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Abstract
Body composition assessment using CT images can potentially be used for a number of clinical applications, including
the prognostication of cardiovascular outcomes, evaluation of metabolic health, monitoring of disease progression,
assessment of nutritional status, prediction of treatment response in oncology, and risk stratification for surgical and
critical care outcomes. While multiple groups have developed in-house segmentation tools for this analysis, there are
very limited publicly available tools that could be consistently used across different applications. To mitigate this
gap, we present a publicly accessible, end-to-end segmentation and feature calculation model specifically for CT body
composition analysis. Our model performs segmentation of skeletal muscle, subcutaneous adipose tissue (SAT), and
visceral adipose tissue (VAT) across the chest, abdomen, and pelvis area in axial CT images. It also provides various
body composition metrics, including muscle density, visceral-to-subcutaneous fat (VAT/SAT) ratio, muscle area/volume,
and skeletal muscle index (SMI), supporting both 2D and 3D assessments. To evaluate the model, the segmentation
was applied to both internal and external datasets, with body composition metrics analyzed across different age, sex,
and race groups. The model achieved high dice coefficients on both internal and external datasets, exceeding 89% for
skeletal muscle, SAT, and VAT segmentation. The model outperforms the benchmark by 2.10% on skeletal muscle and
8.6% on SAT compared to the manual annotations given by the publicly available dataset. Body composition metrics
show mean relative absolute errors (MRAEs) under 10% for all measures. Furthermore, the model provided muscular fat
segmentation with a Dice coefficient of 56.27%, which can be utilized for additional analyses as needed. Our model with
weights is publicly available at https://github.com/mazurowski-lab/CT-Muscle-and-Fat-Segmentation.git.
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1. Introduction

Correlating body composition metrics based on computed
tomography (CT) images with disease and clinical vari-
ables, such as cancer (Rutten et al., 2016; Kumar et al.,
2016; Deluche et al., 2018; Yoshikawa et al., 2020; Iwase
et al., 2016; Boer et al., 2020), cachexia (Ali and Garcia,

2014; Fearon and Preston, 1990; Al-Sawaf et al., 2023;
Baracos et al., 2010) and frailty (Falsarella et al., 2015;
Reinders et al., 2017; Villareal et al., 2004), is becoming a
widely adopted approach to leverage medical imaging data
for real-world clinical applications (Tolonen et al., 2021).
By measuring body composition, such as quantity and lo-
cation of fat as well as quantity and quality of muscle, clini-
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cians are able to gain valuable insights into a patient’s phys-
iological status (Prado and Heymsfield, 2014). This infor-
mation enables them to assess disease progression (Baracos
and Kazemi-Bajestani, 2013), evaluate treatment efficacy
(Bates and Pickhardt, 2022), and predict clinical outcomes
(Weston et al., 2019).

Several key metrics are frequently utilized in body com-
position analysis, including muscle density, the visceral-to-
subcutaneous fat (VAT/SAT) ratio, muscle area or volume,
and the skeletal muscle index (SMI). Most studies in this
field measure these metrics from a single slice, most com-
monly at the third lumbar vertebra (L3) (Arayne et al.,
2023), while others employ volumetric analysis (Connelly
et al., 2013). However, regardless of the approach, extract-
ing these metrics relies on effective segmentation models
to accurately identify and quantify various tissues within
the body. Traditional methods, such as pixel threshold-
ing based on Hounsfield units (HU) (Wang and Torriani,
2020) and fuzzy c-means clustering (Wang and Torriani,
2020; Christ and Parvathi, 2011), often require manual
adjustments and are time-intensive (Wang and Torriani,
2020). Furthermore, pixel thresholding algorithms cannot
differentiate between visceral fat, subcutaneous fat, and
intramuscular fat—an essential distinction when measur-
ing the VAT/SAT ratio. Deep learning segmentation is a
response to these limitations, and some groups have devel-
oped in-house segmentation models customized for their
private datasets (Fu et al., 2020; Lee et al., 2017; We-
ston et al., 2019; Wang et al., 2017; Hemke et al., 2020;
Koitka et al., 2021). These models typically lack pub-
lic accessibility and are designed for specific tasks. Fur-
thermore, we observed inconsistency in how muscular fat
(both intra-muscular and inter-muscular fat) is utilized in
research. While some studies include muscular fat as part
of skeletal muscle measurements (Hou et al., 2024; Blanc-
Durand et al., 2020; Weston et al., 2019), others classify
it under VAT (Camus et al., 2014; Wirtz et al., 2021; Con-
nelly et al., 2013), and a smaller subset considers it part of
SAT (Ozturk et al., 2020).

In order to advance the research on the relationship
of imaging-based body composition with disease and clin-
ical variables, a robust, thoroughly validated, and publicly
available tissue segmentation model and body composition
variable calculation is needed. This model will allow differ-
ent research groups to test the model with their data and
correlate the unified body composition measurements with
the clinical outcomes of their interest, building consistent
scientific evidence of the importance of body composition
in human health.

Toward this goal, we developed and evaluated segmen-
tation models based on nine publicly available network ar-
chitectures that were recently published and have demon-
strated state-of-the-art performance across various med-

ical segmentation tasks, including nnU-Net and its vari-
ants (Isensee et al., 2021, 2024; Roy et al., 2023), as well
as foundation model finetuning approaches (Kirillov et al.,
2023; Ma et al., 2024; Cheng et al., 2023). For the model
training and evaluation, we collected 813 CT volumes of
chest, abdomen, and pelvis for 483 patients from Duke Uni-
versity Health System. In both training and test datasets,
we included volumes from different years (from 2016 to
2019), various scanners, and diverse patient demograph-
ics to ensure the model’s generalizability. Additionally, we
incorporated the publicly available Sparsely Annotated Re-
gion and Organ Segmentation (SAROS) dataset (Koitka
et al., 2023; Clark et al., 2013) for segmentation evaluation,
demonstrating the generalizability of our proposed model.
Based on the performance comparison, we selected the
best-performing model from the nine. Using the automatic
segmentation masks generated by this model, we analyzed
the relationships between four body composition metrics
(muscle density, VAT/SAT ratio, muscle area/volume, and
SMI) and three key demographic variables: age, sex, and
race (as shown in Sec. 6). Notably, to facilitate broad
adoption, we have made the model publicly available.

The main contributions of this work are summarized as
follows:

• To the best of our knowledge, this is the first publicly
available deep-learning model designed to segment skele-
tal muscle, SAT, VAT, and muscular fat across the chest,
abdomen, and pelvis on CT.

• We provide end-to-end standardized and publicly avail-
able measurements for four common body composition
metrics, including muscle density, visceral-to-subcutaneous
fat (VAT/SAT) ratio, muscle area/volume, and SMI on
both L3 for 2D and T12 to L4 for 3D measurement.

• We evaluated nine publicly available network architec-
tures based on both segmentation performance and clin-
ically relevant body composition measurements to pro-
vide users with insights for model selection.

• Our model outperforms TotalSegmentator (Wasserthal
et al., 2023) and Enhanced segmentation (Hou et al.,
2024) by 2.10% on skeletal muscle and 8.6% on SAT
compared to the manual annotations given by publicly
available dataset SAROS.

• We perform the statistical analysis to correlate four met-
rics (muscle density, VAT/SAT ratio, muscle area/volume,
and SMI) with three patient demographic variables: age,
sex, and race in both 2D and 3D settings.

2. Related Works
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2.1 Body composition analysis using CT

Body composition plays a crucial role in influencing phys-
ical performance (Hernandez-Martinez et al., 2024; Fal-
sarella et al., 2015), metabolic health (Trouwborst et al.,
2024; Kakinami et al., 2022), and disease outcomes (Rut-
ten et al., 2016). Imaging offers an objective, quantita-
tive approach to its analysis through various techniques,
including CT, magnetic resonance imaging (MRI), and ul-
trasonography (Hou et al., 2024; Tan et al., 2024; Sharafi
et al., 2024; Xu et al., 2024). Among all the modalities,
CT offers high spatial resolution, faster acquisition times,
and superior contrast between tissues (Zhang et al., 2021),
making it particularly suitable for assessing visceral and
subcutaneous fat, skeletal muscle, and organ-specific fat
deposits (Wathen et al., 2013).

During body composition calculation on CT, several
key metrics are frequently utilized, including muscle den-
sity, the VAT/SAT ratio, muscle area/volume, and the
SMI. Muscle density in CT provides insights into muscle
quality, which is linearly influenced by muscular fat con-
tent (Engelke et al., 2018). A reduction in muscle density
is often associated with increased fat infiltration within
the muscle, known as myosteatosis (Chang and Cheng,
2024), which compromises muscle function and structural
integrity. This reduction serves as a critical indicator of
sarcopenia, a condition characterized by the progressive
loss of skeletal muscle mass and strength, as well as frailty
and diminished physical performance, particularly in aging
populations (Cawthon, 2015).

The VAT/SAT ratio, on the other hand, is a key metric
for assessing metabolic risk (Kaess et al., 2012; Oh et al.,
2017). While visceral adipose tissue (VAT) is strongly asso-
ciated with metabolic disturbances and cardiovascular risk
(Vasamsetti et al., 2023), its volume alone may reflect both
overall fat mass and an individual’s tendency to store fat
viscerally (Kaess et al., 2012). In contrast, the VAT/SAT
ratio offers a more precise assessment, as it accounts for
the balance between visceral and subcutaneous fat, provid-
ing insight that is independent of total body fat percentage
(Kaess et al., 2012).

Muscle area/volume and SMI are essential measure-
ments of total muscle quantity and its proportionality to
body size. These metrics provide critical information about
an individual’s muscle reserves, which are vital for mobility,
metabolic function, and overall health status (Chen et al.,
2023). Studies highlight them as significant markers of
nutritional status (Risch et al., 2022), which are crucial
for recovery from illness, mortality, and treatment-related
complications, such as the length of hospital stays and the
rate of readmissions (Schuetz et al., 2021; Kaegi-Braun
et al., 2021; Guenter et al., 2021). Furthermore, they also
serve as important factors in assessing metabolic health

(Cruz-Jentoft et al., 2019; Prado and Heymsfield, 2014;
Martin et al., 2013; Dodds et al., 2015), as lower mus-
cle mass is associated with insulin resistance and impaired
glucose metabolism.

The collection of these metrics pictures the clear body
condition of patients, showcasing a comprehensive overview
of their muscle composition, fat distribution, and overall
physiological status.

2.2 Traditional methods for body composition
segmentation

Most early studies on body composition analysis rely on
semi-automated threshold-based segmentation using pre-
defined Hounsfield unit (HU) ranges to differentiate lean
muscle mass from adipose tissue (Lee et al., 2017; Ji et al.,
2022). Despite its simplicity, threshold-based segmentation
presents significant challenges due to the overlapping HU
values between different tissue types, such as SAT and skin,
as well as muscle and adjacent organs (Lee et al., 2017).
The method is also highly susceptible to image noise (Se-
hgal and Kaushik, 2022; Diwakar et al., 2020), which can
significantly compromise tissue classification accuracy, par-
ticularly in low-quality or artifact-prone scans. As a result,
the method typically requires manual correction based on
visual analysis by highly skilled radiologists and is impracti-
cal on large datasets due to the expense and time required.

To overcome these limitations, researchers have devel-
oped various advanced segmentation algorithms, including
rule-based (Kamiya et al., 2009, 2011), clustering-based
(Positano et al., 2009, 2004; Christ and Parvathi, 2011),
and finite-element-method-based (Popuri et al., 2015) ap-
proaches. Kamiya et al. proposed a rule-based expert
system for segmenting the psoas major and rectus ab-
dominis muscles from CT images, approximating muscle
shapes with simple quadratic functions (Kamiya et al.,
2009, 2011). Positano et al. utilize a fuzzy c-mean algo-
rithm to make unsupervised classification of image pixels
on MRI (Positano et al., 2009, 2004). Karteek and the
team developed a novel FEM deformable model for muscle
and fat segmentation from CT (Popuri et al., 2015).

However, these methods primarily focus on extracting
specific muscle groups from CT or MRI scans and are un-
able to differentiate between visceral fat, subcutaneous fat,
and intramuscular fat—an essential distinction in many
body composition analysis tasks (Staley et al., 2019; Torres
et al., 2013; Iwase et al., 2016). A potential approach to
address these challenges is the use of deep learning-based
segmentation algorithms.
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2.3 Deep learning-based models for body composition
segmentation

Deep learning-based segmentation has been proven to be a
reliable technique in various clinical applications (Gu et al.,
2024a; Dong et al., 2024; Wasserthal et al., 2023; Mazurowski
et al., 2023). While networks offer high accuracy, reduce
human labor, and provide greater generalizability compared
to traditional segmentation algorithms, it is straightforward
to apply deep learning-based segmentation algorithms for
body composition analysis.

The majority of current deep learning-based segmenta-
tion models for body composition are still based on con-
volutional neural networks (CNNs) (Nowak et al., 2020).
U-Net and its variants are among the most widely used ar-
chitectures in this domain, providing precise segmentation
of body composition components such as skeletal mus-
cle, SAT, and VAT (Paris, 2020; Weston et al., 2019).
However, these models are typically not publicly accessi-
ble and are often designed for specific tasks (Mai et al.,
2023). While a few commercial models are available (Ce-
spedes Feliciano et al., 2020; Mai et al., 2023; Lee et al.,
2021), they are often associated with high costs and lim-
ited customization options. TotalSegmentator (Wasserthal
et al., 2023), a recently published general CT segmenta-
tion model based on nnU-Net, also supports muscle and
fat segmentation. However, studies have shown that its
performance in segmenting muscle, SAT, and VAT can be
further improved, and its non-commercial license restricts
broader usage. Therefore, there remains a significant need
for publicly accessible, transparent, and generalizable seg-
mentation models for body composition analysis.

3. Methods

Our model provides four-label segmentation from chest
to pelvis CT and automatic body composition measure-
ment for four common metrics, including muscle density,
VAT/SAT ratio, muscle area/volume, and SMI. To achieve
this, the development of our algorithm has three parts: ver-
tebrae detection, muscle and fat segmentation, and body
composition metrics measurement. Vertebrae detection is
used to identify the body region for 2D and 3D body com-
position measurements. Muscle and fat segmentation pro-
vides direct four-label segmentation results that can be uti-
lized for other purposes and also serves as input for body
composition measurement. Detailed information on mus-
cle and fat segmentation is provided in Sec. 3.2, while
Sec. 3.3 describes vertebrae detection and body composi-
tion measurement.

3.1 Datasets

In this study, we utilize two datasets: an internal dataset
collected from Duke Hospital and the publicly available
SAROS dataset (Koitka et al., 2023; Clark et al., 2013)
that integrates four publicly available CT datasets from
TCIA with sparse annotations. The internal dataset is
split into three non-overlapping subsets: Internal Train-
ing (used to train the segmentation model), Internal Test
(used to evaluate segmentation performance), and Demo-
graphic Analysis (used to analyze body composition met-
rics across demographic groups). The Internal Training
dataset is used exclusively for model development to en-
sure compliance with licensing constraints, while both the
Internal Test and SAROS datasets are used for evaluat-
ing segmentation performance. Demographic Analysis
dataset is utilized for investigating how body composition
varies across age, sex, and race groups shown in Sec. 6;
this is aimed to provide insights for readers on how dif-
ferent body composition metrics correlate with patient de-
mographics. The datasets span multiple institutions, ac-
quisition years, and patient demographics, supporting the
robustness and generalizability of our evaluation and anal-
ysis.

3.1.1 Dataset 1: Internal dataset

For this project, we collected a total of 8,948 CT volumes
from the Duke University Health System, spanning Jan-
uary 2016 to November 2019, including chest, abdomen,
and pelvis exams. These volumes represent all CT images
that had been previously downloaded and stored in our
system. The downloads were carried out in two phases:
(1) we randomly sampled 500 CT exams from 500 unique
patients imaged between 2016 and 2019, primarily focus-
ing on the two most frequent clinical protocols—CT chest
abdomen pelvis with contrast w MIPS and CT chest with
contrast; (2) additionally, we retrieved all CT exams (chest,
abdomen, and pelvis) acquired between 2017 and 2018 that
had corresponding MRIs of the same anatomical region,
enabling potential future multi-modal analyses.

From the initial collection, we further identified 1927
volumes from 854 patients based on two criteria: (1) axial
view exam was available (2) the volumes were original axial
acquisitions, not derived from multiplanar reconstructions
(MPR) or reformatted from other planes. These criteria
were selected to align the model with real-world clinical
scenarios. These 854 patients were further assigned into
three non-overlapping subsets. All the annotations are gen-
erated through 3D slicer and the CT acquisition parameters
for our internal dataset are available at Appendix A.

Internal Training A total of 453 patients were assigned
to the Internal Training set, from which 1,863 slices were
randomly sampled and annotated for model development.
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The annotation process was carried out by four Duke stu-
dents under the direct supervision of a radiologist and a
surgeon. This cohort was determined through an itera-
tive development process, where slice sampling continued
until performance on a fixed evaluation set stabilized. Ul-
timately, 1,863 slices (including those from the evaluation
set) were used for model training and thus became our final
training set.

Internal Test Thirty patients were allocated to the In-
ternal Test set, with one volume randomly selected per pa-
tient to avoid sampling bias. For each volume, slices were
sequentially selected and annotated at uniform intervals
(one slice every 2.5cm) to avoid redundant annotation of
highly similar adjacent slices while still providing consistent
spatial sampling for quantitative assessment. All annota-
tions in this subset were independently reviewed, modified,
and approved by a radiologist who had no involvement in
the training dataset annotation process. Notably, selecting
one slice every 2.5cm only applied for evaluating muscle
and fat segmentation performance and annotation. Since
vertebrae detection heavily depends on spatial information
as discussed in Sec. 5.1, all the vertebrae detection is
launched on the full volume.

Demographic Analysis The remaining 371 patients
were included in the Demographic Analysis set. This dataset
was designed to assess the model’s ability to analyze body
composition across demographic groups such as age, sex,
and race. To prevent any potential bias in the segmen-
tation results, we excluded all patients who were involved
in any part of the model development process. All masks
in this cohort were generated entirely by the trained seg-
mentation model without any manual editing, allowing for
large-scale analysis.

3.1.2 Dataset 2: SAROS dataset

The SAROS dataset (Koitka et al., 2023; Clark et al., 2013)
is a comprehensive collection of CT imaging volumes avail-
able on TCIA, featuring sparse annotations for 13 body re-
gion labels and six body part labels. The 13 annotations
for body regions include the abdominal cavity, thoracic
cavity, bones, brain, breast implants, mediastinum, mus-
cles, parotid glands, submandibular glands, thyroid glands,
pericardium, spinal cord, and subcutaneous tissue. The six
body parts are the left arm, right arm, left leg, right leg,
head, and torso, comprising a total of 900 CT volumes
from 882 unique patients.

Given the torso label overlap with chest, abdomen, and
pelvis regions, which are the focus body regions for our
study, we utilize the slices with torso labels for our model
evaluation by comparing the model segmented results with
annotated skeletal muscle and SAT annotations. Further-
more, to ensure the flexible use of our model, we only

selected a subset of the SAROS dataset covered under a
commercial license for evaluation, more details for collec-
tion selection are shown in Appendix Sec B. As a result, in
total, 650 CT volumes from 632 unique patients with CT
slices are selected for segmentation model evaluation. The
detailed data collections for SAROS are shown in Table 6.

3.1.3 Patient demographics

Table 1 provides a demographic overview of patients from
the five dataset collections, derived from two sources: the
internal dataset (including Internal Training, Internal Test,
and Demographic Analysis collections, shown in Sec 3.1.1)
and the external dataset (SAROS collections, in Sec 3.1.2).
Patients’ ages and races are unknown for the SAROS dataset
due to de-identification.

3.2 Segmentation algorithms

For this study, we implemented nine 2D segmentation mod-
els that were recently published and have demonstrated
state-of-the-art performance on medical segmentation tasks.
2D segmentation was chosen because training on randomly
selected slices from a large, diverse patient cohort provides
better exposure to inter-patient anatomical variability com-
pared to annotating full CT volumes for 3D segmentation
with the same annotation effort. This strategy has also
been shown to improve generalization in large-scale medi-
cal imaging tasks (Zhang and Mazurowski, 2024; Sha et al.,
2023; Crespi et al., 2022).

The nine segmentation models can generally be split
into two categories: nnU-Net (Isensee et al., 2021, 2024;
Roy et al., 2023) and foundation model finetuning (Kirillov
et al., 2023; Ma et al., 2024; Cheng et al., 2023). In the
following subsections, we provide detailed information for
each of these model categories.

nnU-Net nnU-Net (Isensee et al., 2021, 2024) is a
highly adaptable semantic segmentation method designed
to automatically configure an optimized U-Net-based pipeline
for any given dataset. Recent updates to the nnU-Net
methodology have introduced enhancements to the U-Net
baseline, emphasizing the importance of using advanced
CNN architectures like ResNet (Isensee et al., 2024) and
ConvNeXt (Roy et al., 2023) variants, leveraging the robust
nnU-Net framework, and employing model scaling for im-
proved performance. Therefore, in this study, we tested the
segmentation performance on five variants including nnU-
Net ResEnc (residual encoder blocks) M, nnU-Net ResEnc
L, nnU-Net ResEnc XL, MedNeXt M k5, and MedNeXt L
k5. These selections represent recent improvements and
scaling strategies within the nnU-Net and MedNeXt fami-
lies.

Foundation Model Finetuning Recently, an increas-
ing number of studies have demonstrated the strong ca-
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Internal Training Internal Test Demographic Analysis SAROS Dataset
Number of patients 453 30 371 632
Number of studies 783 30 371 650
Number of slices 1863 636 183972 10038

Demographics

Age 60.1 (3 - 89) 58.5 (5 - 84) 58.3 (0.25-7) -

Sex Female 51.88% (235) 53.33% (16) 52.02% (193) 54.75% (346)
Male 48.12% (218) 46.67% (14) 47.98% (178) 45.25% (286)

Race

White 67.11% (304) 63.33% (19) 68.19% (253) -
Black/ African American 25.83% (117) 30.00% (9) 23.99% (89) -

Asian 1.99% (9) 0% (0) 1.62% (6) -
American Indian 0.66% (3) 0% (0) 1.08% (4) -

Other 4.42% (20) 3.33% (1) 5.12% (19) -

Table 1: Patient demographics for four collections: Table presents demographic details for four collections, including
Internal Training, Internal Test, Demographic Analysis, and SAROS Dataset Test. For sex and race, the absolute number
of patients is shown in parentheses alongside the percentages. For age, the mean values for ages are provided in years
along with the minimum and maximum age in parentheses. Notably, the youngest patient, recorded as 3 months old,
is consistently represented as 0.25 years.

pability of vision foundation models in medical segmen-
tation tasks mainly due to its strong generalization (Gu
et al., 2024a; Dong et al., 2024). In this study, we also
evaluated three representative foundation model finetun-
ing approaches: Segment Anything Model (SAM) finetun-
ing Kirillov et al. (2023), MedSAM finetuning (Ma et al.,
2024), and SAM-Med2D finetuning (Cheng et al., 2023).
MedSAM and SAM-Med2D methods build upon the SAM
by adapting it to the medical domain through supervised
finetuning on task-specific annotations.

3.2.1 Segmentation metrics

To evaluate our model’s segmentation performance, we uti-
lized three metrics: the Dice coefficient, the mean relative
absolute errors (MRAE), and coefficient of determination
(R2). The details of these two metrics are introduced in
this section.

Dice coefficient is commonly used for image segmen-
tation tasks to evaluate segmentation accuracy by mea-
suring the overlap between predicted and ground truth re-
gions. It ranges from 0 to 1, where a value of 1 indicates
perfect overlap and 0 signifies no overlap. The mathematic
formula for the Dice coefficient is Eq. (1)

Dice = 2|A ∩ B|
|A| + |B|

(1)

where A represents the model predicted mask and the B
represents the set of pixels in the ground truth.

MRAE measures the absolute mean for relative errors
across all data points (shown in Eq. (2), which is normally
applied to measure the relative error between prediction
and ground truth. Lower MRAE values indicate better
model performance, reflecting smaller deviations between

predicted and actual values.

MRAE = 1
n

n∑
i=1

∣∣∣∣Ai − Bi

Ai

∣∣∣∣ (2)

where Ai represents the ground truth values, Bi represents
the predicted values, and n is the total number of data
points.

Compared with Dice, MRAE directly quantify how well
the derived clinical measurements agree which offers com-
plementary insight especially for clinical downstream decision-
making. MRAE has also been adopted in previous stud-
ies for evaluating segmentation-derived quantitative out-
comes, including organ volume estimation and fat quan-
tification (Akhavanallaf et al., 2021b,a).

Coefficient of Determination (R2) indicates the pro-
portion of the variance in the dependent variable that is
explained by the independent variable in the model. The
mathematical definition of R2 is shown in Eq. (3), where yi

represents the observed values and ŷi shows the predicted
values. The R2 value ranges from 0 to 1, where R2 = 1
indicates perfect prediction, while R2 = 0 indicates a com-
plete failure to explain the variance.

R2 = 1 −
∑

(yi − ŷi)2∑
(yi − ȳ)2 (3)

3.3 Body composition metrics
Our model is capable of measuring four commonly used
body composition metrics: muscle density, VAT/SAT ratio,
muscle area/volume, and SMI in both 2D and 3D settings.
The detailed descriptions for these four body composition
including their calculation methods, clinical significance,
and associations with diseases are summarized in Table 7
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in Appendix C. By analyzing previous studies on body com-
position analysis, we selected the third lumbar vertebral
level (L3) for 2D body composition measurements and the
region spanning the twelfth thoracic vertebral level (T12)
to the fourth lumbar vertebral level (L4) for 3D measure-
ments. L3 is considered the most commonly used standard
for body composition assessment in multiple clinical ap-
plications, including rectal cancer assessment (Han et al.,
2020; Arayne et al., 2023), sarcopenia evaluation (Amini
et al., 2019; Pickhardt et al., 2020b,a), and obesity re-
search (Liu et al., 2023; Malietzis et al., 2015). For the
3D body composition measurement, T12 is selected as the
beginning of the 3D measurement region following the ap-
proach of previous studies (Demerath et al., 2007; Tong
et al., 2014). This focus is particularly relevant for assess-
ing visceral adipose tissue (VAT) and subcutaneous adipose
tissue (SAT); however, recent studies related to sarcope-
nia and rectal cancer also pay increasing attention to T12
(Fernández-Jiménez et al., 2024; Arayne et al., 2023; Soh
et al., 2024). L4 is selected as the ending point since
92.62% of our internal abdominal CT volumes include L4,
while only 78.07% include L5.

TotalSegmentator (Wasserthal et al., 2023) is utilized
for automatically extracting, T12, L3, and L4. We se-
lect the slice with the largest L3 label among all slices
with L3 mask for our 2D body composition measurement.
For 3D measurement, we extract the portion between the
largest T12 label and the largest L4 since selecting the
largest slice of the label demonstrate higher robustness on
TotalSegmentator. In the subsequent sections, we detail
the calculations for muscle density, VAT/SAT ratio, mus-
cle area/volume, and SMI.

Muscle density measures the average Hounsfield Unit
(HU) values within the segmented skeletal muscle area
(SMA) with higher values indicating leaner muscle and
lower values (typically from -29 to 29 HU (Salam et al.,
2023)) suggesting fat infiltration. Muscle density is the
crucial biomarker for muscle quality (Looijaard et al., 2016;
Cleary et al., 2015; Wang et al., 2021) and is frequently
associated with evaluations of sarcopenia and myosteatosis
(Cawthon, 2015; Sergi et al., 2016; Tagliafico et al., 2022).

VAT/SAT ratio is more commonly related to obesity-
related health risks, such as diabetes, cardiovascular dis-
ease, and metabolic syndrome (Piché et al., 2018; Frank
et al., 2019; Goossens, 2017; Ladeiras-Lopes et al., 2017;
Tanaka et al., 2021). A higher ratio indicates a predomi-
nance of visceral adipose tissue (VAT) over subcutaneous
adipose tissue (SAT), reflecting an unfavorable fat distri-
bution pattern (Ladeiras-Lopes et al., 2017). Visceral fat is
metabolically active and associated with chronic inflamma-
tion, insulin resistance, and dyslipidemia, which contribute
to the development and progression of these conditions
(Hardy et al., 2012; Chait and Den Hartigh, 2020; Bansal

et al., 2023).
Muscle area/volume assesses the total skeletal mus-

cle within the region of interest (ROI). Specifically, for 2D
measurement, this metric, also referred to as skeletal mus-
cle area (SMA), is calculated by multiplying the number
of pixels within the segmented skeletal muscle mask by the
area (m2) represented by each pixel. For 3D measurement,
the segmented skeletal muscle area/volume is determined
by multiplying both the pixel size and the slice thickness
(m3). The SMA is one of the standard metrics for mus-
cle quantity evaluation (Goodpaster et al., 2000; Sinelnikov
et al., 2016; Vella et al., 2020) and has been demonstrated
to be highly correlated with patients’ post-operative recov-
ery and survival rates (Antoniou et al., 2019; Bradley et al.,
2022; Antoniou et al., 2019). 3D muscle area/volume pro-
vides better representation of the entire muscle (Momose
et al., 2017).

SMI is another commonly used metrics for muscle quan-
tity measurement. This metrics normalizes the muscle
cross-sectional area (CSA) by dividing it by the individual’s
height squared (m2).

4. Experiments

This section demonstrates the data preprocessing and im-
plementation detail for nine segmentation models that are
previously mentioned in Sec. 3.2. Consistent with the
structure in Sec. 3.2, the models are grouped into two
categories—nnU-Net and foundation model finetuning—as
models within each category share similar implementation
strategies.

4.1 Data preprocessing

We utilize DICOM header metadata, specifically the Rescale-
Slope and RescaleIntercept parameters, to convert raw pixel
values to standardized Hounsfield Units (HU). CT slices
are resampled to a fixed size of 512 × 512 before being
fed into segmentation models. For nnU-Net and its vari-
ants, data normalization was handled automatically by the
framework. For foundation model finetuning algorithms,
we applied the same normalization strategy shown in nnU-
Net to align the preprocessing: intensity values were first
clipped to the [0.5, 99.5] percentile range, followed by z-
score normalization.

4.2 Segmentation model implementation detail

nnU-Net: All nnU-Net and MedNeXt models (Isensee
et al., 2021, 2024; Roy et al., 2023) were trained using
the default training pipeline provided by nnU-Net official
implementations. For all models, we adopted the standard
5-fold validation strategy with shared training and valida-
tion data split. Training was conducted using the default
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hyperparameters: a learning rate of 0.01 with the SGD op-
timizer, a total of 1,000 epochs, and automatic adjustment
of patch size and batch size based on available GPU mem-
ory. The best model was selected based on the Dice score
achieved on the validation set to avoid potential overfit-
ting.

Foundation Model Finetuning: For SAM and Med-
SAM, we fine-tune the foundation models following the
test strategy described in (Gu et al., 2024b), which identi-
fies that fine-tuning using parameter-efficient learning with
Adapter blocks on both the image encoder and the mask
decoder can achieve the best task-specific performance for
automatic segmentation. For PEFT with Adapter blocks,
we implemented it based on Gu et al. (2024b), which added
MLP layers to SAM’s transformer blocks. In the image
encoder, adapter blocks were added into the transformer
blocks on two locations: (1) right after the multi-head at-
tention, and (2) within the MLP residual block using a
scalable parameter. We added them to the first 2 and last
2 transformer blocks of the image encoder. In the mask de-
coder, adapters were added after the multi-head attention
in the two-way transformer block. We also followed the
same normalization strategy as the original inputs for each
foundation model to ensure the inputs remain in scale. For
all experiments, we used a base learning rate of 1e-4 with
200 warmup iterations, and applied AdamW with a weight
decay of 0.1 for the remaining iterations, running a total
of 1000 epochs.

For SAM-Med2D, we follow the finetuning strategy
provided by their official implementation. The model is
trained using the Adam optimizer with a learning rate of
1e-4, a batch size of 2, and maximum epoch equals to
1000 with the best model selected by the performance on
validation set. Notably, unlike our previous training setup
where a single multi-label ground-truth mask was used for
each CT slice, SAM-Med2D requires four separate binary
masks—one per class—for both training and evaluation.

All models used the same training and validation dataset
split as provided by the nnU-Net model.

All the algorithms was trained and evaluated on an
NVIDIA RTX 3090 GPU, ensuring efficient computation
and high performance.

5. Segmentation results

This section evaluates TotalSegmentator’s performance in
detecting the body region for body composition measure-
ment and presents the segmentation performance of our
model on three selected labels: skeletal muscle, SAT, and
VAT, as well as four key body composition metrics: mus-
cle density, muscle area/volume, SMI, and VAT/SAT ratio.
The evaluation is provided both qualitatively through visual
comparisons, and quantitatively, using the Dice coefficient

and MRAE to assess the overlap between the manually
annotated ground truth and the model’s segmentation.

5.1 Vertebra detection evaluation
This section represents both the quantitative and quali-
tative evaluations of TotalSegmentator’s vertebra detec-
tion ability : (1) we asked a human reader to select slice
to measure for L3, and calculated the mean absolute dif-
ference (in cm2) between the human-selected slices and
those extracted by TotalSegmentator; (2) we computed
the absolute slice distance between the human-selected and
TotalSegmentator-selected slices, as well as the percentage
differences in four body composition metrics (muscle den-
sity, muscle area, subcutaneous fat area, and visceral fat
area) measured on those slice pairs. This evaluation was
conducted across all volumes in the Internal Test dataset
using L3 to assess the impact of slice selection discrepan-
cies. Notably, the whole experiment on this evaluation is
executed on the original dicom file without any data pre-
processing and resampling.

The absolute slice distance error is shown in the left
panel of Fig. 1. As demonstrated by the box plot, on
average, there is a slice position error of 4.25 ± 6.01cm
between the automated and manual selections. One in-
teresting finding is, the figure demonstrates a clear trend
where the error increases with the spacing between slices.
In particular, cases with 5.0mm spacing exhibit the largest
variation, with some errors exceeding 20cm, while cases
with small image spacing (e.g., 0.6mm or 0.625mm) show
minimal differences.

The right panel of Fig. 1 presents the percentage dif-
ference in body composition measurements caused by this
slice selection mismatch. Among the four metrics, muscle
density is the most stable with a median difference below
5%, whereas visceral fat shows the highest variability with
a median difference above 20%. Muscle area and subcuta-
neous fat show moderate variation, with median differences
around 10% and 7%, respectively.

For qualitative evaluation, we randomly selected four
examples and visualized them in the sagittal view, show-
ing the automatically segmented vertebrae, the automated
selected slices, manually selected slices, and the slice dis-
tance between the automated and manual selections. The
visualization is shown in Fig. 8 in Appendix D.

5.2 Qualitative evaluation
Fig. 2 demonstrates the L3 segmentation results and their
corresponding body composition metrics (muscle density,
VAT/SAT ratio, muscle area/volume, and SMI) for five
selected patients. These examples were carefully selected
to reflect extreme variations in body composition within the
Demographic Analysis dataset, including exceptionally low
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Figure 1: Quantitative Evaluation of Vertebrae Detection by TotalSegmentator: The box plot in the left panel
shows the slice distance between human-selected and automatically selected slices across different slice spacings. The
right panel displays the percentage difference in body composition metrics caused by slice selection mismatch.

and high values of muscle density (Patient 3 and Patient 2,
respectively), VAT/SAT ratio (Patient 2/5 and Patient 4),
muscle area (Patient 1 and Patient 2), and SMI (Patient
1 and Patient 5).

For a more comprehensive qualitative evaluation across
patients with varying body composition levels, including all
four metrics in both 2D and 3D visualizations, the figures
are presented in Appendix E.

Notably, as shown in figure 2 result, there’s no simple
correlation between the four body composition metrics. For
example, Patient 2 with the highest muscle density does
not exhibit the highest skeletal muscle index. More precise
relationship analysis based on Pearson Correlation coeffi-
cient for each body composition metrics pair is shown in
Appendix F.

5.3 Quantitative evaluation
By launching three experiments, our quantitative evalua-
tion aims to demonstrate four main points: (1) the ratio-
nale for selecting nnU-Net ResEnc XL for our performance
comparison and body composition analysis; (2) the validity
of our data annotation; (3) the final model’s segmentation
performance across different body regions; and (4) the final
model’s accuracy in measuring body composition metrics.

The first point is addressed by comparing the nine seg-
mentation models introduced in Sec. 3.2 on all slices from
the Internal Test and SAROS datasets, as described in Sec.
3.1. Details of this experiment are provided in Sec. 5.3.1.

Sec. 5.3.1 also includes a comparison between our
segmentation model and two external models (Wasserthal
et al., 2023; Hou et al., 2024) on the publicly available
SAROS dataset (Koitka et al., 2023; Clark et al., 2013).
Since these external models were trained on their own
datasets and we evaluated all three models on the same
external dataset, this comparison supports point 2, demon-
strating the reliability of our data annotation and segmen-
tation performance.

With the final model selected from the experiment de-
scribed in Point 1, Sec. 5.3.2 evaluates its segmenta-
tion performance and reliability on both the Internal and
SAROS datasets. We report Dice coefficients, MRAE, and
R2 between the model predictions and manual annotations
across body regions, including L3, T12–L4, and all slices
within the selected volumes (chest, abdomen, and pelvis),
thereby addressing Point 3. Notably, R2 is computed only
for skeletal muscle and SAT due to the limited number
of volumetric annotations in the Internal Test set and the
availability of only skeletal muscle and SAT labels in the
SAROS dataset.

Sec. 5.3.3 evaluates the accuracy of automated body
composition measurements by comparing them with values
derived from manual annotations. Specifically, we report
the mean error for muscle density, VAT/SAT ratio, muscle
area/volume, and SMI in both 2D and 3D analyses.

To enable more flexible use of muscular fat (including
intra-muscular and inter-muscular components), we addi-
tionally report the Dice coefficient for muscular fat alone
in Sec.5.3.4. We also include Dice scores for combined
labels such as muscular fat + VAT and muscular fat +
SAT, compared against manual annotations in the internal
dataset.

5.3.1 Comparison with benchmark models

To demonstrate the rationale for selecting nnU-Net ResEnc
XL for our later performance comparison and body com-
position analysis, we compare nine selected models trained
on the same Internal Training dataset and test them on
both the Internal Test and SAROS datasets. The perfor-
mance is evaluated by comparing the manually annotated
labels with the automatically generated labels across all
slices. The results are presented in Table 2, in the Models
with the Same Training Set section, which summarizes the
segmentation performance on both internal and external
datasets using the Dice coefficient and MRAE with bolded
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Figure 2: Qualitative evaluation of our segmentation model: Figure shows segmentation results of the abdominal
L3 slice. In the segmentation, dark blue shows skeletal muscle, light blue SAT, yellow VAT, and maroon muscular fat.

value for the best-performing models across datasets and
metrics.

As a result, nnU-Net ResEnc XL demonstrates the best
Dice performance on both the Internal Test and SAROS
datasets, along with the lowest MRAE on the SAROS
dataset. Therefore, we adopt the nnU-Net ResEnc XL ar-
chitecture as our segmentation model for subsequent per-
formance comparisons and body composition analysis.

With the selected nnU-Net ResEnc XL, we further com-
pare our model with the chosen external benchmarks pro-
posed by Hou et al. (Hou et al., 2024) and TotalSeg-
mentator model (Wasserthal et al., 2023). Performance is
evaluated by the Dice coefficient between our segmented
mask and the publicly available skeletal muscle and SAT
annotations on SAROS dataset (Koitka et al., 2023; Clark
et al., 2013). To compare our method with the chosen
benchmarks, we follow the instructions provided in (Hou
et al., 2024), constraining the analysis to the abdomen
section, specifically L1–L5 and T9–T12 following the in-
structions provided (Hou et al., 2024). The performance
results are illustrated in Table 2. As a result, our model
outperform the enhanced segmentation model (Hou et al.,
2024) by 2.10% for skeletal muscle and 8.6% for SAT. Ad-
ditionally, it surpasses the TotalSegmentator (Wasserthal
et al., 2023) by 6.5% for skeletal muscle and 11.6% for
SAT. Notably, due to iiicense restrictions, our evaluation
dataset is a large subset of theirs, with 650 commercially
licensed volumes used in our study compared to 900 vol-
umes in theirs. However, due to the considerable amount
of data and data overlap, it is still representative of the
original dataset, ensuring the confidence of our advance-
ments.

5.3.2 Internal segmentation performance

For our internal evaluation, without comparisons to other
methods, we utilize the Dice coefficient, MRAE, and R2

to compare our auto-segmented labels given by previously
selected nnU-Net ResEnc XL with manual annotations for
skeletal muscle, subcutaneous adipose tissue (SAT), and
visceral adipose tissue (VAT). Table 3 summarizes the seg-
mentation performance for both Internal Test and SAROS
datasets, using the Dice coefficient and MRAE (Sec. 3.2.1).
Fig. 3 demonstrates the R2 correlation for skeletal muscle
and SAT.

As the result demonstrated by Table 3, the model per-
forms competitively across all regions, with the highest av-
erage Dice coefficient observed at the L3 slice (93.38%)
and the lowest average MRAE at all-slices (4.37%) in the
internal dataset. Among the tissues, the model achieves
the consistent highest segmentation accuracy for SAT, which
consistently shows superior Dice scores and lower MRAEs
compared to skeletal muscle and VAT. The external dataset
follows a similar trend, with the best Dice coefficient ob-
served at L3 (92.55%), the lowest MRAE at the all-slices
setting ( 5.48%), and the highest accuracy consistently for
SAT. For R2 correlation, Fig. 3 exhibit a strong correlation
on both skeletal muscle and SAT on all body regions with
R2 values over 0.941 for muscle and 0.997 for SAT.

Notably, there is a label inconsistency between the an-
notations in our internal dataset and those in the SAROS
dataset. Specifically, the SAROS annotation includes skin
as part of the SAT label. To address this discrepancy, we
applied a simple post-processing step to our model by dilat-
ing our SAT segmentation to include the skin. The detailed
process for this post-processing is described in Appendix G.
However, the post-processing step only mimics the inclu-
sion of skin in the segmentation, which still leaves a gap
between the two segmentation approaches.

5.3.3 Analysis metric evaluation

For the metric evaluation, we utilize our auto-segmentation
to measure four selected body composition metrics: muscle
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Models with the Same Training Set
Internal Dataset

Skeletal Muscle SAT VAT Average
Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%)

MexNetX-S 88.23 ± 4.47 4.14 ± 2.48 91.62 ± 6.36 5.06 ± 6.99 81.35 ± 9.63 9.81 ± 12.79 87.07 ± 6.82 6.34 ± 7.42
MexNetX-M 88.52 ± 3.45 5.70 ± 4.65 92.10 ± 4.56 6.75 ± 5.64 83.17 ± 6.50 6.77 ± 5.01 87.93 ± 4.84 6.41 ± 5.10
MexNetX-L 87.94 ± 4.10 4.53 ± 3.87 91.65 ± 5.32 5.68 ± 6.34 82.80 ± 6.40 9.36 ± 8.76 87.46 ± 5.27 6.52 ± 6.32

SAM-Med2D fine-tuning 82.01 ± 3.83 14.97 ± 5.88 88.35 ± 5.91 10.03 ± 6.24 66.22 ± 9.60 32.83 ± 17.92 78.86 ± 6.45 19.28 ± 10.01
SAM fine-tuning 80.56 ± 5.35 6.64 ± 5.49 86.42 ± 6.23 12.92 ± 7.36 79.07 ± 7.90 7.42 ± 6.99 82.02 ± 6.49 8.99 ± 6.61

MedSAM fine-tuning 77.68 ± 7.21 6.67 ± 6.42 84.39 ± 6.82 11.63 ± 6.99 72.80 ± 11.74 16.15 ± 9.75 78.29 ± 8.59 11.48 ± 7.72
nnU-Net ResEnc M 89.83 ± 3.18 3.51 ± 3.23 93.48 ± 4.16 3.92 ± 4.27 84.20 ± 6.65 4.44 ± 3.69 89.17 ± 4.68 3.96 ± 3.73
nnU-Net ResEnc L 89.71 ± 3.26 4.05 ± 3.55 93.81 ± 4.16 3.07 ± 4.06 84.30 ± 6.95 4.96 ± 4.19 89.27 ± 4.79 4.03 ± 3.93

nnU-Net ResEnc XL 91.85 ± 3.37 4.13 ± 4.10 94.06 ± 4.25 3.06 ± 3.97 89.45 ± 7.09 5.91 ± 5.51 91.79 ± 4.90 4.37 ± 4.53
External Dataset

Skeletal Muscle SAT VAT Average
Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%)

MexNetX-S 89.64 ± 2.85 7.20 ± 3.83 89.24 ± 5.33 4.15 ± 3.88 - - 89.44 ± 4.23 5.68 ± 3.86
MexNetX-M 89.68 ± 2.66 6.91 ± 3.96 88.97 ± 5.42 4.55 ± 3.93 - - 89.33 ± 4.22 5.73 ± 3.95
MexNetX-L 89.39 ± 2.71 8.00 ± 3.85 89.18 ± 5.14 3.87 ± 3.98 - - 89.29 ± 3.93 5.94 ± 3.92

SAM-Med2D fine-tuning 74.16 ± 7.33 25.03 ± 8.37 82.35 ± 11.58 8.43 ± 10.40 - - 78.26 ± 9.64 16.73 ± 9.52
SAM fine-tuning 79.86 ± 9.09 12.26 ± 14.79 87.10 ± 10.71 20.34 ± 19.09 - - 83.48 ± 9.90 16.30 ± 16.94

MedSAM fine-tuning 77.58 ± 8.10 12.38 ± 12.77 86.29 ± 9.24 23.37 ± 16.13 - - 81.94 ± 8.69 17.88 ± 14.55
nnU-Net ResEnc M 89.50 ± 2.67 7.74 ± 3.74 89.61 ± 4.83 3.72 ± 3.68 - - 89.56 ± 3.88 5.73 ± 3.71
nnU-Net ResEnc L 89.72 ± 2.65 7.45 ± 3.68 89.51 ± 4.89 3.53 ± 3.51 - - 89.62 ± 3.98 5.49 ± 3.61

nnU-Net ResEnc XL 89.68 ± 2.75 7.35 ± 3.80 90.27 ± 4.83 3.60 ± 3.39 - - 89.98 ± 3.79 5.48 ± 3.60
Models with the Different Training Set

External Dataset
Skeletal Muscle SAT VAT Average

Dice ↑ (%) [IQR] Dice ↑ (%) [IQR] Dice ↑ (%) [IQR] Dice ↑ (%)
TotalSegmentator (Wasserthal et al., 2023) 83.2 ± 4.6 [80.5, 86.4] 80.8 ± 10.4 [76.7, 87.7] - 82.0 ± 7.5
Enhanced Segmentation (Hou et al., 2024) 87.6 ± 3.3 [85.6, 90.0] 83.8 ± 10.9 [80.7, 90.5] - 85.7 ± 7.1

Ours (nnU-Net ResEnc XL) 89.7 ± 3.2 [88.3, 91.7] 92.4 ± 3.7 [91.0, 94.7] - 91.05 ± 3.45

Table 2: Comparison with benchmark models: The Models with the Same Training Set section presents the
segmentation performance of nine models using Dice and MRAE, where models are trained and tested on the same
dataset. The Models with the Different Training Set section compares the segmentation performance of our best-
performing model with externally trained models, reported using Dice scores. The scores are presented as mean,
standard deviation, and interquartile range (IQR). Bolded values indicate the best-performing model among those
evaluated.

density, VAT/SAT ratio, muscle volume, and SMI, in both
2D and 3D settings on our internal test dataset. These
results are compared with the body composition metrics
derived from manual annotations. The MRAE result is
presented in Table 4.

The model demonstrates the best performance in mea-
suring muscle density among four body compositions, with
an MRAE lower than 5% on both internal and external
datasets for both 2D and 3D measurements. Across all
body composition metrics for both datasets, the model
achieves an MRAE lower than 10%, showcasing its robust-
ness.

We also provide the full evaluation for all nine selected
segmentation models in Appendix H to offer users ad-
ditional insights into model performance, helping inform

model selection for specific clinical or research applications.

5.3.4 Muscular fat segmentation

During the literature review, we observed inconsistencies in
how muscular fat (both intra-muscular and inter-muscular
fat) is classified in research. While some studies include
muscular fat as part of skeletal muscle measurements (Hou
et al., 2024; Van der Werf et al., 2018), others classify it
under VAT (Camus et al., 2014; Wirtz et al., 2021; Connelly
et al., 2013), and a smaller subset considers it part of SAT
(Ozturk et al., 2020; Magudia et al., 2021). Consequently,
we attempted to segment muscular fat as a separate label
in our segmentation model.

In this section, we present the Dice coefficient perfor-
mance for muscular fat segmented independently, muscular
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Internal Dataset
Skeletal Muscle SAT VAT Average

Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%)
L3 92.53 ± 4.48 6.90 ± 8.05 94.72 ± 5.21 3.20 ± 3.74 92.90 ± 5.04 5.50 ± 6.12 93.38 ± 4.92 5.20 ± 6.22

T12-L4 92.08 ± 4.74 4.86 ± 5.69 94.03 ± 6.88 4.43 ± 7.05 92.15 ± 5.90 5.63 ± 8.22 92.75 ± 5.84 4.97 ± 6.99
All Slices 91.85 ± 3.37 4.13 ± 4.10 94.06 ± 4.25 3.06 ± 3.97 89.45 ± 7.09 5.91 ± 5.51 91.79 ± 4.90 4.37 ± 4.53

External Dataset
Skeletal Muscle SAT VAT Average

Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%) Dice ↑ (%) MRAE ↓ (%)
L3 92.22 ± 3.27 9.20 ± 5.31 92.88 ± 3.62 3.29 ± 2.82 - - 92.55 ± 3.45 6.75 ± 4.25

T12-L4 91.03 ± 3.77 6.61 ± 4.24 92.59 ± 4.35 4.39 ± 3.32 - - 91.81 ± 4.06 5.50 ± 3.78
All Slices 89.68 ± 2.75 7.35 ± 3.80 90.27 ± 4.83 3.60 ± 3.39 - - 89.98 ± 3.79 5.48 ± 3.60

Table 3: Internal segmentation Performance: Segmentation performance for skeletal muscle, subcutaneous adipose
tissue (SAT), and visceral adipose tissue (VAT) across the internal and external datasets, reported using Dice scores
(↑) and MRAE (↓). Results are provided for L3, T12-L4, and all slices, highlighting the model’s superior performance
at the L3 slice and on SAT compared to skeletal muscle and VAT. The ”Average” column provides the mean Dice score
and MRAE across the reported tissues. VAT performance is unavailable due to the absence of VAT annotation in the
SAROS dataset.

Internal Dataset
Muscle density (% among range -29 to +150 HU) VAT/SAT ratio (%) Skeletal Muscle area/volume (%) SMI (%)

2D 1.43 ± 1.19 5.43 ± 5.17 6.90 ± 8.05 6.90 ± 8.05
3D 2.18 ± 2.14 5.09 ± 4.74 4.86 ± 5.69 -

External Dataset
Muscle density (% among range -29 to +150 HU) VAT/SAT ratio (%) Skeletal Muscle area/volume (%) SMI (%)

2D 4.47 ± 2.44 - 9.20 ± 5.31 -
3D 4.71 ± 2.22 - 6.61 ± 4.24 -

Table 4: Analysis metric evaluation performance: The performance of our segmentation model on both internal and
external datasets, evaluated by comparing the four body composition metrics automatically calculated by our model
with the ground truth measured from manual annotations. The evaluation is based on MRAE (↓).

fat included as part of SAT, muscular fat included as part
of VAT, and muscular fat included as part of muscle. No-
tably, for all skeletal muscle evaluations discussed in the
previous sections, we follow the methodology adopted in
prior studies, where muscular fat is evaluated as part of
muscle segmentation (Sec. 5.3.25.3.1). Although the seg-
mentation of muscular fat itself demonstrates a relatively
low Dice coefficient (56.27 ± 10.33%) compared to manual
annotations on our internal dataset, incorporating muscular
fat into other labels—specifically muscle, SAT, and VAT,
as is common in body composition measurements—results
in high Dice coefficients across all slices (91.85 ± 3.37%,
92.35 ± 4.6%, and 85.19 ± 6.73%, respectively).

5.4 Corner Cases

In this section, we analyze the corner cases of our model
to further provide insights for user application and future
improvement. The corner cases include four slices carefully
selected from the worst-performing volumes—two from the
internal test set and two from the SAROS dataset—representing
common scenarios where the model fails. As shown in
Fig. 4, the model demonstrates relatively poor perfor-
mance when CT images contain clear noise, as seen in the
first, third, and fourth rows. This becomes more evident
when zooming into the images provided in the figure’s sec-
ond column. Artifacts caused by motion can also lead to
model failure, as shown in the second row. The selected
examples in Fig. 4 also highlight several common types of
mistakes made by the model—for example, misclassifying
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Figure 3: R2 correlation plots: for muscle (top row) and SAT (bottom row) across three evaluation ranges: L3 slice,
T12–L4 range, and the All Slices setting.

VAT as SAT in the second row, misclassifying thick skin
as muscle in the third row, and misclassifying organs as
muscle shown in the forth row.

6. Body composition vs. Demographic Analysis
In the following sections, we analyze the body composi-
tion measurements generated by our algorithm, highlight-
ing their relationships with patients’ age, sex, and racial
groups. The results produced by our algorithm are com-
pared with previous body composition findings reported in
leading medical journals. The aim of this section is to
demonstrate the accuracy of our body composition met-
rics calculation. While the calculated metric values may
differ slightly from those reported in previous studies due
to variations in population distribution, the trends shown
in this analysis strongly resemble those established before.

6.1 Body composition metrics vs. age
To ensure a sufficient sample size for analysis, we divided
the age range into six distinct groups, each containing at
least 20 instances with the results shown in Fig. 5. The
observed trends in muscle area, SAT, VAT area, and SMI
with increasing age closely align with findings from previous
studies (Magudia et al., 2021), with both the trends and
absolute measurement values showing strong consistency
across age groups. Specifically, muscle density decreases
with age, while VAT and the VAT/SAT ratio increase.

6.2 Body composition metrics vs. sex

The left column sub-figures in Fig. 6 illustrate muscle den-
sity, SAT/VAT ratio, muscle area, and SMI versus gender,
respectively, as measured at the L3 level. Similarly, the cor-
responding measurements for muscle density, SAT/VAT ra-
tio, muscle volume as measured from T12 to L4, are shown
in the right column sub-figures. The mean and standard
deviation of these body composition metrics are consis-
tent with those reported in previous studies (Van der Werf
et al., 2018; Graffy et al., 2019). Our measurement also
aligns with the previous findings that compared to female,
male typically have a higher muscle density, VAT/SAT ra-
tio, muscle area, SMI (Kammerlander et al., 2021; Van der
Werf et al., 2018; Graffy et al., 2019).

6.3 Body composition metrics vs. race group

For the race groups, to ensure sufficient data size for anal-
ysis, we conducted the analysis based only on two race
groups: Caucasian/White and Black or African American.
The relationship between race groups and multiple body
composition metrics is demonstrated in Fig. 7. Few pre-
vious studies have exclusively analyzed body composition
across different races, limiting our ability for direct com-
parisons. However, several studies have examined the com-
bined impact of both sex and race. For example, (Magudia
et al., 2021) demonstrates that Black or African American
individuals, on average, have larger muscle areas and higher
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Figure 4: Representative failure cases of our segmentation model: Each row shows one case, with the top two
from the internal dataset and the bottom two from the external dataset. From left to right: original CT slice, zoomed-in
view, ground truth segmentation, model prediction, and corresponding Dice scores. In the Ground Truth, green shows
skeletal muscle, purple SAT, orange VAT, and yellow muscular fat. In the Pred, dark blue shows skeletal muscle, light
blue SAT, yellow VAT, and maroon muscular fat.
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Figure 5: Body composition metrics vs. age categories.
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Figure 6: Body composition metrics vs. sex.
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SMI for both males and females. Similarly, (Beasley et al.,
2009) reports an average abdominal visceral fat area of
152.0 for White individuals and 129.9 for Black individu-
als, as well as an average abdominal subcutaneous fat area
of 266.0 for White individuals and 312.1 for Black individ-
uals. Although our study and (Beasley et al., 2009) have
different population distributions, with the latter being lim-
ited to healthy elderly adults, the measurement differences
between the two studies for all metrics are within 10%.

7. Discussion and future work

To mitigate the gap in publicly available deep learning-
based CT segmentation and body composition measure-
ment models for abdominal muscle and fat, we evaluated
nine publicly available segmentation network architectures
and selected nnU-Net ResEnc XL to build our model. This
model is able to segment skeletal muscle, subcutaneous
adipose tissue (SAT), and visceral adipose tissue (VAT)
across the chest, abdomen, and pelvis in axial CT im-
ages. It additionally automatically measures muscle den-
sity, visceral-to-subcutaneous fat (VAT/SAT) ratio, muscle
area/volume, and SMI. All the code will be made pub-
licly available at https://github.com/mazurowski-lab/CT-
Muscle-and-Fat-Segmentation.git.

This study highlights the strong capability of our model
in segmenting skeletal muscle, SAT, and VAT across the
chest, abdomen, and pelvis in axial CT images. As detailed
in Sec. 5.3.2, the model achieves an average Dice score of
91.79 ± 4.90% across all slices and all four labels in the
internal dataset. In the external dataset, the average Dice
score is 89.98 ± 3.79%. The model also demonstrates
high agreement with manual measurements, with R2 values
exceeding 0.99 for both skeletal muscle and SAT.

The model demonstrates even better performance when
segmenting the L3 slice and the T12–L4 region. For the L3
slice, it achieves an average Dice score of 93.38 ± 4.92%
in the internal dataset and 92.55 ± 3.45% in the external
dataset. For the T12–L4 region, the average Dice score is
92.75 ± 5.84% on internal dataset and 91.81 ± 4.06% on
external dataset. The model also achieves similarly high
agreement in body composition measurements at L3 and
T12–L4, with R2 values consistently exceeding 0.95 for
skeletal muscle and 0.99 for SAT.

When compared to previous methods, our model shows
significant improvements, outperforming the recently pub-
lished in-house segmentation model (Hou et al., 2024) by
2.10% for skeletal muscle and 8.6% for SAT. Addition-
ally, it surpasses the TotalSegmentator (Wasserthal et al.,
2023) by 6.5% for skeletal muscle and 11.6% for SAT.
These evaluations are based on manual annotations from
the publicly available SAROS dataset. A detailed compar-
ison with benchmark models is provided in Sec. 5.3.1.

Apart from segmentation performance, our model also
demonstrates high accuracy in measuring commonly used
body composition metrics, including muscle density, visceral-
to-subcutaneous fat ratio, muscle area/volume, and SMI in
both 2D and 3D settings. The average MRAE for all met-
rics is below 10%. As detailed in Sec. 5.3.3, the model
achieves its best performance in measuring muscle density,
with an MRAE of less than 5% compared to manual an-
notations across internal and external datasets in both 2D
and 3D settings.

Furthermore, utilizing our model, we performed body
composition metrics analysis across different age, sex, and
race groups on 371 randomly selected patients from Duke
Hospital. The results demonstrate clear differences in mus-
cle density, adipose tissue distribution, and SMI among
patients of different ages, sexes, and races. With increas-
ing age, there was a noticeable decline in muscle density
and SMI, coupled with an increase in visceral adipose tissue
(VAT) and the VAT/SAT ratio, indicating age-related mus-
cle loss and fat redistribution. Sex-based comparisons re-
vealed that males generally had higher muscle density, mus-
cle volume, and SMI, while females exhibited higher sub-
cutaneous adipose tissue (SAT) levels. Additionally, race-
based analysis showed that Black or African American in-
dividuals had higher muscle mass and SAT but lower VAT
levels and VAT/SAT ratios compared to Caucasian/White
individuals. All the findings also align with results from pre-
vious studies, highlighting the robustness of our model for
both segmentation and body composition measurement.

Despite the promising results, this study has several
limitations that present opportunities for further develop-
ment and improvement. First, the scope of the study is
restricted to three body regions and relies solely on axial
views. To enhance the generalizability and clinical utility
of our approach, future work will focus on expanding the
analysis to additional body regions, such as the hip, leg,
and shoulder, which are also commonly assessed in body
composition studies.

While our model demonstrates reasonable performance
on sagittal and coronal views by stacking segmented axial
slices and extracting intersections across different planes,
as illustrated in Fig. 10, this approach has inherent limita-
tions. For example, since axial slices are segmented inde-
pendently, which may lead to inconsistencies between adja-
cent slices. We recognize the potential benefits of directly
incorporating sagittal and coronal views into the training
and evaluation pipeline, which may improve segmentation
accuracy and consistency across all anatomical planes.

Secondly, although the segmentation model includes a
muscular fat label, its performance is comparatively lower
than that of the other three labels. This discrepancy is pri-
marily due to variability in annotation granularity among
different annotators. To enhance annotation consistency
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Figure 7: Body composition metrics vs. race.
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in future versions, we will establish clear annotation stan-
dards. Specifically, we will define muscular fat regions by
applying a Hounsfield Unit (HU) threshold between -220
and -50 for fat tissue, as suggested by Chougule et al.
(Chougule et al., 2018), and retain only contiguous fat re-
gions comprising more than six pixels.
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Appendix A. CT parameters
Table 5 summarizes the detailed acquisition parameters of
the CT scans used in the internal dataset.

Appendix B. Data collections from SAROS
While only a subset of the collections within SAROS is
provided with a commercially permitted license (specifically
CC BY 3.0 and CC BY 4.0), we exclusively utilized this
subset in external evaluation to ensure maximum flexibility
for our model. In this section, we provide a detailed list of
the dataset collections used in this study, shown in Table
6, including the collection name, scan region (Abdomen,
Thorax, Whole-body) assigned by SAROS (Koitka et al.,
2023; Clark et al., 2013), and their license type.

Appendix C. Summary of body composition
metrics

Table 7 summarizes detailed information for four body com-
position metrics used in this study: muscle density, VAT/SAT
ratio, muscle area/volume, and SMI. The table includes
their calculation methods, clinical significance, and associ-
ations with diseases, and is intended to help readers quickly
understand the relevance and interpretation of each metric.

Appendix D. Vertebrae detection qualitative
evaluation

This section demonstrates the qualitatively assessment of
TotalSegmentator’s vertebrae detection ability. We ran-
domly selected four representative cases and visualized them
in the sagittal view, as shown in Fig. 8. Each example
displays the automatically segmented vertebrae and com-
pares the slice locations selected by the automated method
(dashed lines) with those selected manually (solid lines) for
T12, L3, and L4. The CT scans vary in slice spacing, rang-
ing from 0.6mm to 3.0mm.

Appendix E. Comprehensive qualitative
visualizations of segmentation performance

To provide a more in-depth understanding of our model’s
performance across diverse cases, we include here the com-
prehensive qualitative visualization for both 2D and 3D seg-
mentation result.

Fig. 9 presents the L3 segmentation results and their
corresponding body composition metrics (muscle density,
VAT/SAT ratio, muscle area/volume, and SMI) for se-
lected patients. The samples are categorized based on
their body composition metric values into five groups: Low,
Moderately Low, Moderate, Moderately High, and High,
with cut-off points set at the 20th, 40th, 60th, and 80th

percentiles of the entire population. For each body compo-
sition metric, one sample is randomly selected from each
category for visualization. Each column in Fig. 9 corre-
sponds to a specific category, with patients arranged from
low to high values across the columns, ensuring a consis-
tent representation of the metric’s progression. Each row,
in turn, highlights a specific body composition metric. The
first row illustrates muscle density, the second depicts the
VAT/SAT ratio, the third represents muscle area/volume,
and the fourth corresponds to the SMI.

In figure 10, three volumes are randomly selected from
the Demographic Analysis dataset to demonstrate the al-
gorithm’s performance for 3D body composition measure-
ment. For each volume, four slices corresponding to T12,
L1, L2, and L4 are displayed on the left, along with their
automatically generated segmentation masks. L3 segmen-
tation is not included in this figure, as it is fully demon-
strated in Fig. 9. Additionally, the stacked slices from T12
to L4 are visualized in the sagittal view, shown on the right
side of the figure.

Appendix F. Body composition metrics
relationship

Pearson correlation coefficient (r) is the most common
method of measuring a linear correlation between two vari-
ables, with its definition shown in Eq. (4), where Cov(X, Y )
represents the covariance of X and Y , and σX , σY are
standard deviations of X and Y respectively. This sec-
tion demonstrates the correlation between four selected
body composition metrics: muscle density, VAT/SAT ratio,
muscle area, and SMI based both on Pearson correlation
coefficient and scatter plots. The 2D and 3D measure-
ments of the same metrics are highly correlated, as shown
in Fig. 11, with all three Pearson correlation coefficients
exceeding 0.96. In this experiment, we utilize only the
body composition metrics measured in 2D settings (at the
L3 level). The results are shown in Fig. 12, as we can
observe, except for the relationship between muscle area
and SMI (with r equals to 0.94), all other pairs of metrics
show insignificant or no linear correlation, with r having an
absolute value smaller than 0.2. Scatter plots also do not
show a clear monotonic relationship.

r = Cov(X, Y )
σXσY

(4)

Appendix G. Post-processing for label
inconsistencies

Label post-processing is performed in two steps. First, a
5×5 structuring element is applied to morphologically di-
late the SAT label. Second, the expanded region is con-
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CT Parameter Internal Training Internal Test Demographic Analysis
Tube Voltage (kVp) 113.15 ± 13.43 114.14 ± 9.66 114.82 ± 11.75
Tube Current (mA) 413.87 ± 250.51 313.97 ± 163.45 413.83 ± 258.10
Exposure (mAs) 193.02 ± 139.50 51.62 ± 63.23 104.22 ± 130.56
Slice Thickness (mm) 1.57 ± 1.32 2.19 ± 1.08 2.07 ± 1.71
Manufacturer GE, SIEMENS GE, SIEMENS GE, SIEMENS

Table 5: Summary of CT Acquisition Parameters Across Datasets

Figure 8: Qualitative evaluation for vertebrae detection given by TotalSegmentator: Randomly selected four
volumes in the sagittal view, with the automatically segmented vertebrae, the automatically selected slices (dashed
lines), the manually selected slices (solid lines), and the slice distance between the automated and manual selections.

strained to ensure that (1) it does not overlap with any
previously labeled areas and (2) it remains within the ab-
dominal region. The abdominal boundary is determined by
thresholding at -800 Hounsfield Units (HU), as skin typ-
ically exhibits an HU value around this level (Chougule
et al., 2018; Villa and Lynnerup, 2012). Fig. 13 demon-
strates the dilation result with on two randomly selected
slices. Notably, the post-processing step merely approxi-
mates the inclusion of skin in the segmentation, leaving a
remaining discrepancy between the two approaches.

Appendix H. Comprehensive analysis metric
evaluation

We provide the comprehensive metrics evaluation table
here, reporting the percentage error for four key body com-
position metrics: muscle density, VAT/SAT ratio, skele-
tal muscle area/volume, and skeletal muscle index (SMI)
across both internal and external datasets for nine publicly

available network architectures mentioned in Sec. 3. Each
value reflects the MRAE between predictions and human
annotation.
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Collection Number of studies Abdomen Thorax Whole-body License
ACRIN-FLT-Breast1,2 32 0 0 32 CC BY 3.0

ACRIN-NSCLC-FDG-PET3,4 129 0 78 51 CC BY 3.0
Anti-PD-1 Lung5 12 0 0 12 CC BY 3.0

C4KC-KiTS6,7 175 175 0 0 CC BY 3.0
CPTAC-CM8 1 0 0 1 CC BY 3.0

CPTAC-LSCC9 3 0 0 3 CC BY 3.0
CPTAC-LUAD10 1 0 0 1 CC BY 3.0
CPTAC-PDA11 8 0 0 8 CC BY 3.0

CPTAC-UCEC12 26 25 0 1 CC BY 3.0
LIDC-IDRI13,14 133 0 133 0 CC BY 3.0

NSCLC Radiogenomics15,16,17,18 7 0 0 7 CC BY 3.0
Pancreas CT19,20 58 58 0 0 CC BY 3.0

Soft-tissue-Sarcoma21,22 6 0 0 6 CC BY 3.0
TCGA-LIHC23 33 32 0 1 CC BY 3.0
TCGA-LUAD24 2 0 0 2 CC BY 3.0
TCGA-LUSC25 3 0 0 3 CC BY 3.0
TCGA-STAD26 2 2 0 0 CC BY 3.0
TCGA-UCEC27 1 0 0 1 CC BY 3.0

COVID-19-NY-SBU28 1 0 0 1 CC BY 4.0
Lung-PET-CT-Dx29 17 0 15 2 CC BY 4.0

In total 650 292 226 132 -

Table 6: Dataset collections from SAROS. References: 1(Kostakoglu et al., 2015), 2(Kinahan et al., 2017),
3(Machtay et al., 2013), 4(Kinahan et al., 2019), 5(Madhavi et al., 2019), 6(Heller et al., 2021), 7(Heller et al., 2019),
8(National Cancer Institute Clinical Proteomic Tumor Analysis Consortium (CPTAC), 2018a), 9(National Cancer Insti-
tute Clinical Proteomic Tumor Analysis Consortium (CPTAC), 2018b), 10(National Cancer Institute Clinical Proteomic
Tumor Analysis Consortium (CPTAC), 2018c), 11(, CPTAC), 12(National Cancer Institute Clinical Proteomic Tumor
Analysis Consortium (CPTAC), 2019), 13(Armato III et al., 2011), 14(Armato III et al., 2015), 15(Napel and Plevritis,
2014), 16(Bakr et al., 2017), 17(Bakr et al., 2018), 18(Gevaert et al., 2012), 19(Roth et al., 2016), 20(Roth et al., 2015),
21(Vallières et al., 2015), 22(Vallières et al., 2015), 23(Erickson et al., 2016a), 24(Albertina et al., 2016), 25(Kirk et al.,
2016), 26(Lucchesi and Aredes, 2016), 27(Erickson et al., 2016b), 28(Saltz et al., 2021), 29(Li et al., 2020).
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Metric Calculation Method Clinical Significance Associated Diseases
Muscle Density Mean Hounsfield Units

(HU) of segmented skeletal
muscle on CT

Indicator of muscle
quality and intramus-
cular fat infiltration

Sarcopenia, frailty,
cancer prognosis

VAT/SAT Ratio Volume of visceral adipose
tissue (VAT) divided by vol-
ume of subcutaneous adi-
pose tissue (SAT)

Reflects abdomi-
nal fat distribution,
metabolic risk

Type 2 diabetes, car-
diovascular disease,
metabolic syndrome

Muscle Area/Volume Cross-sectional area or to-
tal volume of skeletal muscle
from CT slices or 3D volume

Estimates muscle
mass, useful for nu-
tritional and physical
health assessment

Sarcopenia, cachexia,
post-operative com-
plications

Skeletal Muscle Index
(SMI)

Skeletal muscle area nor-
malized by height squared
(cm2/m2)

Standardized metric
for diagnosing sar-
copenia

Cancer-related
cachexia, decreased
treatment tolerance

Table 7: Summary of the four body composition metrics:-muscle density, VAT/SAT ratio, muscle area/volume,
and skeletal muscle index (SMI)—including their calculation methods, clinical significance, and known associations with
disease.
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Figure 9: Comprehensive qualitative evaluation of our segmentation model: Figure shows segmentation results
of the abdominal L3 slice. Each row represents a specific body composition metric (in bold), with five patients arranged
from left to right in categories: Low, Moderately Low, Moderate, Moderately High, and High. For example, in the first
row (muscle density), the first patient has low muscle density, and the fifth has high muscle density. The second, third,
and fourth rows show the VAT/SAT ratio, muscle area/volume, and SMI, respectively, following the same left-to-right
order. In the segmentation, dark blue shows skeletal muscle, light blue SAT, yellow VAT, and maroon muscular fat.
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Figure 10: Qualitative evaluation of our segmentation model for 3D setting: Four slices corresponding to T12,
L1, L2, and L4 are displayed on the left, while the stacked slices from T12 to L4 are visualized in the sagittal view on
the right side of the figure. The visualization volumes are ordered by increasing of 2D muscle density (in bold). In the
segmentation, dark blue shows skeletal muscle, light blue SAT, yellow VAT, and maroon muscular fat.
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Figure 11: Scatter plots illustrating the relationships between 2D and 3D settings of body composition metrics: Muscle density 2D
(HU), VAT/SAT ratio 2D, and Muscle area 2D (cm2). Each subplot represents a specific metric pair, displaying the distribution of data
points alongside the calculated Pearson correlation coefficient (Pearson r) to quantify the strength and direction of their linear relationship.
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Figure 12: Scatter plots illustrating the relationships between pairs of body composition metrics: Muscle density
2D (HU), VAT/SAT ratio 2D, Muscle area 2D (cm2), and Skeletal Muscle Index (cm/m2). Each subplot represents a
specific metric pair, displaying the distribution of data points alongside the calculated Pearson correlation coefficient
(Pearson r) to quantify the strength and direction of their linear relationship.
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(a) Raw slice (b) Ground Truth (c) Our prediction (d)Prediction + dilation (e) Dilation difference

Figure 13: Dilation examples for two randomly selected slices: The first column shows raw data without a mask. The second column
displays the ground truth from the SAROS dataset. The third column is our original prediction, which excludes skin for SAT. The fourth
column demonstrates our prediction after dilation, and the last column illustrates the area added by dilation (in yellow). The yellow arrow
highlights the difference introduced by the dilation and blue mask shows SAT.
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Internal Dataset
Model Setting Muscle density (%) VAT/SAT ratio (%) Skeletal muscle area/volume (%) SMI (%)

MexNetX-S 2D 1.03 ± 0.89 12.21 ± 19.75 4.66 ± 3.26 4.66 ± 3.26
3D 2.27 ± 2.26 11.27 ± 11.25 3.75 ± 3.23 -

MexNetX-M 2D 1.26 ± 0.91 10.55 ± 7.76 5.12 ± 4.28 5.12 ± 4.28
3D 2.22 ± 1.57 8.96 ± 5.20 4.91 ± 5.01 -

MexNetX-L 2D 1.16 ± 0.77 13.86 ± 20.54 4.97 ± 3.83 4.97 ± 3.83
3D 2.21 ± 1.70 10.76 ± 8.80 4.46 ± 4.27 -

SAM-Med2D fine-tuning 2D 2.93 ± 2.45 21.47 ± 41.84 12.02 ± 8.18 12.02 ± 8.18
3D 4.93 ± 3.86 19.16 ± 29.64 11.24 ± 5.87 -

SAM fine-tuning 2D 2.59 ± 2.75 36.81 ± 28.48 9.70 ± 8.68 9.70 ± 8.68
3D 5.30 ± 7.59 32.68 ± 30.29 8.35 ± 6.60 -

MedSAM fine-tuning 2D 2.11 ± 2.20 23.97 ± 17.59 8.96 ± 5.62 8.96 ± 5.62
3D 4.40 ± 6.99 19.30 ± 16.23 9.34 ± 10.18 -

nnU-Net ResEnc M 2D 1.60 ± 1.23 5.68 ± 5.03 5.20 ± 3.89 5.20 ± 3.89
3D 2.22 ± 2.08 4.69 ± 4.87 4.54 ± 4.04 -

nnU-Net ResEnc L 2D 1.43 ± 1.09 5.13 ± 4.26 4.95 ± 3.70 4.95 ± 3.70
3D 2.28 ± 1.91 5.22 ± 5.36 4.09 ± 3.81 -

nnU-Net ResEnc XL 2D 1.43 ± 1.19 5.43 ± 5.17 6.90 ± 8.05 6.90 ± 8.05
3D 2.18 ± 2.14 5.09 ± 4.74 4.86 ± 5.69 -

External Dataset
Model Setting Muscle density (%) VAT/SAT ratio (%) Skeletal muscle area/volume (%) SMI (%)

MexNetX-S 2D 4.35 ± 2.60 - 8.72 ± 5.03 -
3D 4.60 ± 2.03 - 6.32 ± 3.70 -

MexNetX-M 2D 4.49 ± 2.85 - 9.49 ± 5.07 -
3D 4.83 ± 2.13 - 6.73 ± 3.95 -

MexNetX-L 2D 4.57 ± 2.70 - 9.87 ± 5.55 -
3D 4.88 ± 1.95 - 7.77 ± 4.43 -

SAM-Med2D fine-tuning 2D 5.79 ± 6.67 - 23.08 ± 12.54 -
3D 7.18 ± 6.61 - 25.28 ± 8.91 -

SAM fine-tuning 2D 8.61 ± 21.87 - 21.22 ± 18.72 -
3D 8.26 ± 17.11 - 18.07 ± 16.82 -

MedSAM fine-tuning 2D 4.75 ± 9.18 - 23.44 ± 19.81 -
3D 6.84 ± 6.70 - 19.80 ± 20.39 -

nnU-Net ResEnc M 2D 4.65 ± 4.10 - 9.49 ± 5.02 -
3D 5.00 ± 3.78 - 6.96 ± 4.39 -

nnU-Net ResEnc L 2D 4.71 ± 6.26 - 9.24 ± 5.04 -
3D 4.87 ± 3.17 - 6.94 ± 4.32 -

nnU-Net ResEnc XL 2D 4.47 ± 2.44 - 9.20 ± 5.31 -
3D 4.71 ± 2.22 - 6.61 ± 4.24 -

Table 8: Comprehensive analysis metric evaluation performance: The performance of nine segmentation models on
both internal and external datasets, evaluated by comparing the four body composition metrics automatically calculated
by models with the ground truth measured from manual annotations. The evaluation is based on MRAE (↓). Notably,
the muscle density error percentage is calculated relative to the normal muscle density range, which spans from -29 to
150 Hounsfield Units (HU).
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