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HIGHLIGHTS

o Developed an automated pancreatic segmentation and PDFF quantification pipeline.
e TransUNet achieved the highest segmentation accuracy using combined water-only and fat-only MRI.
o Al-based method strongly correlates with manual volumetric PDFF quantification, outperforming ROI-based methods.

ARTICLE INFO ABSTRACT
Keywords: Purpose: To develop and validate a fully automated TransUNet-based framework for 3D pancreatic segmentation
Pancreas and volumetric fat quantification on PDFF MRI. Specifically, to evaluate the model's performance against state-
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of-the-art CNN architectures and assess its clinical reproducibility compared to manual reference methods.
Methods: This retrospective study involved 140 adults with metabolic dysfunction-associated steatotic liver
disease who underwent 3.0 T multi-echo mDIXON MRI. A TransUNet-based model was developed using a 5-fold
cross-validation approach, integrating convolutional and transformer layers to capture global and local features.
Various architectures (UNet, nnUNet) and multiple input combinations of water, fat, and R2* maps were sys-
tematically compared. Segmentation performance was primarily assessed using the Dice Similarity Coefficient
(DSC), with the Jaccard index, precision, recall, and 95th-percentile Hausdorff distance additionally used for
network comparison. Agreement of pancreatic fat quantification across measurement methods was assessed
using Bland-Altman analysis and intraclass correlation coefficients (ICC).

Results: TransUNet achieved the highest segmentation accuracy (DSC: 85.46%, IQR: 80.76-86.24%), out-
performing nnUNet (84.24%) and UNet (71.89%). Optimal performance was reached using water-only and fat-
only input series. The Al-based volumetric method demonstrated strong agreement with manual whole-organ
PDFF (r = 0.866, p < 0.001) with a minimal mean bias (1.20). Conversely, 2D ROI methods significantly
underestimated pancreatic fat (6.08 + 2.74%) compared to both manual (21.95 + 6.14%) and Al-based
(20.72 + 6.13%) volumetric assessments (p < 0.001).

Conclusion: TransUNet provides accurate, reproducible 3D pancreatic segmentation and fat quantification. By
capturing the entire organ volume, this automated framework overcomes the sampling bias inherent in tradi-
tional 2D ROI methods, offering a fast and reliable biomarker for pancreatic steatosis.

1. Introduction non-invasive quantification remains challenging. Routine practice de-
pends on small region-of-interest (ROI) sampling, which is prone to

Fatty pancreas is a significant predictor of beta cell dysfunction, and sampling bias due to the marked spatial heterogeneity of pancreatic fat
type 2 diabetes mellitus [1,2]. Although clinically significant, accurate [3,4]. Furthermore, 2D ROI methods significantly underestimate total
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fat compared to whole-organ volumetric assessments [5]. While manual
whole-organ segmentation is more accurate, it is labour-intensive and
poorly reproducible, limiting its use in clinical workflows [6].

The technical challenge in automated pancreas delineation stems
from the organ’s small size, variable morphology, and low soft-tissue
contrast against adjacent viscera [3]. Early automated attempts using
atlas-based or statistical shape models achieved only moderate accuracy
and required expert interaction [7]. Though Deep Convolutional Neural
Networks (CNNs) like UNet and nnUNet have set strong baselines on
contrast-enhanced CT, their reliance on local convolutional kernels
often fails to capture the global contextual information necessary for the
ill defines boundaries of the pancreas on MRI [7,8]

Recent hybrid architectures, such as TransUNet, address these limi-
tations by integrating Transformers with CNNs. By leveraging self-
attention mechanisms, these models aggregate global spatial de-
pendencies, which are critical for distinguishing intrapancreatic fat from
surrounding visceral adipose tissue [9]. Despite these advances, fully
automated 3D frameworks for volumetric fat quantification on proton
density fat fraction (PDFF) MRI, the gold standard for fat measurement
remain scarce and typically require manual correction [10].

Therefore, this study aims to bridge this gap by developing and
validating a fully automated TransUNet-based framework for 3D
pancreatic segmentation and volumetric fat quantification. Specifically,
the objectives are: (1) To develop a transformer-based 3D algorithm for
automated pancreas segmentation and PDFF-based fat measurement; (2)
To evaluate its performance against state-of-the-art CNN architectures
using standardised segmentation metrics; (3) To assess the clinical
reproducibility of the automated volumetric measurements in compar-
ison to manual reference methods.

2. Materials and methods
2.1. Subjects

The study was conducted in accordance with the Declaration of
Helsinki and was approved by the Ethics Committee of the local insti-
tution (CREC reference number 2023.263). All participants provided
informed written consent.

This retrospective study involved Chinese adults (aged 18-65) who
underwent chemical shift encoded MRI (mDIXON) to diagnose or
confirm metabolic dysfunction-associated steatotic liver disease
(MASLD) following a positive fatty liver screening using the controlled
attenuation parameter. Inclusion criteria were intrahepatic triglyceride
content measured by MRI-proton density fat fraction (PDFF) > 5% and
at least one metabolic risk factor as defined by Rinella et al. [11].
Exclusion criteria included alcohol consumption > 30 g/day for men or
20 g/day for women, MRI contraindications, and a history of liver
transplantation or resection. To ensure findings were representative of
metabolic-associated steatotic liver disease MASLD and to maintain
consistency with the primary study, subjects with hepatocellular or
pancreatic carcinoma, other malignancies (unless in remission for over
five years), or pancreatic lesions were excluded. These exclusions pre-
vent the structural and metabolic alterations associated with malig-
nancy from confounding the analysis and ensure the accuracy of the
automated segmentation baseline. Obesity was defined as BMI
> 25 kg/m?, and morbid obesity as BMI > 40 kg/m?, or BMI > 32 kg/m?
plus T2DM or two obesity-related co-morbidities for the Asian popula-
tion [12]. T2DM was defined by fasting glucose levels (venous plasma >
7.0 mmol/L; whole blood; > 6.1 mmol/L), 2-hour post-glucose load
levels (venous plasma > 11.1 mmol/L; whole blood > 10.0 mmol/L), or
an HbAlc level > 6.5% (48 mmol/mol), with all study participants
having a confirmed diagnosis for at least six months prior to enrolment
[12].
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2.2. Chemical shift encoded MRI data acquisition

All subjects underwent MRI using a Philips Achieva 3.0 T scanner
(Philips Medical System, Best, The Netherlands) with a 16-channel
SENSE-XL-Torso array coil after an 8-hour fast. High-resolution water-
fat separation was performed using a 3D spoiled multi-echo mDIXON
sequence. Detailed imaging parameters are summarised in Table 1.

Image reconstruction was performed online using the vendor-
supplied Philips mDIXON product implementation (Philips Healthcare,
Best, The Netherlands). This utilises a multi-echo chemical-shift water-
fat separation algorithm incorporating a multi-peak spectral model of
fat and T2* correction to enhance accuracy and sensitivity [13].

Two 15-second breath-hold acquisitions were used to cover the
entire abdomen. This broad coverage was chosen because the primary
clinical objective of the original scan was to evaluate both the liver (for
MASLD) and the pancreas, ensuring that any anatomical variations in
organ position or ectopic fat distribution were captured within the same
co-registered series. Furthermore, this wide field-of-view enabled the
comprehensive measurement of visceral adipose tissue (VAT) and sub-
cutaneous adipose tissue (SAT) across the whole abdomen, providing a
complete profile of abdominal adiposity. Minor variations in in-plane
resolution and slice number were present across the dataset due to
patient-specific adjustments and scanner calibration, resulting in
anisotropic voxel spacings addressed during preprocessing.

To ensure the integrity of these volumetric data, all eligible exami-
nations underwent a secondary image quality and usability screening
before downstream analysis (Fig. 1). This step was applied after clinical
eligibility was confirmed and was performed by two abdominal imaging
specialists with over 15 and 25 years of experience, respectively. MRI
series were excluded if they exhibited significant motion or breathing
artefacts that were sufficient for reliable delineation, or if file-related
issues were identified (e.g., format or encoding errors that prevented
successful data loading or standardised preprocessing). It is acknowl-
edged that the exclusion of low-quality images may not fully reflect real-
world clinical practice; this is addressed as a study limitation.

2.3. Measurement of pancreatic proton density fat fraction

2.3.1. Region of Interest (ROI) method

Measurements were performed by two abdominal imaging special-
ists with over 15 and 25 years of experience, respectively, and were
blinded to clinical data. Pancreatic PDFF was measured using the fat
fraction image series. Three regions of interest (ROIs), each 1 cm?, were
drawn on the head, body, and tail of the pancreas, avoiding the
pancreatic duct and splenic vein, using the Philips IntelliSpace Portal
version R3.0-SP15 (Philips Healthcare, Best, The Netherlands). This was
performed three times on any slice where the pancreas was clearly
visible. The mean PDFF from these three ROIs was averaged to deter-
mine the mean pancreatic fat fraction.

2.3.2. Manual Whole-organ Volumetric Pancreatic Fat Quantification
(Slice-by-Slice Method)

For manual whole-organ volumetric quantification, the pancreas was
identified in each abdominal MR image using anatomical landmarks (e.

Table 1
Summary of MRI Acquisition Parameters.

Parameter Value

Sequence Type
Repetition Time (TR)
Echo Time (TE) / Echo Spacing

3D spoiled multi-echo mDIXON
5.7-5.9 ms
1.2-1.4 ms / 1.0-1.2 ms (6 echoes)

Flip Angle 3°

FOv 375 x 313 x 219 mm
Acquisition Matrix 128 x 117
Reconstructed Slice Thickness 3.0 mm

Acceleration (SENSE) 2
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223 subjects enrolled between October 2023
and February 2025 underwent MRI scan

Inclusion criteria:

* PDFF-measured intrahepatic
triglyceride content > 5%

e Presence of > 1 metabolic risk factor Exclusion criteria:

*  Alcohol consumption > 30 g/day

(men) or > 20 g/day (women)

*  Contraindications to MRI

* History of liver transplantation or
resection

v

Enrolled populations. n =161

Excluded due to poor image quality or
file errors. n =21

v

‘ Study cohort. n = 140 ‘

\ 4 \ 4

‘ Training group. n = 120 ‘ ‘ Testing group. n =20 ‘

Fig. 1. Flowchart of the study subject recruitment process. Eligible patients were first identified using predefined clinical inclusion/exclusion criteria. Their MRI
scans were then screened for image quality to exclude inadequate images before forming the final analysis cohorts.

g., splenic vein, superior mesenteric artery, inferior vena cava, aorta, IntelliSpace Portal version R3.0-SP15 (Philips Healthcare, Best, The
duodenum). Using the smoothed polygon ROI tool in the Philips Netherlands), the pancreas was carefully delineated on every slice where
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Fig. 2. Overview of the TransUNet-based pipeline for pancreatic segmentation and PDFF quantification. (a-b) Data preparation: 5 input configurations are tested. (c)
The TransUNet model was trained and validated to optimize segmentation performance. (d) The best-performing model was applied to the testing cohort to generate
predicted pancreas masks. (e) Pancreatic PDFF was then calculated voxel-wise using the water images, fat images, and predicted masks.
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pancreatic tissue was visible. This process resulted in a set of contiguous
polygonal regions that together encompassed the entire pancreas across
all slices.

Within these manually outlined regions of the fat fraction images, the
software automatically extracted the fat fraction (PDFF) values from the
fat fraction images provided by the MRI vendor. The final whole-organ
PDFF was calculated as the mean of all pancreatic voxels across slices,
ensuring that each voxel contributed equally.

This approach ensures that slices with smaller pancreatic surface
area do not disproportionately influence the overall PDFF measurement,
as could occur if per-slice mean PDFF values were averaged together. By
calculating the mean PDFF across all pancreatic voxels, we avoid bias
and achieve a true volumetric assessment of pancreatic fat content.

2.4. Al-based 3D pancreatic segmentation and automated fat fraction
quantification

We developed an Al-based framework to automatically segment the
pancreas on multiparametric MRI and subsequently quantify whole-
pancreas fat content. To examine the contribution of different MRI
contrasts, five input configurations were tested, including both single-
modality and multimodality combinations of water, fat, and fat frac-
tion images (Fig. 2(a)).

Before model training, all images underwent a standardized pre-
processing pipeline (Fig. 2(b)). Briefly, the image volumes were
resampled to a common voxel spacing, cropped to a fixed 3D region
covering the pancreas, and normalized on a per-case basis to reduce
inter-scan variability. Standard on-the-fly data augmentation was
applied during training to improve model robustness.

The segmentation model was based on TransUNet, which combines
convolutional layers and transformer modules (Fig. 2(c)). In this
framework, convolutional layers capture local anatomical details,
whereas transformer modules provide broader contextual information
across the slice. This combined design was used to improve pancreatic
delineation, particularly given the irregular shape of the pancreas and its
often indistinct boundaries on MRI. The network was trained from
scratch without pre-trained weights.

Manual whole-pancreas annotations served as the reference standard
and were generated slice by slice in ITK-SNAP by an abdominal MRI
specialist and a radiologist with over 20 years of combined experience.
The dataset was divided into training and testing groups at a ratio of 6:1,
with cases in the testing group drawn from a different time period to
provide temporal separation from the training data. Within the training
group, 80% of cases were used for model training and 20% for valida-
tion. Five TransUNet models were trained using identical data splits and
training settings, each corresponding to one input configuration, to
enable fair comparison. In addition, UNet and nnUNet were evaluated as
comparator architectures.

During inference, the trained model generated a 3D pancreatic mask
for each examination using a sliding-window strategy (Fig. 2(d)). The
final model used for testing was selected according to validation per-
formance. The predicted pancreatic mask was then applied to the paired
water-only and fat-only images to derive a voxel-wise fat fraction map
within the segmented pancreas (Fig. 2(e)). Specifically, for each voxel
within the pancreas region, the relative contribution of the fat content
was estimated based on the corresponding fat-only and water-only
image intensities, thereby generating a voxel-level fat fraction map.
This procedure provides a spatially resolved quantitative characteriza-
tion of fat distribution across the pancreas. The mean value across all
voxels within the segmented pancreatic volume was used as the auto-
mated whole-pancreas PDFF for each subject.

3. Statistical analysis

Statistical analyses were conducted using Python (v3.7) and SPSS
version 28. Segmentation model performance was evaluated by
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comparing model-predicted pancreatic masks with manual annotations
using the Dice Similarity Coefficient (DSC).

For benchmarking, UNet and nnUNet models were trained alongside
TransUNet and evaluated using DSC. nnUNet employed its default self-
configuration, while UNet used the same hyperparameters as Tran-
sUNet; preprocessing and augmentation were identical across models.
Performance was first assessed by 5-fold cross-validation, reporting
mean + standard deviation (SD) DSC for each model and input config-
uration. The best-performing model from each group was then evaluated
case-wise on the test set, with results summarized by median, inter-
quartile range (IQR), and mean =+ SD. Statistical comparisons used the
Friedman test for global differences, followed by Nemenyi post-hoc tests
with a critical difference (CD) approach. Wilcoxon signed-rank tests
with Holm correction were additionally applied to control for multiple
comparisons. A two-sided p < 0.05 was considered significant.

Descriptive statistics summarised clinical, biochemical, and imaging
characteristics. Continuous variables were reported as mean + standard
deviation (SD), while categorical variables were presented as percent-
ages. Pancreatic PDFF values from different measurement methods were
reported as median (IQR).

Differences in mean PDFF among ROI-based, manual whole-organ,
and Al-automated methods were compared using ANOVA with Bonfer-
roni post hoc analysis. Agreement and consistency between methods
were evaluated using Pearson correlation coefficients (r) with 95%
confidence intervals and p-values. Correlation strength was classified as
very weak (r < 0.3), weak (0.3 <r < 0.5), moderate (0.5 <r < 0.7), or
strong (r > 0.7) [14]. Bland-Altman analysis was performed to assess
agreement between Al-based and manual whole-organ volumetric PDFF
measurements. Statistical significance was set at p < 0.05.

Table 2
Characteristics of the subjects based on clinical, serological, and MRI
analysis.

Variable Mean + SD
Age (years) 51.35 + 11
Sex (Male/Female), (%) 56/43

BMI (kg/m?) 35.89+ 3.5
With obesity (%) 64.4

With morbid obesity, (%) 35.6
Hypertension (%) 55.7
Dyslipidaemia (%) 75.7

T2DM (%) 64.3

Total Cholesterol (mmol/1) 441 +1.1
Triglycerides (mmol/1) 1.62 £+ 0.97
HDL (mmol/1) 1.23 +£0.32
LDL (mmol/1) 2.48 +£0.79
Fasting Plasma Glucose (mmol/1) 6.13 +£ 1.50
HbAlc (%) 6.56 + 1.18
ALP (IU/1) 75.98 + 38.96
ALT (1U/1) 47.76 + 32.79
AST (1U/1) 33.53 + 16.55
GGT (IU/D) 50.19 + 40.51
Liver PDFF (%) 12.80 + 7.16
Pancreatic PDFF (%)- ROI 6.08 + 2.74
Pancreatic PDFF (%)- Whole manual 21.95 + 6.14
Pancreatic PDFF (%)- Al 20.72 + 6.13

Note: obesity means BMI > 25 kg/m? and morbid obesity means BMI
> 40 kg/m?, or BMI > 32 kg/m? plus Type 2 Diabetes or two obesity-related
co-morbidities for the Asian population [12]. Abbreviations: SD, standard
deviation; ALP, alkaline phosphatase; ALT, alanine aminotransferase; AST,
aspartate transaminase; BMI, body mass index; GGT, gamma-glutamyl
transferase; HbAlc, glycosylated haemoglobin; HDL, high density lipopro-
tein; low density lipoprotein; PDFF, proton density fat fraction, T2DM, type 2
diabetes mellitus; ROI, region of interest, Al, artificial intelligence.
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4. Results
4.1. Fat quantification

Table 2 presents the baseline characteristics of the study cohort with
MASLD (n = 140). The mean pancreatic PDFF value was significantly
lower when measured using the ROI method (6.08 + 2.74%) compared
to both the manual whole-organ volumetric method (21.95 + 6.14%)
and the Al-based segmentation method (20.72 + 6.13%), both
p < 0.001. There was no statistically significant difference between the
manual whole-organ PDFF volumetric and Al-based PDFF quantification
methods (21.95 + 6.14% vs. 20.72 + 6.13%, p = 0.056).

There was a strong correlation between the manual whole-organ
PDFF volumetric and Al-based PDFF measurements (r = 0.866, 95%
CI: 0.815-0.904, p < 0.001). In contrast, neither the Al-based PDFF nor
the manual whole-organ PDFF volumetric measurements correlated
with the ROI-based PDFF (Al-based: r = 0.072, 95% CI: —0.103-0.243,
p = 0.417; manual: r = 0.060, 95% CI: —0.115-0.231, p = 0.504).

Bland-Altman analysis showed an absolute mean difference of 0.99
(95% CI: 0.49-1.49) between the Al-based and manual whole-organ
volumetric PDFF measurements, with 95% limits of agreement
ranging from —4.87-6.86. No evidence of proportional bias was
observed (p = 0.977). In comparison, both the Al-based and manual
whole-organ volumetric methods showed large absolute mean differ-
ences from the ROI method of —14.96 (95% CI: —16.02 to —13.90) and
—15.95 (95% CI: —17.00 to —14.90), respectively, with significant
proportional bias in both cases (p < 0.001), suggesting that Al-based
whole-organ volumetric PDFF is a clinically viable and superior
replacement for traditional ROI-based sampling. Further details are
provided in Fig. 3.

4.2. Inter-rater and Intra-rater Reliability

The reliability of the manual reference methods was high. For the
ROI method, the intraclass correlation coefficients (ICC) for absolute
agreement ranged from 0.877 to 0.969. The inter-rater correlation co-
efficient between the two abdominal imaging specialists was 0.824,
indicating strong consistency in manual pancreatic fat quantification.

4.3. Segmentation performance

Three deep-learning architectures were compared using combined
water-only and fat-only images as input. In 5-fold cross-validation,
TransUNet achieved the highest mean DSC (83.03%0.65%), out-
performing nnUNet (81.70%+0.64%) and UNet (70.12%+0.75%). We
selected the best model from each of these three architectures for case-
wise comparison. Case-wise DSC are summarized as follows: UNet
(Median 71.89%, IQR 67.45-74.89; Mean 71.23 + 5.25), nnUNet (Me-
dian 84.24%, IQR 78.38-85.62; Mean 82.62 + 4.73), and TransUNet
(Median 85.46%, IQR 80.76-86.24; Mean 83.83 + 4.51). The Friedman
test confirmed significant overall differences (3*=30.70, p < 0.001). On
average, TransUNet outperformed nnUNet by 1.21% and UNet by
12.60% in DSC. To provide a more comprehensive evaluation beyond
DSC, we additionally report other metrics in Table 3, which further
characterize boundary accuracy and error patterns across models.
Notably, even modest DSC improvements can translate into more stable
organ delineation and downstream volumetric measurements, particu-
larly in thin or anatomically ambiguous regions (e.g., the pancreatic
tail), where small boundary deviations may disproportionately affect fat
quantification. Details are shown in Figs. 4 and 5(d) — (f).

Given the superior performance of TransUNet, we further compared
its performance across different input modality combinations. In 5-fold
cross-validation, the Water + Fat configuration achieved the highest
DSC (83.03%+0.65%), outperforming single-modality inputs (Fat:
80.69%+0.57%; Water: 80.59%+0.75%; Fat Fraction: 78.36%=+0.70%)
and the all-modalities configuration (79.31%+0.76%). Case-wise
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Fig. 3. Bland-Altman analysis of PDFF measurements. (a) Illustrates the con-
sistency between the outcome from the manual-whole organ calculated volu-
metric Pancreatic PDFF method and the Al-computed PDFF method, with no
proportional bias detected (p = 0.977). (b) demonstrates the consistency be-
tween the outcome from the ROI-based Pancreatic PDFF method and the Al-
computed PDFF method, where a proportional bias was identified
(p < 0.001). (c) Shows the consistency between the outcome from the manual-
whole organ calculated volumetric Pancreatic PDFF method and the ROI-based
Pancreatic PDFF method, with a proportional bias observed (p < 0.001).

analysis confirmed the advantage of Water + Fat (Median 85.46%, IQR
80.76-86.24), with significant differences over all other settings ac-
cording to the Friedman test (y*=20.52, p < 0.001) and post-hoc com-
parisons (Table 4, Fig. 5(a) — (c)). A 3D visualization of TransUNet-
derived pancreatic PDFF is shown in Fig. 6. Note that DSC compari-
sons are reported for pancreas segmentation under different input
combinations, whereas PDFF quantification is a downstream step
computed within the segmentation mask on the PDFF map derived from
the Dixon acquisition.
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Table 3
Quantitative segmentation performance evaluation and comparison with other
models.

Methods DSC (%) Jaccard Precision Recall (%) HD 95
(%) (%) (mm)
UNet 71.23 55.53 78.27 67.61 16.49
+5.25 +6.32 +12.41 +10.14 +6.69
nnUNet 82.62 70.64 85.78 80.85 7.66
+4.73 +6.79 + 10.47 +7.78 + 4.75
TransUNet  83.83 72.47 87.87 81.02 5.36
+ 4.51 + 6.52 +7.11 + 8.35 +1.54

Note: DSC, Dice Similarity Coefficient; Jaccard, Jaccard Index; HD 95, 95th
percentile Hausdorff Distance; %, percentage; mm, millimetres.

4.4. Sub-analyses in terms of diabetes, sex, and obesity statuses

Subgroup analyses were performed to evaluate the robustness of the
automated framework across different clinical phenotypes. When
stratified by diabetes status, no significant differences in pancreatic
PDFF were observed between those with and without T2DM across all
three quantification methods (p > 0.05; Table 5). Similarly, sex-based
analysis showed consistent fat quantification across all methods
(p > 0.05; Table 6), suggesting the AI model's performance is not
influenced by gender-specific anatomical variations.

However, significant discrepancies emerged when evaluated by
obesity status (Table 7). For the ROI-based method, a significant dif-
ference in the pancreatic fat was observed between the obesity and
morbid obesity groups (5.58% =+ 2.73% vs. 6.98% =+ 2.58%, p = 0.017).
In contrast, both the manual whole-organ (p = 0.244) and Al-based
(p = 0.222) methods showed no statistically significant differences be-
tween these groups. This suggests that as BMI increases, and pancreatic
boundaries become less defined, small ROI sampling is highly suscep-
tible to sampling bias and spatial heterogeneity. Conversely, the Al-

Input Water Image Input Fat Image

Case 1

Case 2

Case 3

Case 4

TransUNet
Dice: 85.42%
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driven whole-organ segmentation provided a more stable and repre-
sentative assessment, effectively distinguishing intrapancreatic fat from
the increased visceral adiposity typical of morbidly obese patients.

5. Discussion

This study validated a fully automated TransUNet-based framework
for 3D pancreatic segmentation and fat quantification on PDFF MRI. Our
findings demonstrate that this automated approach effectively addresses
the limitations of manual assessment, offering a reproducible alternative
for whole-organ volumetric analysis.

In agreement with prior studies [15,16], these results show that
conventional 2D ROI methods significantly underestimate pancreatic fat
compared to volumetric techniques. This discrepancy stems from the
marked spatial heterogeneity of pancreatic fat as 2D ROIs fail to capture
the total organ volume leading to substantial sampling bias. The sub-
group analysis further highlighted this limitation. While ROI-based
measurements showed statistically significant differences between
obesity and morbid obesity groups (p = 0.017), both AI and manual
whole-organ methods remained stable (p > 0.05). This suggests that as
BMI increases and visceral fat infiltrates the peripancreatic space, small
ROI sampling becomes increasingly unreliable. In contrast, the
Al-driven volumetric approach remains robust regardless of obesity
status, providing a more stable and representative assessment of total
pancreatic steatosis.

A primary technical challenge in this domain is distinguishing
intrapancreatic fat from adjacent visceral adipose tissue. While the close
anatomical relationship between the pancreas and surrounding viscera
risks inadvertent inclusion of non-parenchymal fat, our model trained
on expert-delineated landmarks, demonstrated high specificity. The
strong correlation between manual and Al-based measurements, with a
mean bias of only 0.99%, supports the clinical reliability of the

nnUNet
Dice: 79.00%

UNet
Dice: 76.87%

Ground Truth

Fig. 4. Qualitative comparison of pancreas segmentation results from three deep learning models using combined Water and Fat image inputs. Five representative
test cases are shown in rows (Case 1-4). Segmentation outputs are overlaid in red. TransUNet and nnUNet demonstrate better conformity with the anatomical
boundaries of the pancreas, particularly in regions with indistinct edges (e.g., tail regions in Case 1), while UNet shows evident under-segmentation and discon-

tinuities, consistent with its lower quantitative performance.
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Fig. 5. Statistical comparison of segmentation performance using the Friedman test and post-hoc analysis. (a, d) DSC distributions across different input configu-
rations and deep-learning models, with a line at the median and a triangle at the mean, and outliers are represented by hollow dots. (b, e) Average ranks of the five
input configurations (with CD=1.364) and three deep-learning models (with CD=0.741) are indicated for the Nemenyi test. (c, f) Pairwise significance matrix of
models based on the Nemenyi test (value=1 denotes significant difference at a=0.05). F, Fat-only images; W, Water-only images; FR, Fat fraction images; W+F,

Water and Fat images; W+F-+FR, Water, Fat, and Fat fraction images.

Table 4
Comparison of TransUNet model performance across various input
configurations.

TransUNet Input Q1- Median- Q3- IQR- Mean +
Configuration DSC DSC (%) DSC DSC SD (%)
(%) (%) (%)
Water-only images 77.59 81.32 85.06 7.47 81.34
+4.24
Fat-only images 79.28 81.32 84.05 4.77 81.43
+3.32
Fat Fraction-only 74.93 80.02 85.17 10.25 79.08
images +7.43
Water + Fat images 80.76 85.46 86.24 5.48 83.83
+4.51
All images 77.61 79.75 85.16 7.55 80.44
+5.68

Note: Q1, quartile 1; Q3, quartile 3; IQR, interquartile range; DSC, Dice Simi-
larity Coefficient; %, Percentage; SD, standard deviation

automated approach. Crucially, this bias is well within the 10% intervals
typically used for clinical steatosis grading, suggesting the Al-based
method is unlikely to lead to diagnostic misclassification.

The TransUNet architecture achieved a DSC of 83.03%, performing
at or above current benchmarks for MRI-based pancreatic segmentation
[17]. However, it is important to note that because the Al was trained on
manual expert annotations, the high concordance between the two
likely reflects the model’s success in replicating expert performance
rather than providing a completely independent ground truth. While
these results align with findings from Janssens et al. [18] regarding the
potential of automated volumetric analysis, further external validation
against independent datasets is necessary to confirm universal clinical
utility.

Among the evaluated models, TransUNet’s superior performance is
likely due to its hybrid design, which captures both local convolutional

features and global contextual dependencies which are essential for
delineating the variable morphology of the pancreas [19]. It was found
that multimodal inputs (water-only and fat-only) provided the best re-
sults. Although R2* mapping was initially considered, it was found to be
less effective for segmentation due to susceptibility artefacts and lower
signal-to-noise ratios [20,21]. Consequently, the study focused on
high-contrast modalities to ensure robust and reproducible automated
workflows.

Despite these promising results, this study has several limitations.
First, as a single-centre study involving only Chinese adults with
MASLD, the findings may not be fully generalisable to other ethnicities
or scanner vendors. The reliance on a single scanner model and protocol
introduces potential 'domain shift' issues; future work should incorpo-
rate multi-vendor datasets to ensure robustness. Second, our relatively
small sample size and retrospective design preclude longitudinal
assessment of disease progression. Third, pancreatic fat quantification
lacked histopathological confirmation, and the framework was not
tested on patients with focal lesions or malignancy. Finally, while the
exclusion of low-quality images (e.g., those with motion artefacts or
encoding errors) ensured high internal validity for model training, we
acknowledge that this curated dataset may not fully reflect the technical
challenges of real-world clinical practice. Consequently, the frame-
work’s performance on suboptimal scans remains to be established in
more heterogeneous clinical cohorts.

In conclusion, this study demonstrates that a TransUNet-based
volumetric framework can accurately replicate expert manual segmen-
tation for pancreatic fat quantification while significantly out-
performing traditional ROI-based methods in terms of stability and
efficiency. By capturing the entire organ volume, the Al-based approach
overcomes the sampling bias inherent in 2D techniques, particularly in
patients with high BMI, where fat distribution is most heterogeneous.
While further multicentre validation and histopathological correlation
are required to establish absolute accuracy, these study findings high-
light the potential of Al-driven PDFF MRI analysis to provide a reliable,
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Fig. 6. 3D visualization of pancreatic fat distribution maps derived from manual and Al-predicted segmentations. Panels (a)-(c) show representative cases with
voxel-wise fat fraction (%) overlaid on 3D reconstructed pancreatic masks. For each case, the left column presents the manual segmentation results, while the right
column displays the predicted segmentations generated by the best TransUNet model. Mean PDFF values and DSC are reported for each case. Across all cases, the Al-
predicted segmentation demonstrated close agreement with manual annotation, both in terms of spatial fat distribution and global PDFF quantification, supporting
the reliability of the proposed automated approach.
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Table 5 Table 7
Characteristics of the subjects based on Diabetes status. Characteristics of the subjects based on Obesity status.
Variable Without Diabetes With Diabetes p-value Variable With Obesity With Morbid p-value
(n = 50) (n =90) (n =90) obesity (n = 50)
Age (years) 49.06 + 14.34 53.34 +8.23 0.116 Age (years) 54.75 +11.13 45.20 £ 7.71 < 0.001
BMI (kg/m?) 34.83 + 2.24 35.90 + 3.95 0.283 BMI (kg/m?) 28.61 + 0.35 36.55 + 2.82 < 0.001
Total Cholesterol (mmol/ 4.77 +£1.17 4.26 +£1.01 0.059 Total Cholesterol (mmol/ 4.57 £1.17 4.12+0.85 0.032
D D
Triglycerides (mmol/1) 1.46 + 0.66 1.70 £ 1.12 0.811 Triglycerides (mmol/1) 1.66 + 1.04 1.55 + 0.83 0.310
HDL (mmol/1) 1.35+0.36 1.19+0.27 0.054 HDL (mmol/1) 1.27 £ 0.36 1.17 £0.23 0.076
LDL (mmol/1) 2.80 + 0.69 2.34 +£0.82 0.016 LDL (mmol/1) 2.58 £ 0.79 2.29 £ 0.78 0.066
Fasting Plasma Glucose 5.28 +0.77 6.53 + 1.60 < 0.001 Fasting Plasma Glucose 6.02 + 1.44 6.34 + 1.62 0.204
(mmol/1) (mmol/1)
HbAlc (%) 5.83 + 0.56 6.94 +£1.26 < 0.001 HbAlc (%) 6.54 +£1.14 6.60 +1.28 0.430
ALP (1U/D) 76.78 + 21.97 76.72 + 45.98 0.418 ALP (IU/D) 82.29 + 44.81 65.05 + 22.80 0.018
ALT (IU/1) 46.52 + 27.43 47.80 + 34.56 0.887 ALT (IU/1) 51.76 + 36.14 40.85 + 25.16 0.070
AST (1U/1) 32.13 +£10.67 33.48 +16.73 0.606 AST (1U/D) 35.05+17.10 30.96 4+ 15.57 0.156
GGT (Iu/1) 60.57 + 51.78 46.30 + 34.16 0.225 GGT (1u/1) 56.64 + 48.13 39.03 +£17.72 0.015
Liver PDFF (%) 12.30 + 6.84 13.24 +£7.59 0.663 Liver PDFF (%) 12.70 £7.71 12.99 + 6.17 0.432
Pancreatic PDFF (%)- ROI 6.04 £ 3.40 6.10 £ 2.41 0.560 Pancreatic PDFF (%)- ROI ~ 5.58 + 2.73 6.98 + 2.58 0.017
Pancreatic PDFF (%)- 21.70 £+ 5.53 22.66 + 7.06 0.227 Pancreatic PDFF (%)- 21.29 +5.81 22.32 4+ 6.35 0.244
Whole manual Whole manual
Pancreatic PDFF (%)- AL 20.29 +£5.21 21.94 +7.33 0.326 Pancreatic PDFF (%)- AL 20.01 £+ 5.55 21.12 + 6.45 0.222

Independent Samples Test was used. SD, standard deviation; ALP, alkaline
phosphatase; ALT, alanine aminotransferase; AST, aspartate transaminase; BMI,
body mass index; GGT, gamma-glutamyl transferase; HbAlc, glycosylated hae-
moglobin; HDL, high density lipoprotein; low density lipoprotein; PDFF, proton
density fat fraction, T2DM, type 2 diabetes mellitus; ROI, region of interest, Al,
artificial intelligence. Significance is p < 0.05.

Table 6
Characteristics of the subjects based on sex.
Variable Female Male p-
(n =50) (n =90) value
Age (years) 51.05 + 12.19 51.58 0.841
+10.18
BMI (kg/m?) 36.71 + 3.49 34.75 + 3.38 0.184
Total Cholesterol (mmol/1) 4.71 +£1.07 4.19 + 1.04 0.041
Triglycerides (mmol/1) 1.63 £+ 0.80 1.61 +1.08 0.930
HDL (mmol/1) 1.31 £ 0.35 1.17 £ 0.28 0.074
LDL (mmol/1) 2.58 £ 0.91 2.40 £ 0.70 0.345
Fasting Plasma Glucose (mmol/1) 6.38 +1.51 5.95 + 1.49 0.225
HbAlc (%) 6.60 + 1.09 6.53 £1.25 0.799
ALP (IU/D) 75.27 + 28.91 76.49 0.890
+ 45.27
ALT (1U/1) 47.10 £+ 30.55 48.24 0.884
+ 34.70
AST (1U/1) 36.17 + 21.17 31.55 0.289
+11.93
GGT (Iu/1) 44.79 + 34.25 54.14 0.340
+ 44.54
Liver PDFF (%) 13.78 £ 6.17 12.08 + 7.80 0.302
Pancreatic PDFF (%)- ROI 5.87 £+ 2.90 6.24 + 2.64 0.579
Pancreatic PDFF (%)- Whole 21.73 £ 6.78 2212 +5.70 0.800

manual

Pancreatic PDFF (%)- Al 21.31 + 6.83 20.29 + 5.61 0.503

Independent Samples Test was used. SD, standard deviation; ALP, alkaline
phosphatase; ALT, alanine aminotransferase; AST, aspartate transaminase; BMI,
body mass index; GGT, gamma-glutamyl transferase; HbAlc, glycosylated hae-
moglobin; HDL, high density lipoprotein; low density lipoprotein; PDFF, proton
density fat fraction, T2DM, type 2 diabetes mellitus; ROI, region of interest, Al,
artificial intelligence. Significance is p < 0.05.

automated biomarker for the management of metabolic disease in
clinical practice.
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