’s intent and into its stability throughout the
contouring process. These contributions represent
an important step toward understanding the behav-
ior of contour-refinement models. Expanding the
evaluation of such models beyond conventional Dice
metrics could lead to a better understanding of their
performance and reliability in clinical practice.

VI. Conclusion

This study focused on the robustness and trustwor-
thiness of an auto-contour refinement tool in H&N
Radiotherapy. It validated that the contour-refinement
model integrated in the refinement tool responds in
a highly consistent manner across different users,
thereby indicating a high degree of robustness. Small
changes in performance are observed however, for
different kinds of scribbles. This underscores the
importance of adequately training clinicians before
using this tool. The results demonstrate a high level
of trustworthiness throughout the entire tumor seg-
mentation process in almost all cases. The model
is able to adhere to user corrections locally while
avoiding unintended spurious changes farther away
from the user input. At the same time, it evaluates
the full 3D volume at every iteration and attempts to

refine the entire volume, with the largest refinements
occurring at the beginning by correcting the initial
auto-prediction. However, when the anatomy of the
tumor becomes more complex, often because of the
location of the tumor for example near air cavities,
the model fails to follow the users intent. The same
effect is observed in the edges of the tumor. The
results of this study indicate that incorporating user
feedback into the contour-refinement model leads to a
rapid improvement in segmentation quality over the
full volume, which underscores the potential impact
of these models to enhance clinical workflows. Af-
ter this initial improvement in segmentation quality,
the model increasingly relies on the user’s input to
perform local refinements. Nevertheless, clinicians
are still required to manually refine small differences
in challenging slices. This highlights the necessity
of research into the model’s internal priors and how
these interact with user corrections. It is crucial to
gain a deeper understanding of the internal workings
of the Al model and to further investigate human-Al
interaction in order to build greater trust in such sys-
tems. This research shows that the model is robust to
variations in user input and (apart from the first few
iterations) there are no spurious changes in non-local
areas. These are important findings when working
towards clinical adoption of these interactive contour
refinement models.
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VIII. Appendix

A. Dataset

All imaging data originate from the HECKTOR challenge dataset [75], which contains multi-center PET/CT
scans of H&N cancer patients. The contributing centers and their corresponding number of scans and splits
are shown in Table 5. In the original study by Mody et al. [23], data from the HMR center were retained as
in-distribution validation data, while data from the French center (CHUP) were reserved exclusively for
out-of-distribution testing. In this study patients from the CHUP test-set were also chosen for the experiments.

Prior to model training, the data underwent preprocessing as described in the study by Mody et al. [23]. This
included resampling the PET/CT scans to an isotropic voxel spacing of 1 mm using B-spline interpolation,
while segmentation masks were resampled using nearest-neighbor interpolation. All scans used for training
and testing were cropped to a fixed size of 144 x 144 x 144 voxels centered around the primary H&N
tumor. Intensity normalization was performed using Hounsfield Unit (HU) windowing of [-250, 250] for CT
images and standardized uptake value (SUV) windowing of [0, 25] for PET images. Finally, all scans were
z-normalized, following standard practice in deep learning-based medical image analysis [23].

Table 5. Overview of hospital centers used in this study, including country, abbreviation, and number
of cases per task [75].

Country Center Abbr. Split Cases
Canada Centre Hospitalier de I’Université de Montréal | CHUM Train 56
Centre Hospitalier Universitaire de Sherbrooke | CHUS Train 72
Hopital Général Juif, Montréal HGJ Train 55
Hopital Maisonneuve-Rosemont, Montréal HMR | Train & Validation 18
USA MD Anderson Cancer Center MDA Train 198
Switzerland | Centre Hospitalier Universitaire Vaudois CHUV Train 53
France Centre Hospitalier Universitaire Poitiers CHUP Test 72
Total 524

The ground truth segmentations of the six patients included in this study are presented in Figure 14.

B. Graphical User Interface

A screenshot of the graphical user interface (GUI) used in this study is shown in Figure 15. The interface
allows users to create scribbles using either an Al-assisted scribble tool or a manual brush. Controls for
switching between foreground and background scribbles, as well as for selecting the brush or eraser, are
located in the upper-left panel of the interface. The GUI supports panning, zooming, and scrolling within both
the CT and PET images. Three orthogonal views are displayed (Axial, Sagittal, and Coronal), enabling users
to interactively inspect and adjust the segmentation in all three spatial dimensions. In addition to mouse-based
interaction, the interface provides several keyboard shortcuts, including options to change between foreground
and background brushes, adjust brush size, and show or hide the segmentation contours.
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Figure 14. 3D Ground Truth Segmentation masks for all six patients included in this study. Blue arrow:
axial direction. Green arrow: coronal direction. Red arrow: sagittal direction.
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E. User 6 Exclusion

After analyzing the results of Experiment 2 (see II1.D.2), the decision was made to exclude user 6 from this
experiment. This choice was motivated by the observation that her results consistently deviated from those of
the other participants, indicating that the user was a systematic outlier. This effect is shown in Figure 20
where her trajectory differs significantly from the other users. Several possible reasons may explain this
behavior. First, the participant did not adhere fully to the instructions provided. This may be attributed to
the fact that, afterwards the participant was not a typical non-expert, as the user had more prior knowledge
than expected beforehand. to segment the entire tumor rather than only the intended regions (i.e., delineating
the Planning Target Volume (PTV) instead of the Gross Tumor Volume (GTV)). This effect is shown in
Figure 18, where segmentations frequently extend beyond the indicated boundaries of the ground truth. For
example, in Figure 18b, the segmentation produced by the model is almost perfect, except that a small region
on the right side of the tumor was not included. Because the user knew that, in daily radiotherapy practice,
it is important to target the entire tumor during treatment, the user added this missing region. However,
this addition extended far beyond the actual tumor boundaries, resulting in a large incorrectly segmented
area. Another example is shown in Figure 18d, where the tumor was over-segmented in multiple regions.
Nevertheless, user 6 considered it more important to add a small under-segmented area rather than correcting
the other over-segmented parts of the segmentation In addition, user 6 did not used the available shortcuts
consistently, whereas all other users did. Furthermore, the graphic user interface crashed once during the
segmentation of patient 2, due to an excessive number of open tabs on the computer of the user. This resulted
in a lower DSC score for patient 2. Global and Surface Dice results for Experiment 2 including user 6 are
presented in Figure 19.
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Figure 18. Overview of segmentation behavior of User 6
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Figure 19. Dice and Surface Dice trajectories including user 6. Results are plotted against the

normalized time axis for all six patients.
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Figure 20. Dice trajectories for all users, including user 6, across all patients plotted against normalized

time.
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F. User input on PET and CT images

Examples of correct and incorrect user refinements
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(d) Incorrect background scribble

Figure 21. Examples of correct and incorrect user refinements using foreground and background scribbles. In
each example, the PET image corresponding to the scribble slice is shown on the left, which was also visible to the
user in the GUI. The remaining images are CT slices, with the central CT slice corresponding to the scribble slice.
Arrows point to the scribble placed by the user. Green line: Ground truth. Orange line: User refinement (foreground
scribble). Light blue line: User refinement (background scribble). Dashed pink line: Contour previous segmentation
mask. Pink mask: Previous segmentation. Yellow mask: Added region after refinement. Blue mask: Removed region
after refinement.
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Segmentation errors due to complex anatomy

PET (Zs) Zs-1 Scribble slice (Zs) Zs +1

GT ' ' ol ¥
Scribble+ -
Scribble- . #
[ Previous { % I -
1 Added G . / ]
I Subtracted il c

(a) Patient 6 (foreground scribble)

PET (Zs) Zs-1 Scrit}ble slice (Zs) Zs+1
Ry s 2 i..-r" - P ;
- « - - * _,ﬂ".--J" J

| 7 g ]
o oty e

(b) Patient 2 (foreground scribble)

PET (Zs) Zs-1 Scribble slice (Zs) Zs+ 1

Ny AL \
. i.: \u *Ef

(c) Patient 3 (background scribble)

PET (Zs) Zs-1 Scribble slice (Zs) Zs+1

N W IANE T IAN

(d) Patient 6 (foreground scribble)

Figure 22. Errors due to complex anatomical structures like air cavities in the trachea region. Arrows point
to the over- or under-segmented areas due to complex anatomical structures. The left image shows the PET scribble
slice; the remaining images are CT slices, with the central slice corresponding to the scribble. Arrows point to the
wrongly segmented areas. Green line: Ground truth. Orange line: User refinement (foreground scribble). Light blue
line: User refinement (background scribble). Dashed pink line: contour previous segmentation mask. Pink mask:
Previous segmentation. Yellow mask: Added part after refinement. Blue mask: Removed part after refinement.
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Boundary (end-point) issues
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Figure 23. Boundary issues near the cranial and caudal endpoints of the segmentation mask. Arrows point to the
over- or under-segmented areas due to boundary issues. The left image shows the PET scribble slice; the remaining
images are CT slices, with the central slice corresponding to the scribble. Arrows point to the areas of false positive or
false negative areas after user refinement. Green line: Ground truth. Orange line: User refinement (foreground scribble).
Light blue line: User refinement (background scribble). Dashed pink line: contour previous segmentation mask. Pink
mask: Previous segmentation. Yellow mask: Added part after refinement. Blue mask: Removed part after refinement.
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9

G. Experiment 1 - RQ2 (Trustworthiness)

Figure 24. Experiment 1 (RQ2): Refinement results for the easy slice (P4) for Users 3. The central image corresponds to the slice on which the
scribble was placed (slice 67/144). Slices to the right show the +5 neighboring slices above this location (slices 68-72), while slices to the left show the
+5 neighboring slices below it (slices 62-66). Green: Ground Truth. Light Blue: scribble. Pink: prediction before. Yellow: added after refinement.
Blue: removed after refinement.

Figure 25. Experiment 1 (RQ2): Refinement results for the difficult slice (P3) for Users 3. The central image corresponds to the slice on which the
scribble was placed (slice 62/144). Slices to the right show the +5 neighboring slices above this location (slices 63-67), while slices to the left show the
+5 neighboring slices below it (slices 58-62). Green: Ground Truth. Red: scribble. Pink: prediction before. Yellow: added after refinement. Blue:
removed after refinement.
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H. A Local Dice Graphs
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Figure 26. A Local Dice outcomes (using AI pencil) for all six patients following Experiment 2,
performed by User 1. (+5 Neighborhood)
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Figure 27. A Local Dice outcomes (using manual brush) for all six patients following Experiment 2,
performed by User 1. (+5 Neighborhood)
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I. A Non-Local Dice Graphs
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Figure 29. Non-Local Dice changes between iterations (using AI pencil) for all six patients following

Experiment 2, performed by User 1. (+5 Neighborhood)
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Figure 30. Global and Non-Local Dice outcomes (using AI pencil) for all six patients following

0.00

0

Experiment 2, performed by User 1. (+5 Neighborhood)
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0 50 100 150 200
Iteration

(f) Patient 6

Experiment 2, performed by User 1. (+5 Neighborhood)

52

250




A Local Dice (after - before) A Local Dice (after - before)

A Local Dice (after - before)

J. Local and Non-local Dice and Surface Dice results for different neighborhoods
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Figure 32. A Local Dice outcomes (using AI pencil) for all six patients following Experiment 2,
performed by User 1. (Neighborhoods +1 +5 +10)

53




\
J

A Non-local Dice (between iterations

\
I

A Non-local Dice (between iterations

\
J

A Non-local Dice (between iterations

e
o
&

A Non-local (£1)
I A Non-local (£5)
I A Non-local (£10)

o
o
S

o
°
S

o
°
&

A Non-local Dice (between iterations)

0.04
0.03
0.02 0.02
I I 0.01
d_sau " aby ¥
- A r T oo L, - )
0 20 40 60 80 [ 10 20 30 40 50 60
Iteration Iteration
(a) Patient 1 (b) Patient 2
w
0.150 S 030
8
©
0125 @ 0.25
£~
0.100 c
020
0.075 2
@
0.050 | S 0.15
[
0.025 i ] L 010
a
0.000 II--E-A-'I b - 'Lrll hn - 1" P EOOS
o
-0.025 _é
i~
-0.050 § 000 -
0 10 20 30 40 50 < 0 5 10 15 20
Iteration Iteration
(c) Patient 3 (d) Patient 4
w
5
0.12 ) 0.150
©
010 B oz
&
0.08  0.100
=
2
0.06 L oors
0.04 .g 0.050
a
002 S o025
o
0.00 S o000 II b . -
=2
0.0 25 5.0 7.5 10.0 12.5 15.0 17.5 < 0 10 20 30 40 50 60 70
Iteration Iteration
(e) Patient 5 (f) Patient 6

Figure 33. A Non-Local Dice outcomes (using Al pencil) for all six patients following Experiment 2,
performed by User 1. (Neighborhoods =1 +5 +10)
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Figure 34. A Local Surface Dice outcomes (using Al pencil) for all six patients following Experiment 2,
performed by User 1. (Neighborhoods =1 +5 +10)
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Figure 35. A Non-Local Surface Dice outcomes (using Al pencil) for all six patients following
Experiment 2, performed by User 1. (Neighborhoods +1 +5 +10)
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