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ABSTRACT

Introduction: In MR-guided high-intensity focused ultrasound (MR-HIFU) treatment for
uterine fibroids, the subcutaneous abdominal fat layer is prone to unwanted heating,
especially during consecutive sonications. Automating its delineation with a deep
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learning algorithm would enhance treatment safety, efficiency and simplify clinical
workflow.

Materials and Methods: The subcutaneous fat layer was manually segmented on MR
images from 62 patients treated with MR-HIFU. An attention gated U-Net convolutional
neural network (CNN) was trained and validated using the Dice coefficient (DC). Model
performance was tested using the DC and 95th percentile Hausdorff distance (HD95).
The clinically relevant accuracy was assessed by the average fat layer thickness. The
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model’s transferability was determined on data prepared by a second reader and
compared to the interobserver variability.

Results: The model achieved a DC of 0.972 (IQR: 0.951-0.983), and an HD95 of 1.1 (IQR:
0.8-3.2) mm on the held-out test dataset. The mean absolute thickness error between
ground truth and the model’s prediction was 0.8+0.8mm for the test dataset, and was
0.7-0.8mm on the two patients prepared by the secondary reader. The automated
segmentation algorithm successfully reduced the segmentation time from 3min to 3s.
Conclusion: We established an automatic segmentation algorithm based on an
attention-gated U-Net architecture to delineate the abdominal fat layer in MR images
of uterine fibroids patients. The model achieved high accuracy, robustly handling both
thin and thick fat layers, and performed reliable on data prepared by a second reader.

Introduction

Uterine fibroids (also known as uterine leiomyomas) are common growths of the uterus, the most com-
mon uterine tumors and are estimated to occur in over 70% of women by the onset of menopause [1].
Although the disease is benign, it is symptomatic in up to 50% of patients. These symptoms can signifi-
cantly affect the patient’s physical and mental health without proper intervention. Current standards of
care for uterine fibroids include myomectomy [2,3] and uterine artery embolization (UAE) [4-6].
Magnetic resonance guided high-intensity focused ultrasound (MR-HIFU) is a noninvasive intervention.
It utilizes focused ultrasound energy to thermally ablate tissue at the focus and magnetic resonance
imaging (MRI) for accurate treatment planning and real-time temperature monitoring. However, detailed
knowledge of the tissue structure, especially within the ultrasound beam path, is critical for delivering
fast and safe personalized treatments. For example, the abdominal subcutaneous fat layer tends to
accumulate heat over long MR-HIFU treatments, leading to the potential risk of undesired tissue damage.
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In the Sonalleve MR-HIFU system (Profound Medical, Mississauga, Canada), the user is required to man-
ually delineate the subcutaneous fat layer in a single slice. This segmentation is then used to estimate
the average thickness of the fat layer, which in turn is given as input to a thermal simulation. Together
with other ultrasound parameters including acoustic power, frequency, sonication duration, these factors
are considered to determine a safe waiting time between subsequent sonications. Throughout the pro-
cedure, the user might need to repeat the delineation due to patient repositioning. This process could
be simplified, sped up and made more reproducible with automatic image segmentation.

Traditional segmentation techniques were usually based on edge detection, active contouring and
thresholding methods [7,8]. They highly rely on the selected features and efficient pre- and post-processing
algorithms. Machine learning models, on the other hand, can adaptively learn high-dimensional features
and improve the robustness of the model [9]. Convolutional neural networks (CNN) are a subset of
machine learning often used for image classification and object recognition tasks [10,11]. With superior
performance on images, CNNs are commonly used in automatic image segmentations. Although CNNs
have existed for a long time, their performance was still limited by the size of the available training sets
and the size of the networks considered. The first introduction of U-Net architecture was brought up by
Ronneberger [12]. The U-Net CNN can work with very few training images [13] and yields more precise
segmentations [14], which is critical in biomedical imaging applications.

The objective of this study was to develop a deep-learning model based on MR images commonly
acquired in MR-HIFU therapy of uterine fibroids and assess its performance in automatic fat segmenta-
tion to simplify and speed up the clinical workflow.

Materials and methods
Data acquisition

This is a retrospective single center study covering a total of 62 patients (60 for model development and
test, 2 for interobserver variability and transferability analysis) enrolled between 2020 to 2024 at Turku
University Hospital in Turku, Finland. The pretreatment screening and MR-HIFU treatment were conducted
using a 3.0T Philips MR scanner (Ingenia, Philips Healthcare, The Netherlands) and a clinical MR-HIFU
system (Sonalleve V2, Profound Medical, Mississauga, Canada). The local institutional review board
approved the retrospective data collection and study design and granted a waiver for acquiring informed
consent from the patients. According to Finnish legislation (552/2019), no separate ethics committee
approval was needed.

All uterine fibroid patients in this study were scanned with the default planning MR sequence pro-
vided by the Sonalleve MR-HIFU system (3D Turbo Spin-Echo, resolution = 0.625x0.625 % 1 mm, matrix =
400x400%x200, TR = 1500ms, TE = 160ms, echo train length = 81). The software of the Sonalleve
MR-HIFU system currently defines a default tissue boundary curve for segmentation of the subcutaneous
fat layer (Figure 1A). The user is required to manually manipulate and adjust the default tissue boundary
as part of the clinical workflow (Figure 1B).

Data preparation

Data collected from 60 patients were manually segmented slice by slice by a MR clinical scientist with
10 years of experience (CB) using the Medical Imaging Interaction Toolkit (MITK, v2023.04.2, MITK.org).
The segmentation results were then reviewed by a certified radiologist with seven years of experience
(AL). To ensure rigorous evaluation and prevent data leakage, we employed a patient-wise split, ran-
domly assigning 60 patients to a training set (n=42), a validation set (n=9), and a held-out test set
(n=9). This guaranteed that all images from a single patient were contained within one subset. The
model was trained on the training set, and hyperparameter tuning was performed based on the perfor-
mance on the validation set. The final model’s performance was evaluated exclusively on the held-out
test set. To assess interobserver variability and transferability, two additional cases were processed blindly
and independently by two readers, CB (R1) and a certified radiologist with over fifteen years of experi-
ence GK (R2).
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Figure 1. Fat segmentation in Sonalleve MR-HIFU system and in this study. The default tissue boundaries for the skin
(orange) and fat (pink) are a straight, anchored line (A). Manual manipulation and adjustment by the user are required
to set the proper tissue boundaries (B). Example slices of the data used in this study and the manually segmented fat
mask are shown in (C) and (D), respectively.

The image preparation was performed using Python (version 3.10). To ensure that all sagittal slices
actually contained subcutaneous fat, 64 sagittal slices in the center of the imaging block covering the
primary treatment area were obtained from each patient. The images and labels were resampled to
1mm isotropic resolution and cropped to a size of 256x256. The image intensity was normalized to a
range of 0-255. To enhance the diversity of the training dataset [15], a combination of geometric and
photometric augmentations was applied. These include horizonal flipping, random rotation (+20°), motion
blurring (blur kernel size of 9x9 pixels), 90% scaling, pixel translation, £3 degrees shearing, £20% dis-
tortion, and elastic deformation. Additional noise was introduced with Gaussian noise or multiplicative
noise or contrast (£5%) and brightness (£5%) adjustment. All the transformations were implemented
with Python albumentations module (version 1.3.0).

Convolutional neural network architecture

A U-Net structure with eight encoding and eight decoding blocks was implemented using TensorFlow
library (v2.11.0) [16]. An exploration study was conducted by varying the number of initial filters in
the first encoder block as it determines whether the model would focus on local features or global
features [17]. Three configurations were trained and evaluated: a narrow network starting with
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16 filters, a medium network with 32 filters, and a wider network with 64 filters. In all cases, the
number of filters in the convolutional layers increased progressively in the encoder path (x1, x2, x4,
%8, X8, x8, x8, x8). The selection of the final number of filters was determined considering the com-
putational cost and the performance on thin subcutaneous fat layers, a known challenging aspect of
this task [18].

Each convolution used a 4x4 kernel and 2x2 stride followed by a non-linear leaky rectified linear unit
(ReLU) activation function. Starting from the second layer, batch normalization was added after the con-
volutional layer to stabilize the gradients and enable faster convergence. At the end of the encoder path,
the input image was flattened into a 1x1x512 map and connected to the decoder path. In the decoder
path, a normal RelLU activation function was applied, followed by the 2D transposed convolution with
4x 4 kernel and 2x2 stride. For the first three layers, dropout (rate = 0.3) was applied to prevent over-
fitting and improve generalization [19]. At the last level of the expansive path, a Sigmoid function was
used for segmentation to generate the final output image with the size of 256x256x 1.

To enhance our segmentation network for clinical settings, we applied spatial attention mechanisms
to address the specific challenges in cases with thin fat layers. As an optimization of the basic model,
attention gates were incorporated in the skip function [20]. The gate mechanism computes spatial atten-
tion weights through a gating signal pathway that combines these inputs via element-wise addition,
followed by ReLU activation and a 1x1 convolution. The resulting attention coefficients (range from 0 to
1) were applied multiplicatively to the encoder features before concatenation with decoder features.

Training and evaluation of the model

The model was trained by minimizing the loss of the Dice coefficient (DC), as a statistic measure for the
similarity of two samples [21,22]. We used the Adam optimizer in TensorFlow (v2.11.0) with a learning
rate of 0.001 for 80 epochs. The training dataset was shuffled after each epoch to eliminate data order
bias. Segmentation performance was evaluated on the independent held-out test dataset consisting of
9 patients (576 images) using DC for similarity and the 95" percentile Hausdorff distance (HD95) for
boundary agreement [23]. Metrics were computed on a slice-by-slice basis and subsequently reported as
median, 25% and 75" percentile.

Average fat layer thickness was calculated as an additional clinically relevant evaluation metric of the
segmentation model. In MR-HIFU treatment for uterine fibroid, patients are typically positioned such that
the acoustic window is centered to allow efficient ultrasound energy transmission. Accordingly, fat thick-
ness was quantified along the clinically relevant acoustic pathway rather than over the global abdominal
fat distribution.

For each sagittal T2-weighted slice, the thickness calculations were performed on the binary fat mask
derived from either reader-annotated ground truth or the model’s predicted segmentations. Thickness
measurements were performed at the center of the image volume, corresponding to the expected ultra-
sound beam path. Specifically, 30 image rows at the center on the fat mask were selected, and fat
thickness was computed for each row as the anterior-posterior extent of contiguous fat pixels. The thick-
ness values from these 30 rows were averaged to obtain a single slice-level measurement. This procedure
was repeated across 64 consecutive slices per patient, and the resulting slice-level thicknesses were aver-
aged to yield a mean fat layer thickness for each patient. The same measurement pipeline was applied
identically to ground-truth annotations and model predictions to enable direct comparison.

The thickness error was calculated as the difference between the measurements obtained from the
model predictions and ground truth. Errors were computed on a slice-by-slice basis and subsequently
averaged across 64 slices to obtain a patient-level mean thickness error. Both actual signed and absolute
thickness errors were evaluated.

Interobserver variability and transferability analysis

To assess the robustness and clinical applicability of the model, we performed an analysis of interob-
server variability and model transferability using data from two additional patients (128 images). Two
readers, a primary reader (R1) and a secondary reader (R2), independently processed the datasets.
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Interobserver variability quantifies the agreement between different human experts when deter-
mining the ground truth segmentations. It was assessed by comparing the segmentations from R1
and R2 on a per-slice basis. We used the DC to measure geometric overlap and the HD95 to cap-
ture boundary discrepancies. This interobserver agreement was reported as median, 25" and 75t
percentile for DC and HD95, and served as the performance benchmark for subsequent model
evaluations.

Transferability refers to the model’s ability to perform effectively on data prepared by a different user.
This was tested by applying the final model trained with the annotations done by R1 to the unseen data
segmented by R2. DC and HD95 were reported as median, 25™ and 75™ percentile. Fat layer thickness
was measured and compared for the model’s prediction as well as the reader-annotated ground truth as
a clinically relevant metric.

Statistical analysis

Statistical analysis was performed to evaluate factors affecting segmentation performance and the accu-
racy of fat thickness estimation. A three-way analysis of variance (ANOVA) was used to evaluate the
effects of attention gate implementation (with and without), number of convolutional filters (16, 32, and
64), and fat thickness category (general and thin) on segmentation performance, as measured by DC and
HD95. Post-hoc comparisons for the number of filters were conducted using Tukey’s test, and significant
interactions were further explored using simple effects analysis.

Patient-level thickness errors were summarized using mean+standard deviation. Agreement between
thickness measurements calculated based on ground truth and predictions was assessed using mean
signed error, mean absolute error, Pearson correlation, and Bland-Altman analysis. A two-sided signifi-
cance level of p<0.05 was used for all statistical tests.

Results
Data preparation and training process

In this study, images from 60 patients were used for model training, validation and testing. The images
were manually segmented with examples shown in Figure 1C,D. 70% of the whole dataset (42 patients)
were included in the training dataset, with 15% (9 patients) allocated to test and validation dataset,
respectively.

Statistical analysis revealed significant effects of number of filters and fat thickness on both Dice coef-
ficient (DC) and 95th percentile Hausdorff distance (HD95) (both p<0.001). As anticipated, models per-
formed significantly worse in cases with thin fat layers compared to general cases with thicker fat layers.
Regarding the impact of number of filters, post-hoc analysis using Tukey’s Honestly Significant Difference
test indicated that the primary performance difference stemmed from the 16-filter configuration, which
yielded significantly poorer results than both 32- and 64-filter models (p<0.001). No statistically signifi-
cant difference was observed between 32 and 64 filters (p=0.818), suggesting diminishing returns
beyond 32 filters.

While attention gate implementation alone showed no significant effect on performance metrics
(DC: p=0.700; HD95: p=0.102), a significant interaction between attention gate and fat thickness
was identified (p<0.001 for both DC and HD95). This interaction revealed that attention gates pro-
vided selective benefit, substantially improving segmentation accuracy specifically for challenging
thin-fat-layer cases. Detailed performance metrics across all experimental conditions are presented in
Table 1, and examples of the performance of the model under different conditions are included in
Figure 2.

Balancing computational efficiency against performance gains, we selected a U-Net architecture incor-
porating attention gates with 32 initial filters for subsequent validation testing, as this configuration
provided optimal performance without the computational burden. The model’s architecture is shown in
Figure 3. The DC increased during the initial training phase, reached 0.9 rapidly, and then started to
saturate (Figure 4A). The final mean validation DC after 80 epochs was 0.973.
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Table 1. Exploration study results for selecting optimal U-net architecture.
General Test (n=9; 576 images)  Thin Fat Layer Test (n=1; 64 images)

Initial Training Time Validation
Filters (hours) Dice DC HD95 (mm) DC HD95 (mm)
Without Attention 64 274 0.974 0.973 1.1 (0.8-3.2) 0.948 1.1 (0.8-1.8)
Gates (0.952-0.983) (0.937-0.953)
32 7.1 0.972 0.972 1.1 (0.8-3.2) 0.949 0.8 (0.8-1.6)
(0.954-0.983) (0.939-0.956)
16 3.2 0.972 0.971 1.6 (0.8-4.0) 0.925 2.5 (1.6-6.6)
(0.947-0.981) (0.892-0.942)
With Attention 64 37.6 0.974 0.973 1.1 (0.8-2.9) 0.955 0.8 (0.8-1.1)
Gates (0.955-0.983) (0.943-0.961)
32 10.1 0.973 0.972 1.1 (0.8-3.5) 0.951 0.8 (0.8-1.6)
(0.951-0.983) (0.937-0.961)
16 33 0.972 0.970 1.6 (0.8-4.5) 0.947 0.8 (0.8-1.6)
(0.946-0.982) (0.936-0.960)

Comparison between models with and without attention gates was made, with subcategories for different numbers of initial filters. The mod-
el's performance on both the general test dataset and the thin fat layer was included. The median, 25% and 75" percentiles are reported for
dice coefficient (DC) and 95% Hausdorff distance (HD95), respectively. Computational cost was demonstrated by training time and increased
with more complex model structure.

DC=0.931 DC =0.931
HD95 =2.9 mm HD95 = 1.8 mm

DC =0.946 2. DC =0.963
HD95=0.8 mm \ HD95=0.8 mm \ HD95=0.8 mm

Figure 2. Example of the impact of attention gates and number of filters on the model’s performance for a thin fat
layer. The segmentation was more accurate with attention gate (E-H) compared to without attentions gates (A-D),
demonstrated by a higher median dice coefficient (DC) and a lower 95™ percentile Hausdorff distance (HD95). The
number of filters has a significant impact after dropping to 16, while no significant difference was observed between
32 and 64 filters despite the integration of attention gates. The zoom-in inserts represent the area where the model
failed to include fat pixels. For the model with 16 filters without attention gates (D), a large critical fat region within
the ultrasound beam path was missing, leading to a HD95 of 10.2mm.

Evaluation of the algorithm

As shown in Figure 4B, the median DC was 0.972 (IQR: 0.954-0.983) across 576 test images in 9 patients,
and the median HD95 was 1.1 (IQR: 0.8-3.2) mm. The model could successfully segment both thin and
thick fat layers (Figure 4C,D). Figure 5 illustrates examples of less accurate cases, including misalignments
in the lower abdominal region (Figure 5A,B) and the erroneous inclusion of pubic symphysis (Figure 5C).

Across nine patients in the held-out test dataset, the model demonstrated good agreement with
reader-annotated ground truth for fat layer thickness estimation along the clinically relevant acoustic
pathway. Ground truth fat thickness was 17.8+7.4mm, while predicted fat thickness was 18.1+6.8mm.
The mean signed error was 0.2+0.9mm, indicating slight positive bias. The mean absolute thickness
error was 0.8+0.8mm, roughly equal to the in-plane voxel size (0.65mm), indicating small deviations
exist within the imaging resolution. Notably, a large absolute error (2.94mm) was only observed in one
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Figure 4. Training curve and model evaluation. The median validation dice coefficient (DC) reached 0.973 after 80
epochs (A). On the held-out test dataset of 576 images, the median DC was 0.972 and the median 95™ percentile
Hausdorff distance (HD95) was 1.1mm (B). The model could successfully segment both thin (C; DC = 0.951,
HD95=0.8mm) and thick (D; DC = 0.988, HD95=0.8 mm) fat layers.

patient with extremely thin fat layer (4.8 mm). Bland-Altman analysis showed a mean bias of 0.23mm
with 95% limits of agreement ranging from —1.55 to 2.02mm (Figure 6A). The small magnitude of bias
and narrow spread relative to the voxel size indicates excellent agreement between predicted and
ground truth thickness which was further confirmed by Pearson correlation test (Figure 6B, Pearson
r=1.00, p<0.05).



8 C.BINGETAL.

Ground Truth
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/ DC =0.837 DC =0.903 DC =0.956
HD95 = 25.5 mm “ HD95=5.6 mm |} HD95 = 5.6 mm

Figure 5. Examples of less accurate segmentations (HD95>5mm) of the subcutaneous fat layer. Both the ground truth
(left) and the prediction (right) are shown and compared using the dice coefficient (DC) and 95™ percentile Hausdorff
distance (HD95). Reasons for less accurate segmentation are discrepancies in the lower abdominal region (A and B,
white arrow) and falsely included pubic symphysis (C, white arrow).
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Figure 6. Agreement between predicted and ground-truth fat layer thickness measurements on the held-out test set
(n=9). Bland-Altman plot showing the signed difference between predicted and ground truth thickness as a function
of their mean (A). The dashed red line indicates the mean signed error (bias), and the upper and lower dashed blue
line represent the 95% limits of agreement (LoA). Pearson correlation plot comparing the mean predicted and
ground-truth fat thickness indicates strong correlation between the two curves (B, r=1.00). The dashed line represents
the identity line (y=x).

Interobserver variability and transferability analysis

The median DC between the two readers was 0.934 (IQR: 0.906-0.962), indicating substantial agreement.
Median HD95 was 7.6 mm (IQR: 2.8-10.6) mm, reflecting moderate variability in the spatial alignment of
boundaries across slices.

Transferability of the model was demonstrated with a median DC of 0.934 (IQR: 0.871-0.952) and a
median HD95 of 6.2 (IQR: 4.8-19.8) mm. Figure 7 shows the model’s prediction compared to the masks
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Prediction Ground Truth (R2)

Ground Truth (R1)

DC =0.975 DC =0.881
HD95 = 0.8 mm / HD95 = 21.4 mm

DC =0.959 DC=0.956
HD95 =4.0 mm HD95 = 2.4 mm

Figure 7. Examples of transferability analysis result. Discrepancies in the lower abdominal region resulted in low dice
coefficient (DC) and large 95% Hausdorff distance (HD95) as shown in A (white arrow). Slight overfitting of the predic-
tion results in a relatively high HD95 on the ground truth prepared by both readers (B, white arrow).

annotated by R1 and R2, respectively. The primary discrepancies were the lower abdominal region. In
Figure 7A, the high HD95 on R2 mask (21.4mm) was derived from the lower part where R2 chose not
to include that region as it was not relevant to the treatment. A second example is shown in Figure 7B
where the model prediction included more tissue in the lower abdominal region, indicating overfitting
because of being trained with data annotated by R1.

On the dataset annotated by the second reader, the model demonstrated comparable fat thickness
estimates along the clinically relevant acoustic pathway. The fat layer thickness based on the R2
annotated ground truth was 9.9+ 1.4mm for patient 1, and 15.8+0.7 mm for patient 2. The model
predicted fat thickness was 10.5+ 1.8 mm for patient 1, and 16.1+1.4mm for patient 2. The mean
absolute thickness error was 0.7 mm for patient 1, and 0.8 mm for patient 2. A small positive bias in
fat thickness estimation was observed, with mean signed errors of 0.6 mm for patient 1 and 0.6 mm
for patient 2, respectively. These errors were comparable to the in-plane voxel size of 0.65mm, indi-
cating that the differences were clinically acceptable with the current image resolution for treatment
planning.

Discussion

Deep learning has been widely applied in multiple fields including treatment planning [24-26] and
tumor delineation [27,28]. In MR-HIFU therapies, there are multiple steps that may benefit from deep
learning to achieve streamlined clinical workflow. In a recent study where the researchers developed a
deep learning based model for automatic measurement of uterus volume, fibroid volume, and ablated
non-perfused volume (NPV) during MR-HIFU treatment of uterine fibroids, the derived DC was 0.90
(uterus), 0.84 (NPV) and 0.74 (fibroid) [29]. These automatic segmentations could further simplify the
workflow and improve treatment efficiency. In this study, we successfully developed an attention gated
U-Net model which could accurately segment both the thin and thick abdominal subcutaneous fat in
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patients who underwent MR-HIFU treatment. The median DC across 576 test images was 0.972, and the
HD95 was 1.1 mm. The absolute error of the average fat layer thickness on the model’s predicted seg-
mentations was 0.8 mm, comparable to the current in-plane voxel size of 0.65mm, indicating clinically
acceptable discrepancy.

In this study, we investigated a simple U-Net architecture, as well as more advanced models integrat-
ing attention gates and deep supervision. In addition, the number of filters was also varied to achieve a
balanced model with good performance and acceptable computational cost. Given the specific case of
segmenting abdominal subcutaneous fat, deep supervision seems not to be necessary as the fat has
well-defined boundaries. Number of filters, attention gate and fat thickness impact the model’s perfor-
mance, but the effect is small or negligible (n?p < 0.01) except for the fat thickness, which has a medium
impact on Dice coefficient (n?p < 0.06). For this specific application, the abdominal fat layer is well
defined with good contrast on T2 images, hence moderate number of filters and relatively simplified
model structure derived best results without limited overfitting and underfitting. This highlights a tradeoff
between efficiency and complexity: while fewer filters suffice for simple structures, more complex anat-
omies may require higher filter counts and more advanced models to preserve accuracy.

While 3D convolutional networks offer theoretical advantages for capturing spatial continuity in volu-
metric data, our current 2D slice-by-slice approach remains clinically appropriate and technically suffi-
cient for subcutaneous fat segmentation in MR-HIFU treatment planning. The current 2D model delivers
reliable segmentation masks with fat thickness error comparable with image resolution, and strong sim-
ilarity to the ground truth (DC = 0.972). Future work could explore hybrid approaches, such as 2.5D
networks or post-processing with 3D smoothing, to potentially enhance inter-slice consistency while
maintaining computational efficiency. However, given the current clinical workflow where physicians
review individual slices during treatment planning, and the substantial GPU memory requirements of full
3D U-Nets, our 2D implementation represents an optimal balance of accuracy, efficiency, and clinical
integration potential.

A clear definition of boundaries is critical for variability and transferability assessment. In this study, it
is difficult to clearly define the fat tissue boundary in the lower abdominal region. The treatment target
in MR-HIFU therapies for uterine fibroids are commonly located in the center of the MR images. Hence,
the tissue at the edges of the image is not clinically relevant as no ultrasound travels through it. Future
studies should prioritize dataset refinement to exclude non-critical regions and better reflect clinical
practice.

One limitation in our study is that the original dataset used for model development was prepared by
a single reader. Existing literature reports that models trained on annotations from just one expert tend
to encode that rater’s bias, resulting in inconsistent performance when applied to data labeled by others
[30]. In contrast, methods that integrate labels from multiple raters demonstrate stronger calibration and
improved segmentation accuracy across observer differences [31]. Meanwhile, diversity in data sources
such as different scanners or imaging centers is also important to build a reliable model [32]. Establishing
a larger dataset with adequate diversity would further optimize the model’s robustness and reliability.

The integration of machine learning into treatment planning and prediction has attracted increasing
attention in recent years. Numerous efforts have focused on improving treatment efficiency and accuracy
by incorporating Al-based tools into clinical workflows. Machine learning-based image segmentation has
been investigated for delineating fibroids, the uterus, and post-treatment non-perfused volume (NPV),
thereby streamlining the procedure [29]. The dataset could be formed by not only T2-weighted images,
but contrast enhanced T1 images, or other related sequence where the target structure presents as a
differentiate intensity or contrast. Retrospective assessment of 30 uterine fibroid treatments performed
on the Sonalleve system found that users require on average 30s to 3min for manual delineation of the
subcutaneous fat in a single slice. In our study, we have successfully reduced the time to 3s per image
stack on one patient (automatic segmentation) while maintaining the accuracy for clinical acceptance. In
addition, this approach opens the potential for a more accurate and personalized, and therefore safer
MR-HIFU treatment, by providing information on the shape of the subcutaneous fat layer in the whole
treatment region. The present study represents an initial step toward incorporating machine learning into
clinical workflow for automated treatment planning. Future work could expand its application across the
entire procedure to achieve a more efficient and effective treatment modality.
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Conclusion

We developed and validated an attention-gated U-Net algorithm to automatically segment abdominal
subcutaneous fat for MR-HIFU treatment planning in uterine fibroid patients. The model demonstrated
high segmentation fidelity (median DC: 0.972, HD95: 1.1 mm, absolute error of average fat layer thick-
ness: 0.8mm) and performed acceptably when compared to a secondary reader, particularly within
the clinically relevant treatment region. Despite being trained on single-reader annotations, this
approach shows considerable promise for reducing manual segmentation time, standardizing plan-
ning workflows, and enhancing treatment safety. As a first step toward full automation in MR-HIFU
therapy, this work provides a validated technical foundation ready for further refinement and clinical
integration.
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