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Abstract 

Body composition analysis on CT images is a valuable tool for sarcopenia 

assessment. We aimed to develop and validate a deep neural network applicable to whole-

body CT images of PET-CT scan for the automatic volumetric segmentation of body 

composition. 

Methods  

For model development, CT images of 100 patients who underwent a whole-body or 

torso 
18

F-fluorodeoxyglucose PET–CT scan were retrospectively included. Two radiologists 

semi-automatically labeled the following seven body components in every CT image slice, 

providing 39,268 images for training the 3D U-Net: skin, bone, muscle, abdominal visceral 

fat, subcutaneous fat, internal organs with vessels, and central nervous system. The 

segmentation accuracy was assessed using reference masks from one internal and three 

external datasets: two domestic centers (n=20, each) and a French public dataset (n=24). The 

3D U-Net-driven values were clinically validated using bioelectrical impedance analysis 

(BIA) and by assessing the model’s diagnostic performance for sarcopenia in a community-

based elderly cohort (n=522). 

Results 

The 3D U-Net achieved accurate body composition segmentation with an average 

dice similarity coefficient of 96.5% to 98.9% for all masks and 92.3% to 99.3% for muscle, 

abdominal visceral fat, and subcutaneous fat in the validation datasets. The 3D U-Net-derived 

torso volume of skeletal muscle and fat tissue and the average area of those tissues in the 

waist were correlated with BIA-derived appendicular lean mass (correlation coefficients: 0.71 
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and 0.72, each) and fat mass (correlation coefficients: 0.95 and 0.93, each). The 3D U-Net-

derived average areas of skeletal muscle and fat tissue in the waist were independently 

associated with sarcopenia (P<.001, each) with adjustment for age and sex, providing an area 

under the curve of 0.858 (95% CI, 0.815 to 0.901).  

Conclusions 

This deep neural network model enabled the automatic volumetric segmentation of 

body composition on whole-body CT images, potentially expanding adjunctive sarcopenia 

assessment on PET-CT scan and volumetric assessment of metabolism in whole-body muscle 

and fat tissues. 

 

 

 

 

Keywords: sarcopenia, computed tomography, deep learning, segmentation, body 

composition 

 

Abbreviations: BIA, bioelectrical impedance analysis; KURE, Korean Urban Rural Elderly; 
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Introduction 

Sarcopenia is a progressive and generalized skeletal muscle disorder involving the 

loss of muscle volume and function (1). Sarcopenia is present in 12.9-40.4% of elderly 

individuals, and is associated with a variety of adverse health outcomes, including falls, 

functional decline, impaired quality of life, and mortality, especially in combination with 

obesity (1). The European Working Group on Sarcopenia in Older People recently updated a 

practical definition and diagnostic criteria of sarcopenia by including measurements of a 

combination of muscle mass, strength, and physical performance (2). Dual-energy X-ray 

absorptiometry and bioelectrical impedance analysis (BIA) are typically used to assess the 

mass of appendicular skeletal muscle in the general population (3). However, the X-ray 

absorptiometry cannot provide data on skeletal muscle mass in the trunk or muscle adiposity, 

while BIA cannot measure visceral fat obesity and is prone to various potential sources of 

error (4). 

CT and MRI are widely used cross-sectional imaging modalities in modern medicine 

and are considered the gold standard for quantifying the amount of muscle and fat in the body 

(5). A body composition analysis of a single CT image at the L3 vertebra level can estimate 

the amount of whole-body muscle and fat (6-8), and this method is widely used to evaluate 

sarcopenia and visceral obesity (9,10). Furthermore, a deep-learning algorithm enabled the 

automatic quantification of muscle and fat amount at the L3 vertebra level, which 

traditionally required considerable time and resources of experienced readers when 

segmented manually (11,12). 

Nevertheless, the distribution of abdominal muscle and fat differs across levels of the 

lumbar vertebrae in the waist, implying that the distribution could be fully captured by the 



7 

 

volumetric analysis of multiple CT images, rather than a single CT image (11). If volumetric 

CT analysis of body composition could be applied to whole-body CT images, it would be 

possible to assess sarcopenia and visceral obesity on CT images beyond the L3 level (i.e., 

chest CT) without additional radiation exposure. Particularly, as 
18

F-fluorodeoxyglucose 

PET/CT scan is a vital examination for the surveillance of systematic metastasis in cancer 

patients and covers the whole body (13,14), the volumetric body composition analysis could 

enable an assessment of whole-body composition at baseline and during follow-up in cancer 

patients (15,16). In this study, we aimed to develop and validate a deep neural network for the 

volumetric segmentation of body composition applicable to whole-body CT images of PET-

CT scan. 

 

 

 

  



8 

 

Materials and Methods 

The institutional review board of the participating institutions approved this 

retrospective study for model development, and the requirement for informed patient consent 

was waived. Analysis of the Korean Urban Rural Elderly (KURE) cohort was approved by 

the institutional review board after obtaining written consent from all participants prior to the 

study. 

 

Study population 

For the training dataset, we retrospectively collected 100 unenhanced whole-body 

CT scans of PET/CT examination from 100 patients, preferentially for the purpose of an 

initial staging workup of early lung cancer or systematic screening at a single tertiary center 

(Figure 1). We used three datasets from other institutions for external validation to evaluate 

segmentation performance between the reference masks and the network-derived masks 

(Table 1): the first dataset contained 20 patients with stage I lung cancer, the second dataset 

contained 20 participants in a community-based older adults cohort with 20 CT scans, and the 

third dataset contained 24 CT scans of 18 patients with head and neck cancer. For clinical 

validation, we used the KURE cohort as a fourth external dataset (17). Details about the 

validation datasets are summarized in Table 1.  

 

Preparation of training CT data 

The whole-body CT images were processed in a commercially available software 

program (MEDIP PRO v2.0.0.0, MEDICALIP Co. Ltd., Seoul, Korea) for semi-automatic 
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segmentation of the following seven components of body composition: skin, bone, muscle, 

abdominal visceral fat (AVF), subcutaneous fat (SF), internal organs and vessels (IO), and 

central nervous system (CNS). The bone mask extended from the skull to the phalanges and 

contained the hyoid bone, cricoid, arytenoid, thyroid cartilages, and rib cartilages. The muscle 

mask included skeletal muscles, including the proximal portion of the thin diaphragm and 

crus as much as recognizable, resulting in the exclusion of the central tendon of the 

diaphragm. The AVF mask included fatty tissues of peritoneal and retroperitoneal spaces (18) 

that were distributed below the xiphoid process and diaphragmatic hiatus to the perirectal fat. 

In the SF mask, we did not separate SF from intramuscular fat and intrathoracic visceral fat 

and combined those fatty tissues. The IO mask contained intraabdominal and intrathoracic 

solid organs, hollow viscera, breast tissue, external genital organs, and the thyroid gland, 

along with the major arteries and veins. The distal ends of separation between muscle and 

vessels were the upper end of the thyroid superiorly, the proximal biceps brachii laterally, and 

the upper one-third of the femur inferiorly. The vessels beyond the distal ends were included 

in the muscle mask. We excluded parotid glands from any of the masks while including 

salivary and submandibular glands in the muscle mask, as the latter two glands could not be 

separated from muscle on noncontrast CT images. The CNS mask comprised the eyeball, 

intracranial structures, and the spinal canal. 

A technician and one radiology resident (Y.S.L. with 3 years of body CT 

interpretation) initially segmented the CT images by using thresholds of Hounsfield units 

(HU), providing rough masks of muscle, fat, and bone as follows: -29 to 150 HU for skeletal 

muscle, -190 to -30 HU for adipose tissue, >250 HU for bone. Then, one body radiologist 

(S.H.Y., with 15 years of body CT interpretation) adjusted the masks in every axial CT image 

slice for the training dataset of 100 CT scans by manual correction, morphological closing, 
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subtraction, and merging. Two body radiologists (J.H.H. and J.H.P. with 6 and 5 years of 

body CT interpretation, each) prepared the reference masks for the first and second external 

validation data of the 20 CT scans in a similar way, respectively. Reference masks in the third 

external validation data were prepared by the French nuclear medicine physician (P.D. with 8 

years of experience in PET/CT scan). 

 

Development and materialization of the deep neural network  

The 100 CT scans were randomly assigned into one of the three following data sets: 

80 cases for the training set, 10 cases for the tuning set, and 10 cases for the internal 

validation set. Most of the CT scans consisted of 2-mm-section CT images that covered the 

head to the lower arm and mid-thigh. In total, 39,286 slices of axial data were available in the 

dataset. The training data of CT images were normalized using the soft tissue window setting. 

The two-dimensional (2D) U-Net received an input size of 512×512×1 and consisted of 

initial convolutions, four encoders, four decoders, and a final convolution. Except for the 

final convolution (a 1×1 convolution), every convolutional layer consisted of a 3×3 

convolution followed by batch normalization (19) and the rectified linear unit activation 

function (20). For decoders, up-sampling with the bilinear interpolation method was used, 

followed by concatenation to conserve information before down-sampling. The 3D U-Net 

received an input size of 512×512×8 and used three encoders and three decoders. Except for 

the final convolution (a 1×1×1 convolution), every convolutional layer consisted of a 3×3×3 

convolution, followed by ReLU and group normalization. The first encoder adopted 1×2×2 

max pooling to preserve data in the z-axis, whereas the second and third encoders used 

2×2×2 max pooling. For decoders, up-sampling with tri-linear interpolation was used. The 
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Kaiming He initialization method (21) was used for weight initialization. Both models used a 

softmax function at the final layer and were trained using the stochastic gradient descent 

algorithm and cross-entropy loss function.  

The 2D and 3D U-Net models were packaged as a standalone software (DeepCatch 

v1.0.0.0; http://www.medicalip.com/Download) by a functional modification of the FDA-

approved MEDIP PRO v2.0.0.0. The specifications required for running the U-Net models 

are as follows: operating system, Microsoft Windows 7 (64 bit; IBM Corporation, San Jose, 

CA) or higher; central processing unit, Intel i5 (Intel Corporation, Santa Clara, CA) or higher; 

random-access memory, 8 GB or higher; and graphics processing unit, GeForce 1000 series 

or higher (NVIDIA Corporation, Santa Clara, CA) with the minimum memory of 2 GB or 

larger for 2D U-Net and 8 GB or larger for 3D-UNet supporting the Compute Unified Device 

Architecture with the latest drivers. The segmentation was accomplished in around 45 

seconds for the 2D U-Net model and in around 75 seconds for the 3D U-Net model with the 

recommended specifications.  

 

Clinical validation cohort: KURE 

The KURE cohort is a government-funded cohort of community-based Korean older 

adults, in whom cardiovascular, musculoskeletal, and age-related diseases were studied (17). 

A total of 3517 subjects participated in the study between 2012 and 2015, and a follow-up 

study was completed between 2016 and 2019. CT images of the torso area (from neck to mid-

thigh level) were obtained in the follow-up study through a comprehensive assessment of 

musculoskeletal function, physical performance, and radiological and biochemical 

measurements. Because CT images were only available at follow-up, a subset of the data of 
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the KURE cohort collected in 2016 was analyzed as the clinical validation set. Details of the 

KURE cohort can be obtained in the cohort profile (22). The KURE population was included 

in prior studies on study protocol (17,22), vitamin�D (23-25), dysmotility (26), and 

metabolic syndrome (27,28). 

All CT scans in KURE participants were performed using SOMATOM Definition CT 

scanner (Siemens Healthcare, Germany) according to a predefined cohort protocol 

(noncontrast CT, slice thickness 3 mm, tube voltage 100 kV, tube current 200 mA, 

reconstruction with standard kernel).  

 

Definition of sarcopenia and dysmobility syndrome 

Sarcopenia was defined based on Asian Working Group for Sarcopenia 2019 

consensus statement as low appendicular lean mass with low muscle strength or low physical 

performance (22,29). Appendicular lean mass was assessed using multi-frequency segmental 

bioimpedance analysis (InBody720, Biospace, Seoul, Korea; appendicular lean mass/height
2
 

< 7.0 kg/m
2
 in men; < 5.7 kg/m

2
 in women). Low muscle strength was defined as maximum 

handgrip strength < 28 kg in men or < 18 kg in women. Low physical performance was 

measured by the five-time chair stand test (12 seconds or higher). Dysmobility syndrome was 

defined as having at least three of the following factors using modified definitions: falls in the 

preceding year, low grip strength (< 28 kg in men or < 18 kg in women), low bone mass 

(quantitative computed tomography-based volumetric trabecular bone mineral density in the 

lumbar spine < 80 mg/mm
3
)(30), low appendicular lean mass (appendicular lean mass/height

2
 

< 7.0 kg/m
2
 in men; < 5.7 kg/m

2
 in women), high fat mass (> 30% in men; > 40% in women), 

and low performance on the timed get-up-and-go test (12 seconds or higher) (31,32).  
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Statistical analysis 

In the development cohorts, we compared the reference masks obtained through 

semi-automatic segmentation with U-Net-drive masks using the Dice similarity coefficient 

(DSC), sensitivity, and positive predictive value (PPV)(33). The DSC provided the degree of 

overlap between U-Net-driven and reference masks. The sensitivity measured the portion of 

voxels in the reference mask that were also included in the U-Net mask. PPV measured the 

ratio of pixels in the U-Net-driven mask that was correctly present in the reference mask 

(Figure S1). The paired t-test was used to compare the segmentation performance between 

the 2D and 3D U-Net. The independent t-test was used to compare segmentation performance 

depending upon sex, age (≤70 years vs. >70 years), body mass index (BMI) (≤23 kg/m
2
 vs. 

>23 kg/m
2
), and CT scan range (T12 or above vs. below T12). 

In the clinical validation cohort, we calculated the 3D U-Net-driven torso volume 

(cm
3
) of skeletal muscle and fat tissue and average skeletal muscle area (SMA, cm

2
) and 

body fat area (BFA, cm
2
) in the waist by dividing the volume of those tissues in the waist by 

the craniocaudal length of the waist. The waist ranges from the lower margin of the last rib to 

the upper margin of iliac crest (34), containing the L3 vertebra (35). The average SMA and 

BFA represented the mean distribution of SMA and BFA in the waist and could be used 

equivalently to single-slice measures at L3 (2). Skeletal muscle index (SMI, cm
2
/m

2
) and 

body fat index (BFI, cm
2
/kg) were also calculated by dividing SMA and BFA by height 

squared
 
and kilograms, respectively. We assessed the correlation between 3D U-Net-driven 

CT parameters and BIA-based values. Linear regression models were used to estimate the 

cutoffs of 3D U-Net-derived SMI and BFI that corresponded to the currently endorsed BIA-
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based diagnostic thresholds for sarcopenia or dysmobility syndrome (low appendicular lean 

mass [appendicular lean mass/height
2
 <7.0 kg/m

2
 in men; <5.4 kg/m

2
 in women] and high fat 

mass [body fat percent >30% in men; >40% in women])(29,31,32,36). Multivariable logistic 

regression models were used to evaluate the 3D U-Net-driven average SMA and BFA in the 

waist with sarcopenia and dysmobility syndrome as a continuous or binary variable based on 

the cutoffs while adjusting for covariates. We compared the area under the receiver operating 

characteristic curve (AUROC) to evaluate whether the 3D U-Net-derived average SMA and 

BFA in the waist could improve diagnostic performance when added to age and sex (37). All 

analyses were performed using STATA version 14.1 (StataCorp, College Station, TX, USA). 

The statistical significance level was set at a two-sided P-value of <0.05. 
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Results 

Segmentation performance in the development set 

 The mean age and sex distribution of the subjects in the development set (internal set) 

and the three external validation sets for segmentation accuracy were 62.3±13.3 years 

(women, 60%), 68.0±10.5 years (women, 45%), 74.0±3.7 years (women, 55%), and 58.5±9.3 

years (women, 17%), respectively (Table 1). Both the 2D and 3D U-Net achieved accurate 

body composition segmentation (Table 2 and Figure 2), and the 3D U-Net performed 

significantly better than the 2D U-Net for all seven masks (Table S1). The average DSCs 

between the U-Net results and the reference for all masks were as follows: the internal dataset, 

95.3±3.0% and 96.9±2.4%, each; the first external dataset, 93.3±1.0% and 96.5±1.1%, each; 

and the second external dataset, 95.6±1.1% and 98.9±0.4%, each. When confined to muscle, 

AVF, and SF masks, the average DSCs between the 2D and 3D U-Net results and the 

reference masks were as follows: the internal dataset, 94.6±5.6% and 96.8±3.5%, each; the 

first external dataset, 94.4±2.7% and 97.0±0.9%, each; the second validation dataset, 

96.2±2.5% and 99.3±0.9%, each; the third external dataset, 90.3±3.6% and 92.3±2.2%, each. 

The segmentation performance of the 3D U-Net was generally not affected by age, sex, BMI, 

or scan range (Table S2).  

 

Correlation between 3D U-Net parameters and BIA 

In the KURE cohort, the Pearson correlation coefficients between the 3D U-Net-

driven CT skeletal muscle measurements and BIA-based appendicular lean mass values 

ranged from 0.59 to 0.72 and from 0.56 to 0.66 in men and women, respectively (Table 3). 
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Body fat mass and percent measured by BIA showed excellent correlations with CT-based 

torso fat volume and waist BFA in both men and women (correlation coefficient, 0.82 to 0.95; 

P<.001 for all). 

The average SMI values of the waist of 40 cm
2
/m

2
 (men) and 35 cm

2
/m

2 
(women) 

corresponded to the BIA-based clinical thresholds for low appendicular lean mass (7.0 kg/m
2
 

in men and 5.7 kg/m
2 
in women) in the linear regression model (Figure 2). The BFI values of 

the waist of 4.7 cm
2
/kg (men) and 5.8 cm

2
/kg (women) corresponded to the BIA-based high 

fat mass thresholds (30% in men and 40% in women), respectively.  

 

Associations of 3D U-Net body composition assessments with sarcopenia  

In the KURE cohort, which was used for clinical validation, study participants with 

sarcopenia (n=85, 16%) had older age, lower BMI, and higher prevalence of low handgrip 

strength, low lean mass, and low physical performance measured by the timed get-up-and-go 

test or the five-time chair rise test compared to those without sarcopenia (Table S3, P<.05 for 

all). Individuals with dysmobility syndrome (n=149, 29%) showed similar results to those of 

subjects with sarcopenia except that they had a higher prevalence of high fat mass than those 

without dysmobility syndrome. Compared to subjects without sarcopenia, individuals with 

sarcopenia had lower 3D U-Net based CT torso volumetric SMI (3348 vs. 3826 cm
3
/m

2
), 

waist areal SMI (38 vs. 43 cm
2
/m

2
), torso volumetric BFI (197 vs. 233 cm

3
/kg), and waist 

areal BFI (4.0 vs. 4.8 cm
2
/kg; P<.001 for all).  

 

Diagnostic value of 3D U-Net assessments for sarcopenia and dysmobility syndrome 
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A low average SMI in the waist using the cutoffs of 40 cm
2
/m

2
 in men and 35 cm

2
/m

2 

in women alone showed 82% and 71% agreement with a clinical diagnosis of sarcopenia 

(sensitivity, 38%; specificity, 90%; PPV, 43%; negative predictive value, 88%) and 

dysmobility syndrome (sensitivity, 24%; specificity, 90%; PPV, 49%; negative predictive 

value, 75%), respectively.  

A one-standard deviation decrease of the average SMI in the waist (cm
2
/m

2
) was 

associated with 2.46- and 1.81-fold elevated odds for sarcopenia and dysmobility syndrome, 

respectively (P<.001 for all)(Table 4). Low average SMI (cm
2
/m

2
)

 
and high BFI (cm

2
/kg)

 
in 

the waist according to the cutoffs were independently associated with sarcopenia (low SMI, 

adjusted odds ratio [aOR] 5.35; high BFI, aOR 0.51) and dysmobility syndrome (low SMI, 

aOR 3.48; high BFI, aOR 2.34; P<.05 for all) after adjusting for age and sex. In receiver 

operating characteristic curves (Figure 3), the average SMA and BFA in the waist provided an 

AUROC of 0.81 (95% CI 0.75 to 0.85) for sarcopenia and an AUROC of 0.66 (95% CI 0.60 

to 0.70) for dysmobility syndrome. The average SMA and BFA in the waist improved 

diagnostic performance for sarcopenia (AUROC 0.66 to 0.86, P<.001) and dysmobility 

syndrome (AUROC 0.70 to 0.76, P=.006) when added to age and sex.  
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Discussion 

The 2D and 3D U-Nets developed in this study were validated in several datasets, 

including the three of the four major clinical CT vendors (38). The correlations observed 

between the U-Nets and the reference values in the internal validation dataset were relatively 

well reproduced in the external validation datasets. The 3D U-Net performed better than the 

2D U-Net for all masks, and the performance of the 3D U-Net was mostly maintained 

regardless of age, sex, BMI, and scan range. The magnitude of the correlations was slightly 

lower in the French public dataset than in the other two external validation datasets. This 

partly originated from differences in the individual standards for muscle (i.e., whether they 

contained axillary vessels) and AVF (i.e., whether some feces and outer boundaries outside 

the pelvic floor muscle were contained) in the French public dataset. 

Sarcopenia has long been considered a disease of the elderly. However, recent studies 

suggest that sarcopenia begins earlier in life (39), underscoring the importance of early 

detection and intervention. Nevertheless, the sarcopenia or preclinical stage of sarcopenia is 

under-detected, as clinical suspicion or the SARC-F questionnaire for sarcopenia merely 

initiates the current diagnostic approach of sarcopenia. More than 100 million diagnostic CT 

examinations of various body parts are performed annually in the world, and early detection 

of sarcopenia could be improved if sarcopenia is adjunctively evaluated using diagnostic CT 

scans with a deep neural network for body composition analysis. Indeed, our deep neural 

network showed excellent correlations with the results of BIA, and provided a diagnostic 

accuracy of 0.86 for sarcopenia when combined with age and sex. 

The seven classes contained all body areas except for the lung and airway that are 

segmentable using pre-existing mathematical or deep learning approaches (40). A skin mask 
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can be used to directly measure body surface area (41) or various body circumference values 

(42) on CT images. The body surface area is crucial for determining the dosage of 

chemotherapeutic drugs and assessing renal clearance or the cardiac index. The area is 

generally estimated well by various formulae, but the estimation is less accurate in 

underweight or overweight individuals and children (43), who potentially benefit from direct 

measurements. A bone mask can allow a volumetric assessment of bone mineral density in 

multiple bones simultaneously. IO and CNS masks can serve as input data that accelerate the 

development of deep neural networks for segmenting particular organs or intra-organ 

abnormalities.  

Our study has several limitations. First, the amount of validation data for assessing 

the DSC was relatively small, which was somewhat inevitable as the required time and 

resources for preparing the reference dataset were substantial. Second, our datasets 

preferentially included the elderly population. Third, the muscle mask inevitably contained 

distal peripheral vessels, and intrathoracic visceral fat and intramuscular fat were included in 

the SF mask. Fourth, we only validated the U-Net-driven muscle and fat volume in the 

abdominal area in the elderly cohort, although the network was applicable to other body parts 

(e.g., thoracic area). Fifth, we only presented the results of the U-Net models for noncontrast 

CT scan due to difficulty in preparing a sufficient number of reference data, while the 3D U-

Net for contrast CT scan was also developed. The 3D U-Net showed a similar DSC of 95.4% 

for all masks (muscle, 96.7%, AVF, 95.1%; SF, 96.2%) in the preliminary analysis of the 

internal dataset. Sixth, the training dataset lacked any patients with ascites, major anatomical 

variations, or diffuse subcutaneous edema; therefore, it is uncertain whether this algorithm 

will also work well in such cases.  
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Conclusion 

A deep neural network enabled the automatic volumetric segmentation of body 

composition on whole-body CT images, and the 3D U-Net-derived average areas of skeletal 

muscle and fatty tissue in the waist were independently associated with sarcopenia and 

dysmobility syndrome in the elderly. The network-driven automatic volumetric segmentation 

of CT images of PET-CT scan will enable body composition analysis as adjunctive output of 

PET-CT scan and volumetric analysis of metabolism in whole-body fat and muscle. 
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Tables  

Table 1. Composition of the internal and external datasets for model development and validation 

 
Internal dataset 

External validation datasets 

The first dataset The second dataset The third dataset The fourth dataset 

Purpose Model development Assessing segmentation accuracy Clinical validation 

Country Korea Korea Korea France Korea 

Number of patients 100 20 20 18 522 

Number of CT scans 100 20 20 24 522 

Age (years) 62.3±13.3 68.0±10.5 74.0±3.7 58.5±9.3 75.3 ± 4.5 

Sex (male:female) 40:60 11:9 9:11 15:3 170:352 

Body mass index 23.1±3.9 (13.8-31.2) 23.4±2.5 (17.9-26.4) 23.5±2.6 (16.4-29.4) Unknown 24.4 ± 3.2 (14.9-36.9) 

CT Vendors 
Siemens Healthineers; 

Philips Medical Systems 

Philips Medical 

Systems 
Siemens Healthineers GE Healthcare Siemens Healthineers 

CT machines 
mBiograph40, mBiograph64; 

GEMINI 
GENIMI TF TOF 64 

SOMATOM 

Definition AS+ 

Discovery ST, HR, 

RX, and STE 

SOMATOM  

Definition AS+ 

CT scan range 
Head, neck, torso, and arm, 

64; Whole body, 36 

Head, neck, torso,  

and arm 
Torso Torso Torso 

CT slice thickness 2-6.5mm 4mm 3mm 5mm 3mm 

CT slice numbers 145-992 213-255 200-269 117-232 239-268 

Tube voltage (kVp) 100-120  120 100 120 100 

Tube current (Ref mAs) 40-67 50 200 300 200 

Abbreviation: CT, computed tomography; kVp, peak kilovoltage; Ref mAs, Reference milliampere-second. Data in the parenthesis indicates 

the range of body mass index. All CT scans were obtained without contrast enhancement. 
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Table 2. Dice similarity coefficients, sensitivity, and precision between the reference masks and 3D-UNet-derived masks in internal 

and external validation datasets 

 
Skin Bone Muscle 

Abdominal  

visceral fat Subcutaneous fat 

Internal organs  

and vessels 

Central  

nervous system 

DSC Sens PPV DSC Sens PPV DSC Sens PPV DSC Sens PPV DSC Sens PPV DSC Sens PPV DSC Sens PPV 

2D U-Net                      

Internal 

dataset 

92.2

±5.6 

90.4

±9.3 

94.5

±3.2 

97.6

±2.1 

96.8

±3.8 

98.6

±0.4 

97.2

±1.0 

97.6

±0.9 

96.9

±1.4 

90.5

±7.8 

87.1 

±11.5 

94.9

±5.0 

96.1

±3.1 

96.7

±3.7 

95.5

±3.0 

96.3

±1.3 

96.3

±1.4 

96.3

±1.4 

97.5

±3.3 

97.1

±3.7 

98.0

±3.1 

External 

dataset 1 

80.7

±0.8 

84.0

±1.0 

77.6

±1.6 

96.3

±0.5 

95.3

±0.7 

97.3

±0.5 

95.7

±0.7 

95.4

±0.9 

95.9

±0.6 

93.1

±3.6 

91.7 

±5.0 

94.6

±2.2 

94.3

±2.5 

94.7

±3.1 

94.0

±2.1 

94.5

±0.8 

94.5

±1.1 

94.4

±1.6 

98.4

±0.2 

98.5

±0.4 

98.5

±0.3 

External 

dataset 2 

93.9

±1.8 

93.8

±1.0 

94.1

±3.1 

97.7

±0.6 

96.6

±0.9 

98.8

±0.4 

97.0

±0.8 

96.7

±1.4 

97.3

±0.8 

94.2

±3.5 

94.1 

±4.0 

94.2

±3.1 

97.4

±0.8 

99.4

±0.3 

95.4

±1.3 

96.0

±1.5 

95.7

±1.0 

96.4

±2.3 

92.8

±2.8 

90.7

±4.6 

95.2

±2.9 

External 

dataset 3 
      

89.9

±2.2 

86.9

±2.3 

93.2

±3.1 

88.3

±8.2 

87.3 

±11.7 

90.0

±3.9 

92.7

±2.9 

97.3

±0.8 

88.5

±4.9 
      

3D U-Net                      

Internal 

dataset 

94.0

±4.5 

92.6

±7.3 

95.9

±3.8 

98.1

±2.0 

98.2

±3.0 

98.0

±1.0 

98.1

±0.6 

98.5

±0.8 

97.8

±0.7 

95.1

±4.9 

94.3 

±7.5 

96.0

±2.5 

97.1

±3.1 

96.2

±4.2 

98.0

±2.0 

97.6

±0.8 

97.4

±0.7 

97.8

±1.3 

98.0

±2.9 

97.9

±3.4 

98.2

±3.0 

External 

dataset 1 

95.4

±0.8 

94.5

±1.0 

96.3

±0.9 

98.2

±0.5 

98.8

±0.5 

97.5

±0.8 

96.8

±1.3 

96.0

±2.2 

97.5

±0.5 

96.3

±2.2 

97.0 

±1.4 

95.7

±3.6 

98.0

±1.0 

97.8

±1.1 

98.2

±1.0 

94.2

±2.5 

96.1

±1.2 

92.5

±4.1 

96.8

±2.0 

98.5

±0.3 

95.2

±3.8 

External 

dataset 2 

98.6

±1.1 

98.0

±1.5 

99.3

±0.7 

99.4

±0.5 

99.7

±0.3 

99.1

±0.8 

99.2

±0.5 

99.5

±0.5 

99.0

±0.6 

98.9

±1.4 

99.1 

±0.9 

98.7

±2.1 

99.7

±0.3 

99.6

±0.4 

99.7

±0.3 

98.7

±0.8 

98.4

±0.8 

99.0

±1.1 

98.4

±2.0 

97.2

±3.6 

99.7

±0.5 

External 

dataset 3       

90.3

±1.7 

86.8

±2.0 

94.1

±2.8 

92.4

±4.7 

91.8 

±6.8 

93.2

±3.0 

94.1

±2.5 

96.8

±0.9 

91.6

±4.2       

Abbreviation: DSC=dice similarity coefficient; Sens=sensitivity; PPV=positive predictive value.  

Data in columns indicate percentages of mean±standard deviation. The third external dataset, French public dataset, only contained masks for 

muscle, abdominal visceral, and subcutaneous fat tissues.  
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Table 3. Correlations between 3D U-Net-derived CT parameters and BIA values for body composition assessment 

  Men (n=170) Women (n=352) 

Comparator (3D U-Net-driven CT parameters) Reference (BIA) Correlation 

coefficients 

P-value Correlation 

coefficients 

P-value 

Torso skeletal muscle volume (cm
3
) ALM (kg) 0.71 <.001 0.66 <.001 

Average skeletal muscle area in the waist (cm
2
) ALM (kg) 0.72 <.001 0.65 <.001 

Torso skeletal muscle index (cm
3
/m

2
) ALMI (kg/m

2
) 

ALMI (kg/m
2
) 

0.59 <.001 0.56 <.001 

Average skeletal muscle index in the waist (cm
2
/m

2
) 0.60 <.001 0.58 <.001 

Torso fat volume (cm
3
) Fat mass (kg) 

Fat mass (kg) 

0.95 <.001 0.94 <.001 

Average fat area in the waist (cm
2
) 0.93 <.001 0.92 <.001 

Torso body fat index (cm
3
/kg) Body fat percent (%) 0.90 <.001 0.86 <.001 

Average body fat index in the waist (cm
2
/kg) Body fat percent (%) 0.86 <.001 0.82 <.001 

Abbreviation: BIA, body impedance analysis; ALMI, appendicular lean mass index. 
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Table 4. Logistic regression analyses for sarcopenia and dysmobility syndrome  

Abbreviation: SMA, skeletal muscle area (cm
2
); BFA, body fat area (cm

2
); SMI, skeletal muscle index (cm

2
/m

2
); BFI, body fat index (cm

2
/kg). 

*1sd=20 cm2; +1sd=100 cm2; **CT body composition parameters were entered into models separately as continuous variables (average 

SMA and FA in the waist) or as categorical variables (Low average SMI or high average BFI in the waist). 40 cm
2
/m

2
 and 35 cm

2
/m

2 
in men 

and women were used for defining the low average SMI, and 4.7 cm
2
/kg and 5.8 cm

2
/kg in men and women were used for the high average 

 Univariate model Multivariable model 1 Multivariable model 2 

 OR (95% CI) P-value OR (95% CI) P-value OR (95% CI) P-value 

Sarcopenia       

Average SMA in the waist, per 1 sd decrease* 2.46 (1.80-3.35) <0.001 4.03 (2.55-6.36) <0.001 - - 

Average BFA in the waist, per 1 sd increase+ 0.39 (0.30-0.51) <0.001 0.51 (0.38-0.69) <0.001 - - 

Low average SMI in the waist (vs. high)** 5.67 (3.30-9.76) <0.001 - - 5.35 (3.03-9.46) <0.001 

High average BFI in the waist (vs. low)** 0.40 (0.21-0.75) 0.004 - - 0.43 (0.22-0.84) 0.013 

Age, per 1 year increase 1.13 (1.08-1.19) <0.001 1.10 (1.04-1.17) 0.001 1.14 (1.08-1.20) <0.001 

Women (vs. men) 0.72 (0.44-1.16) 0.180 0.17 (0.07-0.39) <0.001 0.88 (0.51-1.50) 0.644 

Dysmobility syndrome       

Average SMA in the waist, per 1 sd decrease* 1.81 (1.45-2.26) <0.001 3.47 (1.99-6.04) <0.001 - - 

Average BFA in the waist, per 1 sd increase+ 1.05 (0.88-1.25) 0.573 2.33 (1.48-3.67) <0.001 - - 

Low average SMI in the waist (vs. high)** 2.81 (1.70-4.65) <0.001 - - 3.48 (1.99-6.04) <0.001 

High average BFI in the waist (vs. low)** 1.81 (1.21-2.72) 0.004 - - 2.34 (1.49-3.67) <0.001 

Age, per 1 year increase 1.15 (1.10-1.21) <0.001 1.18 (1.12-1.24) <0.001 1.19 (1.12-1.25) <0.001 

Women (vs. men) 1.60 (1.05-2.45) 0.030 2.56 (1.58-4.16) <0.001 2.57 (1.58-4.16) <0.001 
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BFI. 

Supplemental tables 

Table S1. Comparison of segmentation performances of 2D and 3D U-Net in the validation datasets 

  Dice similarity coefficient Sensitivity Positive predictive value 

 
2D U-Net 3D U-Net P-value 2D U-Net 3D U-Net P-value 2D U-Net 3D U-Net P-value 

Skin† 88.3±6.9% 96.4±2.8% <0.001 89.2±6.0% 95.5±4.0% <0.001 87.6±8.6% 97.4±2.3% <0.001 

Bone† 97.1±1.2% 98.6±1.1% <0.001 96.1±1.9% 99.0±1.5% <0.001 98.1±0.8% 98.3±1.1% 0.160 

Muscle‡ 94.3±3.5% 95.5±3.9% <0.001 94.3±3.5% 94.3±5.6% <0.001 95.5±2.6% 96.8±2.6% <0.001 

AVF‡ 91.5±6.4% 95.6±4.3% <0.001 91.5±6.4% 95.5±5.6% <0.001 93.0±4.0% 95.7±3.6% <0.001 

SF‡ 94.8±3.1% 97.1±2.9% <0.001 94.8±3.1% 97.8±2.1% 0.006 92.8±4.4% 96.4±4.3% <0.001 

IO† 95.5±1.5% 96.7±2.7% <0.001 95.3±1.3% 97.3±1.4% <0.001 95.6±2.1% 96.1±4.1% 0.234 

CNS† 96.0±3.5% 97.7±2.3% 0.004 95.0±4.9% 97.9±2.7% <0.001 97.1±2.8% 97.6±3.4% 0.432 

All 

masks† 
94.6±1.9% 97.6±1.8% <0.001 94.4±2.1% 97.6±1.9% <0.001 94.9±2.0% 97.6±1.8% <0.001 

Abbreviation: AVF, abdominal visceral fat; SF, subcutaneous fat; IO, internal organs and vessels; CNS, central nervous system. 

Data in the columns indicates a mean value ± standard deviation. 

†Statistical comparisons were performed in the pooled data of the internal dataset, the first, and the second external datasets.  

‡Statistical comparisons were performed in the pooled data of the internal dataset, the first, second, third external datasets.  

P-values underlined in italic type indicate statistical significance.  
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Table S2. Comparison of segmentation performances of 3D U-Net in the validation datasets according to sex, age, BMI, and scan 

range 

Masks  Sex Dice score P-value Age Dice score P-value BMI Dice score P-value 
Scan 

range 
Dice score P-value 

Skin Male 96.6±2.1% 0.725 Age≤70 95.4±3.5% 0.052 BMI≤23 96.2±3.7% 0.637 ≥T12  95.9±4.0% 0.418 

 
Female 96.3±3.3% 

 
Age>70 97.1±1.9% 

 
BMI>23 96.6±1.8% 

 
<T12 96.5±3.2% 

 
Bone Male 98.7±0.9% 0.761 Age≤70 98.4±1.5% 0.220 BMI≤23 98.6±1.5% 0.803 ≥T12  98.5±1.2% 0.402 

 
Female 98.6±1.3% 

 
Age>70 98.8±0.8% 

 
BMI>23 98.7±0.8% 

 
<T12 98.7±1.2% 

 
Muscle Male 97.7±1.7% 0.120 Age≤70 97.7±1.5% 0.209 BMI≤23 98.3±1.3% 0.305 ≥T12  97.8±1.3% 0.306 

 
Female 98.3±1.0% 

 
Age>70 98.2±1.4% 

 
BMI>23 97.8±1.5% 

 
<T12 98.1±1.8% 

 
AVF Male 97.2±2.7% 0.808 Age≤70 96.7±3.5% 0.518 BMI≤23 96.4±4.2% 0.141 ≥T12  90.6±17.2%† 0.007 

 
Female 97.0±3.4% 

 
Age>70 97.3±2.8% 

 
BMI>23 97.7±1.6% 

 
<T12 97.3±2.8% 

 
SF Male 98.4±1.3% 0.903 Age≤70 98.0±2.4% 0.145 BMI≤23 98.2±2.4% 0.317 ≥T12  97.7±3.9% 0.052 

 
Female 98.5±2.1% 

 
Age>70 98.8±1.1% 

 
BMI>23 98.7±1.0% 

 
<T12 98.8±1.2% 

 
IO Male 95.6±3.4% 0.013 Age≤70 96.2±2.9% 0.250 BMI≤23 97.4±2.0% 0.076 ≥T12  97.1±1.9% 0.146 

 
Female 97.5±1.6% 

 
Age>70 97.1±2.5% 

 
BMI>23 96.1±3.1% 

 
<T12 96.2±3.7% 

 
CNS Male 97.4±2.3% 0.456 Age≤70 96.8±2.8% 0.019 BMI≤23 97.4±2.5% 0.368 ≥T12  97.8±2.4% <0.001 

 
Female 97.9±2.3% 

 
Age>70 98.3±1.6% 

 
BMI>23 98.0±2.0% 

 
<T12 95.0±3.7% 

 
All masks Male 97.4±1.8% 0.244 Age≤70 97.3±1.6% 0.099 BMI≤23 97.7±1.7% 0.997 ≥T12  96.5±3.8% 0.230 

  Female 97.9±1.3%   Age>70 98.0±1.4%   BMI>23 97.7±1.5%   <T12 97.2±2.0%   

Abbreviation: AVF, abdominal visceral fat; SF, subcutaneous fat; IO, internal organs and vessels; CNS, central nervous system; BMI=body 

mass index. 
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Statistical comparisons were performed in the pooled data of the internal dataset, the first, and the second external datasets.  

P-values underlined in italic type indicate statistical significance. 

†The AVF mask at the level of T12 or above only contained small areas of upper end of AVF where a small difference could make a 

significant decrease of dice score. 
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Table S3. Baseline characteristics and 3D U-Net-derived body composition parameters according to sarcopenia or dysmobility 

syndrome in the clinical validation cohort 

 Sarcopenia Dysmobility syndrome 

 Present 

(n=85) 

Absent  

(n=437) 

P-value Present 

(n=149) 

Absent 

(n=373) 

P-value 

Age, year 78 ± 5 75 ± 4 <0.001 77 ± 5 74 ± 4 <.001 

Women, n (%) 52 (61) 300 (69) 0.179 111 (75) 241 (65) .030 

BMI, kg/m
2
 21 ± 3 25 ± 3 <0.001 24 ± 4 24 ± 3 .723 

Falls within preceding year, n (%) 26 (31) 108 (25) 0.257 69 (46) 65 (17) <.001 

Low handgrip strength, n (%) 58 (68) 84 (19) <0.001 98 (66) 44 (12) <.001 

Low lean mass, n (%) 85 (100) 38 (9) <0.001 74 (50) 49 (13) <.001 

High fat mass, n (%) 10 (12) 100 (23) 0.021 61 (41) 49 (13) <.001 

Low bone mass, n (%) 62 (73) 278 (64) 0.099 131 (88) 209 (56) <.001 

Low TUG performance, n (%) 26 (31) 81 (19) 0.012 78 (52) 29 (8) <.001 

Low CRT performance, n (%) 60 (73) 133 (32) <0.001 88 (65) 105 (29) <.001 

Torso SMI, cm
3
/m

2
 3348 ± 514 3826 ± 592 <0.001 3556 ± 570 3824 ± 603 <.001 

Average SMI in the abdominal waist, cm
2
/m

2
 38 ± 5 43 ± 6 <0.001 40 ± 6 43 ± 6 .006 

Torso BFI, cm
3
/kg 197 ± 70 233 ± 56 <0.001 237 ± 71 223 ± 55 .013 

Average BFI in the abdominal waist, cm
2/

kg 4.0 ± 1.6 4.8 ± 1.2 <0.001 4.8 ± 1.6 4.6 ± 1.2 .083 

Abbreviation: SMI, skeletal muscle index; BFI, body fat index; TUG, timed up and go test; CRT, chair rise test. 
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Figure legends 

Figure 1. Study diagram for model development and validation 
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Figure 2. Representative 3D reformatted (A) and cross-sectional (B-E) CT images of 3D U-Net-derived masks in a 67-year-old male 

patient who underwent surgical resection of early lung cancer (body mass index, 27.0 kg/m
2
). (A) The four images sequentially show 

skin, subcutaneous fat, muscle, and abdominal visceral fat, along with bone, internal organs and vessels, and the central nervous system. 

Overlaid lines indicate the waist (white lines), and the L3 level (yellow line).  
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(B-E) The images show cross-sectional areas of head and upper arm (B), thoracic inlet (C), upper abdomen (D), and pelvis (E). Note that the 
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parotid glands are excluded from any masks as intended (A), and the borders of axillary vessels (B), outer margins of liver and spleen (C), and 

common iliac vessels (D) are well separated from adjacent muscles. The average Dice similarity coefficient for the seven classes was 98.2%, 

and the Dice similarity coefficients for each class were as follows: skin (pink), 95.7%; subcutaneous fat (yellow), 98.2%; skeletal muscle 

(brown), 98.4%; abdominal visceral fat (blue), 98.6%; bone (light beige), 98.8%; internal organs and vessels (light gray), 97.6%; and central 

nervous system (light pink), 99.1%. 
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Figure 3. Estimated cutoffs of computed tomographic average skeletal muscle index and body fat index in the waist. Cutoffs of 40 

cm
2
/m

2
 and 35 cm

2
/m

2 
in men and women, respectively, in the average skeletal muscle index of the waist corresponded to bioelectrical 

impedance analysis-based clinical thresholds for low appendicular lean mass (7.0 kg/m
2
 in men and 5.7 kg/m

2 
in women) in the linear 

regression model (Figure 2). Cutoffs of 4.7 cm
2
/kg and 5.8 cm

2
/kg in men and women, respectively, in the average body fat index of the waist 

corresponded to bioelectrical impedance analysis-based high fat mass thresholds (30% in men and 40% in women). 
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Figure 4. Improved diagnostic performance for sarcopenia and dysmobility syndrome achieved by adding average skeletal muscle 

area (SMA) and body fat area (BFA) in the waist to age and sex. The average SMA and BFA in the waist showed a modest to good 

discriminatory performance for sarcopenia (AUROC 0.81, 95% CI 0.75 to 0.85) or dysmobility syndrome (AUROC 0.66, 95% CI 0.60 to 

0.70). Adding the average SMA and BFA to age- and sex-based models significantly improved the diagnostic performance for sarcopenia 

(AUROC 0.66 versus 0.81; p<0.001) and dysmobility syndrome (AUROC, 0.70 versus 0.76; P = 0.006). 
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Supplemental figure legends 

Figure S1. Schematic diagram for assessing segmentation accuracy. 

A schematic diagram shows the ground truth mask (light gray, circle) and deep learning-

predicted mask (dark gray, irregular shape) of the region of interest. A spatial relationship 

between ground truth and the predicted masks can be categorized into one of four classes: 

true positivity (TP), positive pixels of ground truth mask that are correctly identified by the 

predicted mask; true negativity (TN), negative pixels of ground truth mask that are correctly 

identified by the predicted mask; the incorrectly identified negative pixels of the predicted 

mask (FN); the incorrectly identified positive pixels of the predicted mask (FP). Equations for 

calculating dice similarity coefficient, sensitivity, and positive predictive value are as follows: 

dice similarity coefficient, 2TP/(2TP+FP+FN); sensitivity, TP/(TP+FN); positive predictive 

value, TP/(TP+FP). 
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Figure 1

Study diagram for model development and validation



Figure 2

Representative 3D reformatted (A) and cross-sectional (B-E) CT images of 3D U-Net-derived masks in a
67-year-old male patient who underwent surgical resection of early lung cancer (body mass index, 27.0
kg/m2). (A) The four images sequentially show skin, subcutaneous fat, muscle, and abdominal visceral
fat, along with bone, internal organs and vessels, and the central nervous system. Overlaid lines indicate
the waist (white lines), and the L3 level (yellow line). (B-E) The images show cross-sectional areas of
head and upper arm (B), thoracic inlet (C), upper abdomen (D), and pelvis (E). Note that the parotid glands



are excluded from any masks as intended (A), and the borders of axillary vessels (B), outer margins of
liver and spleen (C), and common iliac vessels (D) are well separated from adjacent muscles. The
average Dice similarity coe�cient for the seven classes was 98.2%, and the Dice similarity coe�cients for
each class were as follows: skin (pink), 95.7%; subcutaneous fat (yellow), 98.2%; skeletal muscle (brown),
98.4%; abdominal visceral fat (blue), 98.6%; bone (light beige), 98.8%; internal organs and vessels (light
gray), 97.6%; and central nervous system (light pink), 99.1%.

Figure 3

Estimated cutoffs of computed tomographic average skeletal muscle index and body fat index in the
waist. Cutoffs of 40 cm2/m2 and 35 cm2/m2 in men and women, respectively, in the average skeletal
muscle index of the waist corresponded to bioelectrical impedance analysis-based clinical thresholds for
low appendicular lean mass (7.0 kg/m2 in men and 5.7 kg/m2 in women) in the linear regression model
(Figure 2). Cutoffs of 4.7 cm2/kg and 5.8 cm2/kg in men and women, respectively, in the average body
fat index of the waist corresponded to bioelectrical impedance analysis-based high fat mass thresholds
(30% in men and 40% in women).

Figure 4



Improved diagnostic performance for sarcopenia and dysmobility syndrome achieved by adding average
skeletal muscle area (SMA) and body fat area (BFA) in the waist to age and sex. The average SMA and
BFA in the waist showed a modest to good discriminatory performance for sarcopenia (AUROC 0.81, 95%
CI 0.75 to 0.85) or dysmobility syndrome (AUROC 0.66, 95% CI 0.60 to 0.70). Adding the average SMA
and BFA to age- and sex-based models signi�cantly improved the diagnostic performance for sarcopenia
(AUROC 0.66 versus 0.81; p<0.001) and dysmobility syndrome (AUROC, 0.70 versus 0.76; P = 0.006).


