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Abstract

Standard Three-dimensional (3D) Magnetic Resonance Imaging (MRI) segmentation mod-
els typically rely on a fixed threshold or argmax-based class selection, providing little or no
insight into model uncertainty, which can limit clinician trust. In this work, we developed
a framework that integrates a calibrated 3D U-Net into a Virtual Reality (VR) system,
enabling clinicians to manipulate confidence thresholds in real time and observe how the
segmentation changes. The network was trained to segment mandibular structures (sub-
mandibular glands and mandibular canal) on 55 T2-weighted MRI scans from the AAPM
RT-MAC 2019 dataset and post hoc calibrated using temperature scaling. The VR applica-
tion, built in Unity with OpenXR, offers two interaction modes: a single upper-threshold
mode and a range mode that controls both lower and upper bounds. A user study with
six clinicians was conducted to evaluate both modes using the UMUX-Lite questionnaire
(from which a System Usability Scale (SUS)-equivalent score was derived), interaction logs,
and qualitative feedback. Both modes were rated as highly usable, and narrower confi-
dence intervals, focusing on the most reliable predictions, were more popular among users.
The results suggest that enabling real-time adjustment of confidence thresholds improves
the clarity of segmentation outputs and may support clinicians’ perceived confidence, as
indicated by participants’ qualitative feedback and stated preferences.

Keywords: 3D medical visualization; semantic segmentation; virtual reality; confidence
calibration; user-adjustable decision boundaries; interpretability; clinical trust

1. Introduction
Radiological images, such as Magnetic-Resonance Imaging (MRI), Computed To-

mography (CT), or Cone Beam Computed Tomography (CBCT), are a fundamental part
of medical diagnostics and treatment processes [1]. Image annotation—identifying and
marking regions such as nerve canals or tumors in radiological images—is traditionally
performed manually by radiologists, making it a time-consuming process and inherently
subjective [2]. To address the limitations of manual annotation, Artificial Intelligence
(AI)-based radiological image segmentation has gained significant attention, enabling the
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automatic identification and highlighting of regions of interest within imaging data [3].
If proper training and validation are used, AI can segment radiological images with high
accuracy and reliability, while reducing manual labor [4]. Deep learning models based on
U-Net architectures have been shown in some cases to achieve expert-level performance in
head and neck organ segmentation, comparable to independent clinical experts [5]. Despite
these advances, such AI methods are typically applied and evaluated using conventional
2D desktop displays, which can limit the effective perception of complex three-dimensional
anatomical structures, although 3D images are used. This limitation can make spatial
relationships more difficult to interpret and reduce the intuitiveness of interaction with
volumetric data [6].

There is a critical need for transparent and interpretable AI systems in medical imaging,
where misinterpretations can have notable consequences. Transparency here refers to the
extent to which users and stakeholders can access and understand the internal processes of
an AI system [7], which, in the case of deep learning models especially, might otherwise
be completely hidden from the user. Interpretability refers to how well end users can
understand and make sense of an algorithm’s output [8]. The lack of interpretability and
interactive uncertainty exploration can reduce the clinical adoption of AI-based medical
imaging systems [9]. Both transparency and interpretability fall under the umbrella of
eXplainable AI, which aims to provide users with the reasoning needed to make an AI
system’s operation easy to understand [10].

Voxel-wise segmentation outputs can provide insight into model behavior, but they are
often created by a single binary mask using a fixed threshold or argmax rule, which assigns
each voxel to the class with the highest predicted probability. Uncertainty is often presented
as static heatmaps without interactive controls for clinicians. Thus, two limitations continue
to exist: the reliability of a binary segmentation mask that conceals information about model
uncertainty, and the difficulty of inspecting complex 3D anatomy on a conventional 2D
display. Conventional segmentation systems present a fixed-threshold binary segmentation,
whereas our system allows clinicians to interactively adjust the confidence threshold(s) and
observe the resulting segmentation in real time.

Virtual Reality (VR) enables stereoscopic depth perception and improved perception
of complex anatomical relationships, which are difficult to achieve on flat 2D displays [11].
Additionally, the 3D image can be manipulated more intuitively in VR [12], with increased
possibilities for interaction techniques [13] compared to traditional desktop environments.
Previous studies with promising results have explored the feasibility of VR for interactive
AI segmentation editing, allowing radiologists to point at areas that should be added
to or removed from an existing segmentation (either from 2D slices [14] or from the 3D
image itself [15]). Consequently, since VR has shown promise as a platform for interac-
tive AI segmentation editing, it is reasonable to also explore its suitability for interactive
confidence thresholding.

Previous work has explored uncertainty visualization using static heatmaps and 2D
overlays, while VR-based systems have focused primarily on anatomical inspection and
segmentation editing (either manual [16] or AI prompting rather than AI interpretabil-
ity [15]). These approaches lack interactive control over probabilistic outputs and do not
leverage calibrated confidence measures. While prior work has explored uncertainty visual-
ization and VR-based medical imaging separately, no existing system combines calibrated
uncertainty, real-time interaction, and immersive 3D exploration for segmentation outputs.

To address these challenges, we propose a framework that integrates interactive 3D
visualization with calibrated AI outputs. Our approach employs VR headsets to enable
immersive inspection of MRI scans and segmentation results, offering better spatial depth
compared to traditional 2D interfaces. Additionally, rather than providing binary segmen-
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tation masks, our system equips clinicians with tools to explore segmentation outputs with
dynamic, user-defined confidence thresholds, revealing more detailed model behavior.
This framework could potentially enhance trust by allowing clinicians to efficiently navi-
gate the high- and low-confidence segmentation regions in an intuitive 3D environment.
By integrating calibrated predictions derived through temperature scaling with immersive
VR visualization, our approach connects complex AI outputs to the practical needs of
clinical applications.

In the current study, we present the design, implementation, and evaluation of our
VR-based visualization framework, applied to the mandibular region using the AAPM
RT-MAC 2019 dataset. Although the segmentation model covers both the submandibular
gland and the mandibular canal as a single foreground class, the user study focuses on the
submandibular gland because it provides a clearer soft-tissue target in MRI, whereas the
mandibular canal is generally better visualized using CBCT. This allowed us to evaluate the
proposed interaction technique on a single anatomical structure before extending it to multi-
class segmentation. We assess its effectiveness through a user study measuring usability,
interaction behavior, and qualitative clinician feedback on trust and interpretability. Our
findings indicate that dynamic confidence thresholding in a VR environment can enhance
interpretability and may support clinicians’ perceived confidence. Whether these benefits
improve clinical decision-making remains to be investigated. By introducing a scalable,
interactive visualization tool, this work establishes a new paradigm for uncertainty-aware
medical visualization, with potential applications that extend to other domains that require
intuitive data exploration.

The paper is organized as follows: Section 2 reviews related work. Section 3 details the
AI algorithm and VR system used. Section 4 covers the experimental methods, including
participants, tasks, conditions, and study design. Section 5 presents the quantitative and
qualitative results. These findings are discussed in Section 6, and the paper concludes in
Section 7.

2. Related Work
This section reviews prior work in medical image segmentation, confidence calibration,

and virtual reality visualization, and highlights the contributions of this work.

2.1. 3D Medical Image Segmentation

Medical image segmentation involves identifying and outlining anatomical structures
or other clinically relevant regions to support specific diagnostic or therapeutic tasks. It is
applied to a wide range of tasks, including accurate tumor localization, organ boundary
identification, and analysis of anatomical structures in volumetric data [17]. Clinical areas
such as oncology, neurology, dentistry, and orthopedics depend on segmentation to analyze
patient-specific anatomy with accuracy and consistency. As high-resolution imaging has
become more common, there is a greater need for automated methods that can process
large datasets efficiently while preserving structural detail [17].

The emergence of deep learning has led to the widespread adoption of convolutional
neural network architectures, most notably U-Net-based models [18,19] and their three-
dimensional variants [20,21]. These approaches now routinely achieve performance levels
comparable to the agreement observed between expert radiologists [22,23]. More recently,
transformer-based architectures have further pushed the boundaries of segmentation perfor-
mance [23,24]. Despite these advances, even state-of-the-art models can produce clinically
relevant errors, underscoring the continued need for human oversight and validation
by radiologists [25].
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U-Net models and their variants are considered the standard deep learning models
for image segmentation. These models can achieve high accuracy by extracting both local
and global features through an encoder–decoder architecture. While their extensions, such
as nnU-Net [26], have further improved performance across a wide range of medical image
analysis tasks, most segmentation systems still rely on a fixed threshold, usually argmax-
based classification, to produce a binary output. This limits the interpretation of model
confidence and does not allow users to explore how predictions change across different
confidence levels.

2.2. Confidence Calibration

Confidence calibration aims to align a model’s predicted probabilities with the true
likelihood of correctness. Modern neural networks are often poorly calibrated and tend
toward overconfidence, but post hoc techniques such as temperature scaling can improve
calibration without modifying the trained model or its predicted class [27].

In medical imaging, calibrated confidence is especially important for safety-critical
decision-making [28]. This is particularly relevant for interactive thresholding: if the
underlying probabilities are miscalibrated, a user-selected threshold no longer corresponds
to a consistent level of reliability. Calibrating the confidence map before exposing it to
user-controlled thresholds ensures the values clinicians filter on are meaningful.

2.3. VR in Medical Visualization

Virtual reality (VR) is increasingly used for the visualization of medical data, including
surgical planning, training, and diagnostic support. VR allows users to interact with
volumetric data in an immersive way and improves spatial understanding compared to
traditional 2D displays.

However, most VR systems focus only on visualization rather than interaction with
AI-generated predictions. Segmentation results are usually presented as fixed outputs,
without access to underlying confidence information or the ability to adjust model behavior.

Previous studies have explored uncertainty visualization, VR-based anatomical visu-
alization, and AI-assisted segmentation editing separately, but these capabilities have not
been integrated into a single framework.

Table 1 summarizes the representative approaches discussed above and highlights the
combination of capabilities provided by the proposed framework.

Table 1. Comparison of representative approaches discussed in the related work.

Approach VR AI Conf. Inter. Calib.

Static uncertainty visualization [29] No Yes Yes No No
VR anatomical visualization [11,12] Yes No No No No

VR-based AI segmentation editing [14–16] Yes Yes No No No
Proposed framework Yes Yes Yes Yes Yes

Bold indicates the framework proposed in this study.

3. Framework
This section describes the proposed framework, including the medical segmentation

model, confidence calibration, and the VR system used for interactive visualization.

3.1. Medical Segmentation

The segmentation backbone is a 3D U-Net [18,19] trained for binary segmentation,
in which the submandibular gland and the mandibular canal are unified into a single
foreground class versus background. The network follows the standard encoder–decoder
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structure with skip connections, which preserves fine-grained spatial information while
capturing multi-scale contextual features. The encoder progressively downsamples the
input volume through stacked convolutional blocks, whereas the decoder reconstructs
the segmentation through upsampling and feature concatenation. Batch normalization
and ReLU activations are applied throughout the network to improve training stability
and convergence. The model takes a single 3D MRI volume as input and produces a
voxel-wise probability map representing the likelihood of each voxel belonging to the
foreground structure.

Before training, all MRI volumes were preprocessed to ensure consistent geometry
and intensity. The original anisotropic volumes (voxel spacing of 0.5 × 0.5 × 2 mm) were
resampled to an isotropic spacing of 0.5 mm using linear interpolation and cropped to
a fixed spatial size of 384 × 384 × 384 voxels, corresponding to a 192 mm field of view
that focuses on the head and neck region. Non-zero voxel intensities were normalized to
the range [0, 1], and no aggressive smoothing was applied so that anatomically relevant
boundaries were preserved. Binary ground-truth masks were used for training, with a
voxel value of 1 indicating the target structure and 0 indicating background.

The model was implemented in PyTorch (version 2.2.1) [30] and trained on an NVIDIA
V100 GPU (NVIDIA Corporation, Santa Clara, CA, USA) with 32 GB of memory. A com-
posite objective combining the Dice loss and a (weighted) cross-entropy loss was used
to address the strong foreground–background class imbalance and to improve boundary
accuracy [31]. Optimization was performed with the Adam optimizer at an initial learn-
ing rate of 10−3. Training was run for up to 300 epochs with early stopping when no
improvement in validation performance was observed for 100 consecutive epochs, and the
checkpoint with the highest validation Dice Similarity Coefficient (DSC) was retained for
inference. To increase robustness to spatial and intensity variability, data augmentation was
applied during training, including affine transformations (rotation, scaling, translation),
axis flipping, contrast and intensity adjustments, Gaussian noise, and light smoothing.

At inference, the softmax output yields voxel-wise probabilities in the range [0, 1],
which are stored as 3D confidence maps in NIfTI format for use in the VR application.
A connected-component analysis step retains only the largest foreground regions corre-
sponding to the target structures, suppressing false positive predictions and improving
usability in the immersive environment. This post-processing is applied only at inference
and not during training. The resulting voxel-wise confidence maps provide a continu-
ous representation of model certainty and form the basis for the interactive thresholding
described below.

The segmentation model was evaluated on the held-out test cases across the five
cross-validation folds. Across the full test set (n = 55), the model achieved a Dice Similarity
Coefficient of 0.82 ± 0.09, Intersection over Union of 0.71 ± 0.12, precision of 0.83 ± 0.09,
and recall of 0.83 ± 0.12. These results indicate that the confidence maps used in the
VR interface were generated from segmentations with reasonable agreement with the
expert annotations.

3.2. Temperature Scaling

Raw softmax probabilities produced by deep segmentation networks are frequently
miscalibrated, meaning that the predicted confidence does not match the empirical like-
lihood of correctness; this can create a false sense of certainty and lead clinicians to over-
or under-trust the output. To address this, we applied temperature scaling as a post hoc,
single-parameter calibration step that adjusts the sharpness of the probability distribution
without modifying the trained model weights or the predicted class.
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Given the network logits z, temperature scaling divides the logits by a scalar tempera-
ture T > 0 before the softmax, as shown in Equation (1):

p̂ = softmax
( z

T

)
, (1)

so that T = 1 recovers the original probabilities, T > 1 softens (less confident) and T < 1
sharpens (more confident) the distribution. The optimal temperature T was obtained by
minimizing the negative log-likelihood (NLL) on a held-out calibration set, separate from
the training, validation, and test data. As shown in Equation (1), increasing or decreasing
the temperature adjusts the confidence values without changing the predicted class. Be-
cause T does not affect the argmax decision, temperature scaling adjusts the confidence
values used for thresholding while leaving the underlying segmentation accuracy un-
changed. The calibrated voxel-wise probabilities are then exported as the confidence maps
that drive the VR thresholding interface.

Calibration was evaluated on the postprocessed voxel-wise confidence maps exported
to the VR application, as these were the confidence values available to clinicians during
the user study. Across the 55 test cases, the deployed confidence maps had an Expected
Calibration Error (ECE) of 0.0005 and a Brier Score of 0.0007.

3.3. VR Interface

We developed an interactive VR system using Unity (version 2019.4.12f1; Unity Tech-
nologies, San Francisco, CA, USA) and OpenXR (version 1.0.0; The Khronos Group, Beaver-
ton, OR, USA) [32], compatible with standard headsets, for interactive 3D visualization of
MRI segmentations. The interface displays segmentation maps of the mandibular struc-
tures within the volumetric MRI data. Clinicians can manually adjust lower and upper
confidence thresholds using sliders, allowing dynamic exploration of segmentation regions
within the selected confidence range in an immersive 3D environment. This enables users
to directly observe how the segmentation changes in real time based on different confi-
dence values. The system provides two interaction modes. In the single-threshold mode,
the user adjusts one threshold to control the visible segmentation. In the range-based mode,
the user defines both minimum and maximum thresholds, allowing exploration of a spe-
cific confidence interval. This interaction makes it easier to inspect uncertain regions and
boundaries. The interface is implemented using the Mixed Reality Toolkit (MRTK version
2.5.1; Microsoft Corporation, Redmond, WA, USA) and supports real-time interaction,
including volume navigation, threshold adjustment, and visualization updates. The menus
are designed to be simple and accessible, allowing users to interact with the system without
interrupting the immersive experience.

An overview of the application is shown in Figure 1. Each MRI volume and its
corresponding confidence map are imported as 3D textures and rendered with a custom ray-
casting shader that supports opacity blending, clipping, and threshold filtering. Confidence
values are visualized through intensity-based color mapping, where higher-confidence
voxels appear more opaque and lower-confidence voxels more transparent. Rendering
performance was optimized using adaptive sampling and GPU-based volume caching to
maintain real-time frame rates on a desktop RTX GPU as well as on a Meta Quest 3 headset
(Meta Platforms, Inc., Menlo Park, CA, USA).

The VR environment includes two main menus, designed to support intuitive inter-
action while keeping the workspace uncluttered. The first menu (Figure 2) contains the
core functional controls: Show Raycast Volume, a mode switch between the 3D constructed
view and the radiological rendering mode; Show Segmentation, a visibility toggle to hide
or reveal the segmentation; Toggle Segment Mode, which selects different visualization
states for the start and end layers of the segmentation; X-ray Flashlight, a dynamic clipping
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plane for inspecting internal structures; Save Threshold Values, which records the current
threshold settings for analysis; Rate, two rating buttons for evaluating the tool and the
overall system; and Next Image, which loads the next scan and its segmentation.

The second menu, the image adjustment menu (Figure 3), contains sliders for bright-
ness, contrast, and threshold control, together with a reset button that restores the de-
fault values. In the single-threshold mode, the panel exposes a single threshold slider
(Figure 3a), whereas in the range mode it exposes both a minimum and a maximum
threshold slider (Figure 3b). Both modes are implemented with MRTK sliders linked to
the shader’s _ThresholdMin and _ThresholdMax parameters, providing immediate visual
feedback as the thresholds change. To ensure valid interaction, the minimum threshold is
constrained so that it cannot exceed the maximum, and a small gap is enforced between
the two values to prevent overlap. When either slider is adjusted, the updated threshold
range is propagated to the rendering system through an event-driven mechanism. Both
menus are floating panels positioned within comfortable reach, and users can reposition
the menus and the volume freely to obtain a comfortable working layout.

(a) (b)

Figure 1. Overview of the VR application. (a) Radiological rendering mode showing an MRI slice
view with the predicted segmentation and the floating control panels. (b) 3D reconstructed view of
the head-and-neck volume with the segmented mandibular structures highlighted.

Figure 2. Interaction menu containing the core functional controls of the VR application.

3.4. Dataset

We utilize the AAPM RT-MAC Grand Challenge 2019 dataset [33], which contains
55 T2-weighted MRI scans from head and neck patients for radiotherapy planning. Our
study targets the mandibular region, unifying the submandibular gland and mandibular
canal into a single foreground class versus background, leveraging clinicians’ anatomical
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knowledge to distinguish these structures. The dataset provides submandibular gland
annotations, while mandibular canal segmentations were manually created by a radiologist
with 25 years of experience. Since the primary objective of this work was to evaluate the pro-
posed VR interaction technique, the user study focused on a single confidence-thresholding
workflow. Future work will extend the framework to multi-class segmentation.

(a) Single Threshold Mode (b) Range Mode

Figure 3. Image adjustment menu. (a) Single-threshold mode with a single threshold slider. (b) Range
mode with separate minimum- and maximum-threshold sliders.

We employ 5-fold cross-validation, splitting each fold into 22 images for training,
11 for validation to guide augmentation, hyperparameter tuning, and model selection,
11 for calibration to perform temperature scaling, and 11 for testing. Aggregating folds
yields a test set covering all 55 MRI images, ensuring robust evaluation. For the usability
study, all six clinicians evaluated 50 of the 55 images; five images were excluded to keep the
session duration manageable, limiting VR-related fatigue and maintaining the reliability of
the usability ratings.

4. Experiments
This section describes the experimental setup and the usability study used to evaluate

the proposed framework.

4.1. Participants

Six clinicians with expertise in medical and dental imaging participated, with clinical
experience ranging from 1 to over 40 years. The group included four women and two men,
aged between 30 and 65 years, all right-handed, with professional backgrounds spanning
radiology, dentistry, dental instruction, and medical engineering. Most participants had
tried VR once or a few times before, while one participant had long-term experience with
immersive technologies. This mix of expertise allowed us to assess usability across a
range of familiarity with both medical imaging and VR. To preserve participant anonymity,
the results are presented using anonymized user IDs rather than individual professional
roles or years of clinical experience. All participants signed a consent form prior to the
experiment, and participation was uncompensated.

4.2. Usability and Trust Study

The user study used a within-subjects design. Each participant evaluated 50 MRI cases
under both threshold interaction modes (single-threshold and range), with the order of
conditions counterbalanced across participants to control for learning and order effects.
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For each case, participants were instructed to explore the volume freely, interact with
the VR system by adjusting the threshold(s), and identify the most clinically reasonable
segmentation boundary based on the visualized confidence.

Usability was measured using the UMUX-Lite questionnaire (two items: perceived
ease of use and usefulness, each on a 7-point scale), administered for each evaluated image.
From the two UMUX-Lite items, we additionally computed a predicted System Usability
Scale (SUS) score using the established UMUX-Lite-to-SUS regression equation [34]; this
provides an SUS-equivalent value on the familiar 0–100 scale but is not the original 10-item
SUS instrument. Because ratings were collected per image, each participant contributed a
distribution of scores in each interaction mode (25 per mode). These repeated observations
were analyzed within participants to describe participant-specific differences between the
single- and range-threshold modes. The per-image paired tests were not used as population-
level evidence across clinicians. For each participant, per-image scores were compared
using a paired t-test when the paired differences satisfied a Shapiro–Wilk normality check,
and a Wilcoxon signed-rank test otherwise. Error bars in Figure 4 therefore represent the
standard deviation of per-image scores within each participant. Additional metrics include
interaction time, selected threshold values, and user preference. Qualitative feedback
was collected through a think-aloud protocol to better understand user experience, trust,
and interpretation of the model outputs. Here, we use the term trust to refer to participants’
expressed confidence in, and willingness to rely on, the segmentation output, assessed
qualitatively through their think-aloud comments and stated mode preference rather than
with a standardized trust questionnaire.

(a) (b)

Figure 4. Usability ratings comparing single and range slider modes. (a) System Usability Scale
(SUS) scores per participant; error bars represent standard deviation. (b) UMUX-Lite average scores
per participant. Asterisks indicate statistically significant within-participant differences between
modes (paired t-test or Wilcoxon signed-rank test, as appropriate): * p < 0.05, *** p < 0.001.

4.3. Implementation

The segmentation model is implemented in PyTorch and trained using GPU hardware.
The VR system is developed in Unity using OpenXR and the Mixed Reality Toolkit (MRTK),
allowing interactive 3D visualization of MRI data and segmentation results. The sys-
tem supports real-time interaction, including volume navigation, threshold adjustment,
and dynamic updates of the segmentation based on user input.

5. Results
This section reports the findings of the user study. Given the limited number of partici-

pants, the results should be interpreted as preliminary evidence of usability and interaction
behavior rather than broadly generalizable conclusions. We first present UMUX-Lite ratings
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and estimated SUS scores, followed by interaction time, threshold-selection behavior across
the two interaction modes, and qualitative feedback from the think-aloud sessions.

5.1. Usability Ratings

Both interaction modes were rated as usable. Estimated SUS scores derived from
the UMUX-Lite responses were generally high across participants. Differences between
the single-threshold and range modes were small for most participants. Two participants
showed a slight preference for the range mode, while two participants reported lower
usability ratings for the range mode. One participant rated the single-threshold mode
significantly higher than the range mode (p < 0.001). UMUX-Lite ratings followed a similar
pattern, with mean values ranging from 5.0 to 6.7 on the 7-point scale, indicating satisfactory
perceived usefulness and ease of use across both modes. The per-participant estimated SUS
and UMUX-Lite scores are shown in Figure 4.

5.2. Interaction Time

Mean interaction time per case ranged from approximately 85 to 190 s across par-
ticipants, with substantial individual variation that reflected differences in exploration
behavior and prior VR experience. Two participants completed the task significantly faster
with the range mode (156 s → 72 s, p = 0.020; 108 s → 84 s, p = 0.004), while the remaining
participants showed comparable durations across modes. Importantly, the additional con-
trol offered by the range mode did not impose a consistent time penalty: at the group level,
providing two thresholds did not slow participants down. The per-participant interaction
times are shown in Figure 5. Interaction time should not be interpreted as a measure
of task quality. Faster interaction may reflect either greater efficiency or less thorough
exploration. Future studies should combine interaction time with objective measures of
task performance and segmentation quality.

Figure 5. Average time per case (in seconds) under the single and range slider conditions. Error bars
represent standard deviation.

Some participants showed greater variation in interaction time, likely reflecting differ-
ences in how they explored the images and the difficulty of individual cases. Future studies
should examine these variations in more detail and consider reporting median interaction
times in addition to mean values.

A summary of the usability and threshold-selection results across the two interaction
modes is given in Table 2.
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Table 2. Summary of usability and threshold-selection results across the two interaction modes
(N = 6). Threshold values are reported on the normalized [0, 1] slider scale.

Metric Single-Threshold Range

Estimated SUS score (Mean ± SD) 75.63 ± 5.90 73.31 ± 7.59
UMUX-Lite score (Mean ± SD) 5.86 ± 0.55 5.65 ± 0.70
Time per case (s, Mean ± SD) 134.47 ± 36.22 101.57 ± 22.84

Minimum threshold (Mean ± SD) 0.00 (fixed) 0.29 ± 0.17
Maximum threshold (Mean ± SD) 0.64 ± 0.27 0.82 ± 0.17

Range width (Mean ± SD) 0.64 ± 0.27 0.54 ± 0.28

5.3. Threshold Selections

Because the thresholds were applied to the model’s voxel-wise confidence maps,
the recorded values represent subjective filtering behavior rather than segmentation accu-
racy. Most voxel confidence values across the 50 images fell below 0.35, and only a small
proportion exceeded 0.70. The thresholds chosen by participants therefore indicate how
they navigated and filtered the probabilistic output of the model.

Minimum threshold values showed a clear shift once participants were given control
over the lower bound. In the single-threshold mode, the minimum was fixed at zero,
whereas in the range mode, all participants selected a non-zero minimum (user-wise means
from 0.15 to 0.50; Figure 6a), which removed low-confidence voxels. Statistical analysis
showed significant increases in thr_min for five of the six participants (p < 0.001), which,
for these participants, appears associated with a controllable lower threshold changing how
they engaged with the confidence map when they could suppress low-confidence regions.

Maximum threshold values were also consistently higher in the range mode than in
the single mode (Figure 6b), with statistically significant increases for three participants
(p < 0.001). Because confidence values above 0.70 represent the upper end of the model
output, these higher upper bounds may suggest that, within this exploratory sample,
participants tended to concentrate on regions where the model expressed its greatest
certainty; in the single-threshold mode, the inability to adjust the lower bound appears to
have been compensated by a more conservative upper bound.

The width of the selected interval (Figure 6c) was generally broader in the single-
threshold mode, where the minimum was fixed at zero, and narrower in the range mode,
where participants typically focused on intermediate-to-high confidence voxels. Signif-
icant reductions in range width were observed for three participants (p < 0.01), reflect-
ing more selective filtering of uncertainty when both limits could be controlled. Consis-
tently, the average threshold (Figure 6d) was higher in the range mode for all participants
(p < 0.01). Given that the confidence distribution is heavily skewed toward lower values,
average threshold values between roughly 0.42 and 0.71 already represent selective filtering
of the more reliable predictions, and several participants noted that the range mode let
them “clean up” the visualization and more confidently isolate the intended structure.
The selected thresholds were not compared with expert annotations, so they should not
be considered the best thresholds for clinical use. Future studies should examine how the
selected thresholds relate to clinically meaningful anatomical boundaries.

5.4. Qualitative Results

Qualitative feedback suggests that participants felt more confident when interpreting
AI-generated segmentations with confidence visualization enabled. Participants report
that adjusting thresholds helps them better understand model behavior and identify un-
certain regions. Overall, five of six participants expressed a preference for the interactive
confidence-thresholding approach.
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(a) (b)

(c) (d)

Figure 6. Threshold-selection behavior across the six participants. (a) Minimum threshold (thr_min)
values in the range slider mode. (b) Maximum threshold (thr_max) comparison between single and
range slider modes. (c) Threshold range width comparison between modes. (d) Average threshold
comparison between modes. Asterisks indicate statistically significant within-participant differences
between modes (paired t-test or Wilcoxon signed-rank test, as appropriate): ** p < 0.01, *** p < 0.001.

The participants’ think-aloud data were also analyzed through a thematic analysis [35].
Based on the coded data, two main categories were formed: Threshold Tool and Medical
Image. In the Threshold Tool category, the three subcategories found are the following:
Usability, Feasibility, and Preferences. In the Medical Image category, the two subcategories
found are Adjustments and Interpretability. The results are discussed below.

5.4.1. Threshold Tool

The participants had some unified views regarding the threshold tool’s usability. Three
out of six participants commented that the threshold tool usage was either easier (P4), faster
(P5), or logical (P1) after they gained some experience in using the tool. P2 assumed that
the segmentation clarity might depend on the method of how the thresholding is done.
They also commented that it is easier to manipulate the sliders with the primary hand,
highlighting that the interaction needs enough precision to place the threshold values into
a correct setting.

For the threshold tool’s feasibility, three out of six participants had conflicting views.
P5 said that the tool seems “pretty useful”, whereas P4 commented that the segmentation
was already in a good threshold setting without modifications:

“I think segmentations are already in good threshold.” (P4)

Furthermore, P2 felt that there was not enough distinguishable difference between the
threshold values:
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“I don’t feel much difference in what I am doing regarding of confidence val-
ues.” (P2)

Two out of six participants had strong preferences regarding the threshold tool. P1
stated that the threshold should be just barely visible; otherwise, the area visibility is
compromised. They continued further:

“Seeing the faint border between mandibular gland and fat tissue is what I do,
really thin border.” (P1)

P3 expressed to prefer the tool that only showed one threshold, as it was quicker
and easier to use, “working wonderfully”, although they felt that the tool with both the
minimum and maximum threshold sliders might be more usable in some work tasks.
They elaborated:

“I like the tool where just one threshold is shown because its quick and easy. Even
though the min max (tool with minimum and maximum threshold sliders) is
more precise it’s also more complicated and takes time.” (P3)

5.4.2. Medical Image

For the medical image adjustments, P2 commented that in approximately half of
the images, they “realized again how to use flashlight tool”, which is a tool for slicing
the medical 3D image in different angles by grabbing the tool and pointing the light
towards the image. They further elaborated that they “somehow just did not bother to use
it”. P3 expressed their frustration related to the grabbing order of the flashlight and the
medical image:

“Everytime the image is grabbed it makes it hard to grab the flashlight, because of
this it messes up the anatomical angles.” (P3)

P3 proposed that the flashlight would be the only grabbable object by default, and that
there would be a toggle button turning the image grabbing on and off.

Regarding the image angles, P4 expressed that toggling between the two render modes
(slice view, 3D model view) helps with deciding whether the image angle is correct or not.
P3 ideated that each anatomical angle would have its own button in order to make the
angle changes more easier:

“It would be the best if there were buttons for axial, sagittal, and coronal angles so
I would not have to mess up with the image rotation. For now, I will just stick to
the axial direction that I managed to place the image, although the opposite view
would be better. Otherwise I fear that I ruin the image placement again.” (P3)

Furthermore, P1 stated that when there is a more complex case, the image adjustments
(e.g., brightness, contrast, image angle) take more time, making the evaluation task more
difficult. P4 also noted that the brightness settings had more visible change to the image
than contrast.

Two participants out of six mentioned problems related to image interpretability. P4
was unsure about whether the image angle they were looking at was correct:

“Am I looking at the right angle?” (P4)

P4 was also unsure about what is the segmentation in the image, whereas P1 mentioned
that the segmentation is sometimes completely in a wrong place, which makes it harder to
evaluate the image.
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6. Discussion
6.1. Clinical Impact

The results suggest, in this exploratory study, that interactive confidence thresholding
may improve the interpretability of AI-generated segmentations. Prior research has demon-
strated that visualizing uncertainty can improve trust and decision-making in AI-assisted
systems [36]. However, simply adding uncertainty to visualizations can be insufficient and
may even lead to misinterpretation [37]. Our findings extend this literature by showing
that interactive manipulation of uncertainty, rather than passive visualization alone, could
enable more effective interpretation. In our software, the clinicians can explore how the seg-
mentation changes across different confidence levels. This allows them to better understand
model behavior and identify uncertain regions. The VR environment further supports this
process by providing an intuitive way to interact with volumetric data. The combination of
immersive visualization and user-controlled thresholding may help users better interpret
the model output. However, whether this translates into improved clinical decision-making
remains outside the scope of the present study.

In the context of medical imaging, uncertainty has been recognized as a critical factor
influencing clinical decisions [29], yet practical tools for interacting with it remain lim-
ited. The behavior observed in our study, where users selectively filtered low-confidence
predictions and focused on higher-confidence regions, aligns with theories of confidence-
based trust calibration, which suggest that optimal decision-making relies on thresholding
AI confidence [38].

Our results also suggest that interactive, immersive approaches to uncertainty may be
a key enabler for clinically usable eXplainable AI systems, consistent with evidence that
interactive visualization tools are closely tied to trustworthiness and reliable interpretation
in healthcare contexts [39].

The confidence values represent calibrated voxel-wise probabilities rather than seg-
mentation quality. Lower confidence is expected in uncertain regions, and temperature
scaling produces more reliable confidence estimates.

However, interactive uncertainty tools alone are not sufficient to ensure clinically us-
able AI. Combined with other elements of explainable AI, such as interactive segmentation
editing that allows users to contest and refine AI outputs [15], these approaches can support
more comprehensive human–AI collaboration and facilitate appropriate trust calibration.
VR seems to be not only a suitable platform for 3D visualizations but also for interactive AI
workflows [14,15]. The findings of this study suggest that VR can be a suitable platform for
interactive confidence visualizations.

The qualitative findings also identified several usability issues, including slider pre-
cision, image orientation, and flashlight interaction. These observations provide clear
directions for future interface improvements and should be considered in the next iteration
of the system.

At the same time, interactive confidence thresholding also carries potential risks.
If users set the minimum threshold too high, low-confidence regions corresponding to
clinically relevant anatomy or pathology may be hidden from view, potentially reinforcing
confirmation bias by emphasizing only predictions the model considers highly confident.
The proposed system is intended as an exploratory visualization tool rather than a diag-
nostic or decision-support system, and users can freely adjust the thresholds at any time
to inspect both low- and high-confidence regions. Future studies should investigate how
different confidence visualization strategies influence user behavior, confirmation bias,
and clinical decision-making.
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In particular, the range-based interaction enables more detailed exploration of uncer-
tain areas compared to single-threshold approaches. This suggests that flexible interaction
with confidence is an important factor in perceived confidence and usability.

6.2. Limitations

This study has several limitations. First, the number of participants was relatively
small, which limits the generalizability and statistical power of the findings. Recruiting
clinicians with relevant imaging expertise was challenging, and relatively small participant
groups are common in this type of usability research. Although each clinician evaluated
50 MRI images across the two interaction conditions, providing repeated observations over
a diverse set of cases and reducing the influence of image-specific effects, these repeated
evaluations do not replace a larger group of independent participants. The findings
should be considered preliminary and require validation in a larger group of clinicians.
Second, the evaluation focused on a single anatomical region, and the findings may not
directly transfer to other segmentation tasks. Interpretation of medical image segmentations
is inherently subjective and may vary between clinicians. Future work should include
multiple independent expert evaluations to better assess inter-observer variability.

Because each participant evaluated multiple images, the observations were not fully
independent. Future studies with larger samples should use mixed-effects models or
participant-level analyses to account for this.

Because the study included only six clinicians, subgroup analyses based on clin-
ical experience were not statistically meaningful and could also have reduced partici-
pant anonymity.

Additionally, the study focuses primarily on usability and perceived confidence rather
than quantitative improvements in segmentation accuracy. The selected thresholds were
not compared with expert reference annotations using objective segmentation metrics
(e.g., Dice Similarity Coefficient). This study does not determine whether interactive thresh-
olding improves anatomical boundary accuracy or clinical decision-making. Because the ob-
jective of this study was to evaluate the usability of the proposed VR interaction techniques,
a conventional 2D viewing condition or fixed-threshold baseline was not included. Future
work will incorporate these comparisons to assess their impact on clinical decision-making.
Future work will compare user-generated segmentations with reference annotations using
these metrics.

Although calibration was evaluated using ECE and Brier Score on the postprocessed
confidence maps used in the VR interface, the target structures occupy only a small fraction
of the full 3D volumes. Because these metrics are computed over all voxels, they are domi-
nated by the background class, which greatly outnumbers foreground voxels, and should
not be taken as evidence of near-perfect calibration in the clinically relevant gland and
canal regions. Therefore, the reported values should be interpreted as an overall charac-
terization of the deployed confidence maps. Future work should include region-specific
calibration analyses. Perceived confidence was also not measured using a standardized
trust questionnaire, so these findings should be interpreted as qualitative observations
rather than validated measures of trust.

In addition, effect sizes and confidence intervals were not reported in the present
study. Future studies should include these measures alongside significance tests to better
quantify the practical relevance of the observed differences.

6.3. Future Work

Future work should include larger user studies with more diverse clinical participants
to validate the findings. Extending the system to multi-class segmentation and different
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anatomical regions would also improve its applicability. In addition, integrating other
uncertainty estimation methods and exploring alternative interaction techniques could
further enhance the usability and effectiveness of the system.

7. Conclusions
This work presents a framework for interactive confidence visualization in VR for

medical image segmentation. By combining calibrated voxel-wise confidence with user-
controlled thresholding, the system allows users to explore segmentation results beyond
fixed binary outputs.

The results suggest that this approach may improve interpretability and may support
clinicians’ perceived confidence, although its effect on segmentation accuracy and clinical
decision-making remains to be evaluated. Users can better understand model behavior and
identify uncertain regions by interacting with confidence values in real time.

Overall, enabling interaction with model confidence, rather than only visualizing
it, shows promise as an approach for supporting decision-making in AI-based medical
imaging systems.
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