Automated volumetric MRI quantification of body fat and skeletal muscle in the UK Biobank: technical validation against expert manual segmentations and comparisssson with single-slice techniques
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Supplementary Methods

Data pre-processing
For each of the water/fat separated Dixon 3D SPGR volumes, a new set of signal fat fraction (SFF) volumetric images were created. For the SFF volume, the value of each voxel is computed as the fraction of fat signal relative to the sum of the water and fat signals in that voxel, where the fat and water signals are corrected for bias introduced by the difference in T1 relaxation times between fat and water [1]. The correction factor was applied using T1 values of 1042 ms for water (representative of muscle) and 385 ms for fat [2, 3].
For each set of water, fat, and SFF volumetric images, a trilinear resampling was applied to output a new voxel resolution of 2x2x3 mm. The resulting sets of resampled volumetric images were combined to create a respective new whole-body volume, utilizing the real-world coordinates. During the creation of this whole-body volume, fat and water images were processed with N4 [4] bias correction and cross-block intensity normalization but , SFF images were not processed with this additional step that avoids tissue characterization bias.

New abdominal volumetric analysis 
For volumetric analysis, the region from the centre of the T9 vertebra to the top of the lower of the two femoral heads was selected. To automatically identify the region limits, vertebrae and femurs were segmented in the stitched fat volume using a neural network.
Neural network for identifying T9 to femoral head region limits 
TotalSegmentator [5], a nnU-net trained on 1143 examinations (616 MRIs, 527 CTs), was used to segment vertebrae and femur to crop the whole-body stitched volumes between the femoral heads and the T9 vertebrae. The whole-body fat image was used as input and no in-house additional training or model tuning was performed. 
Ensembled volumetric body segmentation
Cropped fat and water volumes were used as input to an ensemble of Unet++ that segmented SAT, muscle tissue, abdominal cavity, and bone. Three separate single-slice neural networks—axial, sagittal, and coronal—were applied independently along each anatomical plane, to segment the cropped volumetric abdominal region between the T9 vertebra and the femoral head regions. These neural networks processed single slices from the corresponding dimension of the volumetric input volume and were later ensembled to generate a final volumetric segmentation.
For each neural network, the fat and water whole-body volumes were sliced along the relevant axis (e.g., axial slices for the axial neural network), and each single slice was individually inferred. The resulting single-slice predictions were then reassembled into a volume that matched the original input shape.
The three resulting volumetric outputs were combined using a per-voxel majority voting scheme. Each voxel was assigned the label predicted by at least two of the three neural networks. In cases where all three neural networks predicted different labels for a voxel, the most frequently occurring label across the outputs was selected.
All three neural networks were developed using the same dataset (Supplementary Table 1) and identical hyperparameters, except for the input image size that was tailored to each network’s respective spatial orientation. 

Neural network for detection of fat-water swaps 
A ResNet-based classifier was used to detect fat-water swaps present in the dataset, enabling correction prior to downstream processing and segmentation. The neural network input was a single axial slice and outputs were a binary classification of 1 if the slice corresponded to a fat image and 0 if it corresponded to a water image. The neural network was developed using parameters and datasets shown in Supplementary Table 2. The neural network was applied across all axial slices of the whole-body water volume. If any slice within the volume was identified as a fat image, the volume was flagged as containing a fat-water swap. In such cases, the affected blocks were corrected by swapping the fat and water channels, and the volume were re-stitched accordingly. This ensured consistency and accuracy of subsequent segmentation and analysis workflows.
New single-slice cross-sectional area analysis
Neural network for vertebrae segmentation 
A Unet++ using SwinUNETR segmented the vertebrae from the stitched whole-body fat and water volumes. It was developed using parameters and datasets shown in Supplementary Table 3 and returned a binary output where vertebrae pixels were classified as 1 and everything else as 0. 

Neural network for two-stage abdominal segmentation
A two-stage U-Net was employed to segment the single axial slice centred at the L3 vertebral level with parameters and datasets shown in Supplementary Table 4. In the first stage, a U-Net model classified each voxel into one of seven classes: subcutaneous adipose tissue (SAT), abdominal cavity, abdominal muscle, right and left back muscles, and right and left psoas muscles. To refine the segmentation of the psoas muscles, a second stage was introduced. Based on the initial predictions, a sub-region of the image was cropped around the psoas areas. This region was then passed to a second U-Net model, which performed fine-grained segmentation to separately delineate the right and left psoas muscles. The final segmentation output was generated by removing the coarse psoas labels from the first-stage output and replacing them with the refined psoas predictions from the second stage.

Supplementary Table 1. Model configuration and training parameters for ensembled volumetric body segmentation


	Parameter
	Axial Model
	Sagittal Model
	Coronal Model

	Base Model
	-
	-
	-

	Spatial dimension
	2
	2
	2

	Image Size
	320,256
	256,90
	320, 90

	Architecture type
	BasicUnet++
	BasicUnet++
	BasicUnet++

	Number of filters
	8,16,32,64,32,16
	8,16,32,64,32,16
	8,16,32,64,32,16

	Input channels
	2
	2
	2

	Output classes
	5
	5
	5

	Loss Function
	Mean of Dice and Cross Entropy
	Mean of Dice and Cross Entropy
	Mean of Dice and Cross Entropy

	Epochs
	100
	100
	100

	Initial learning Rate
	0.001
	0.001
	0.001

	Batch Size
	4
	4
	4

	Dataset size
	44
	44
	44

	Data partition (training, validation, testing)
	33, 8, 3
	33, 8, 3
	33, 8, 3

	Data Origin
	NCT04369807, NCT04114682, NCT05057403, UK Biobank (application 9914
	NCT04369807, NCT04114682, NCT05057403, UK Biobank (application 9914
	NCT04369807, NCT04114682, NCT05057403, UK Biobank (application 9914

	Clinical background 
	Healthy volunteers, type 2 diabetes, diabetic retinopathy, general population
	Healthy volunteers, type 2 diabetes, diabetic retinopathy, general population
	Healthy volunteers, type 2 diabetes, diabetic retinopathy, general population





Supplementary Table 2. Model configuration and training parameters for fat-water swap detection


	Parameter
	Fat-Water Swap Detection Model

	Base model
	Single-slice ImageNet pretrained Resnet34

	Spatial dimension
	2

	Image size
	256,256

	Architecture type
	ResNet34

	Number of filters
	-

	Input channels
	1

	Output classes
	6

	Loss function
	Binary Cross Entropy

	Epochs
	2

	Initial learning rate
	0.0001

	Batch size
	1

	Dataset size
	104

	Data partition (training, validation, testing)
	60, 44, -

	Data origin
	NCT04369807, UK Biobank (application 9914)

	Clinical background
	Healthy volunteers, general population






Supplementary Table 3. Model configuration and training parameters for vertebrae segmentation


	Parameter
	Vertebrae Segmentation Model

	Base model
	-

	Spatial dimension
	3

	Image size
	128,128,128

	Architecture type
	SwinUNETR

	Number of filters
	8,16,16,32,32

	Input channels
	2

	Output classes
	6

	Loss function
	Mean of Dice and Cross Entropy

	Epochs
	300

	Initial learning rate
	0.001

	Batch size
	1

	Dataset size
	100

	Data partition (training, validation, testing)
	80%, 10%, 10%

	Data origin
	NCT04369807

	Clinical background
	Healthy volunteers





Supplementary Table 4. Model configuration and training parameters for abdominal segmentation


	Parameter
	Stage 1 Abdominal segmentation
	Stage 2 Abdominal segmentation

	Total dataset (n)
	496
	496

	Base model
	-
	-

	Spatial dimension
	2
	2

	Image size
	320,256
	160,160

	Architecture type
	BasicUnet++
	BasicUnet++

	Number of filters
	8,16,16,32,32
	8,16,16,32,32

	Input channels
	2
	2

	Output classes
	8
	3

	Loss function
	Mean of Dice and Cross Entropy
	Mean of Dice and Cross Entropy

	Epochs
	250
	400

	Initial learning rate
	0.0001
	0.0001

	Batch size
	8
	8

	Data partition (training, validation, testing)
	85%, 10%, 5%
	85%, 10%, 5%

	Data origin
	NCT04369807, NCT04114682, UK Biobank (application 9914)1
	NCT04369807, NCT04114682, UK Biobank (application 9914)1

	
	Healthy volunteers, type 2 diabetes, metabolic dysfunction-associated steatotic liver disease, general population
	Healthy volunteers, type 2 diabetes, metabolic dysfunction-associated steatotic liver disease, general population



1 Two additional commercially sensitive datasets were included.

Supplementary Table 5: Characteristics of the overall study population

	Variable
	Overall
	Female
	Male

	Total (n)
	4905
	2520
	2385

	Ethnicity (n)
	
	
	

	    White
	4755
	2447
	2308

	    NA
	
	
	

	Age (years)
	62 ± 8
	61 ± 7
	63 ± 8

	Weight (kg)
	76 ± 15
	69 ± 13
	84 ± 13

	Height (cm)
	171 ± 10
	164 ± 7
	178 ± 7

	Body mass index (kg/m²)
	26 ± 4.3
	26 ± 4.6
	27 ± 3.8

	Waist circumference (cm)
	88 ± 13
	82 ± 12
	94 ± 11

	Hip circumference (cm)
	102 ± 8
	101 ± 9
	102 ± 7

	Waist to hip ratio
	0.87 ± 0.09
	0.82 ± 0.07
	0.93 ± 0.06

	Hang grip strength - dominant (kg)
	32 ± 10
	25 ± 6
	40 ± 9

	Walking MET (hours/week)
	19 ± 18
	20 ± 18
	18 ± 17

	Moderate MET (hours/week)
	17 ± 19
	17 ± 19
	17 ± 20

	Vigorous MET (hours/week)
	13 ± 19
	11 ± 17
	15 ± 20

	Total MET (hours/week)
	49 ± 42
	48 ± 40
	50 ± 44

	Smoking status (n)
	
	
	

	    Never
	3151
	1681
	1470

	    Previous
	1565
	749
	816

	    Current
	152
	72
	80

	Alcohol status
	
	
	

	    Never
	136
	88
	48

	    Previous
	139
	65
	74

	    Current
	4607
	2359
	2248

	Townsend deprivation index
	1.9 ± 2.7
	-1.9 ± 2.7
	-2 ± 2.7

	Type 2 diabetes (N, %)
	5
	4
	8

	Obesity (N, %)
	14
	12
	16







Supplementary Table 6: Characteristics of the ground truth validation cohort

	Variable
	Overall
	Female
	Male

	Total (n)
	100
	53
	47

	Ethnicity (n)
	
	
	

	    White
	98
	52
	46

	    Other
	2
	1
	1

	Age (years)
	64 ± 7
	63 ± 7
	64 ± 7

	Weight (kg)
	73 ± 12
	66 ± 9
	81 ± 9

	Height (cm)
	168 ± 9
	162 ± 7
	175.01 ± 6

	Body mass index (kg/m²)
	26 ± 2.9
	25 ± 3.2
	26 ± 2.5

	Waist circumference (cm)
	85 ± 10.2
	79 ± 8.6
	92 ± 7.7

	Hip circumference (cm)
	99 ± 6.4
	99 ± 7.2
	99 ± 5.6

	Waist to hip ratio
	0.86 ± 0.09
	0.80 ± 0.06
	0.92 ± 0.05

	Hang grip strength - dominant (kg)
	32 ± 11.9
	24 ± 6.7
	40 ± 10.8

	Walking MET (hours/week)
	12 ± 6.8
	13 ± 6.4
	10 ± 7.0

	Moderate MET (hours/week)
	10 ± 7.4
	11 ± 7.7
	9.6 ± 7.2

	Vigorous MET (hours/week)
	9 ± 8.2
	8 ± 8.2
	9 ± 8.3

	Total MET (hours/week)
	30 ± 17.1
	32 ± 17.1
	29 ± 17.1

	Smoking status (n)
	
	
	

	    Never
	72
	44
	28

	    Previous
	28
	9
	19

	    Current
	0
	0
	0

	Alcohol status
	
	
	

	    Never
	2
	1
	1

	    Previous
	5
	2
	3

	    Current
	93
	50
	43

	Townsend deprivation index
	-2.5 ± 2.2
	-2.3 ± 2.5
	-2.7 ± 2.0

	Type 2 diabetes (N, %) 
	3
	1
	2

	Obesity (N, %)
	4
	2
	2
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Supplementary Table 7. Vendor-to-vendor comparisons for volumetric measurements: comparison of VAT and SAT derived by the new and prior methods showing inter-method agreement and variability. Abbreviations: CI, confidence interval; CoV, coefficient of variation (%); ICC, intraclass coefficient; L, litres; LoA, limits of agreement; SD, standard deviation

	Volume measurement
	
N
	Mean volume values (L) for
new method
	Mean volume values (L) for
prior method
	Bias [95% CI] (L)
	Lower LoA (L)
	Upper LoA (L)
	SD of differences (L)
	ICC
	CoV (%)

	VAT

	All
	4898
	3.6 ± 2.3
	3.6 ± 2.2
	-0.04 [-0.04, -0.03]
	-0.42
	0.34
	0.19
	1
	5.4

	18.5 ≤ BMI < 25
	1927
	2.1 ± 1.3
	2.2 ± 1.2
	-0.08 [-0.09, -0.08]
	-0.39
	0.22
	0.16
	0.99
	7.5

	SAT

	All
	4897
	6.6 ± 3.2
	6.7 ± 3.1
	-0.09 [-0.10, -0.09]
	-0.60
	0.41
	0.26
	1
	3.9

	18.5 ≤ BMI < 25
	1927
	4.6 ±1.8
	4.7 ± 1.7
	-0.12 [-0.13, -0.11]
	-0.64
	0.40
	0.26
	0.99
	5.6





Supplementary Table 8: Mean values for new volumetric vs. single-slice area measurements

	Measurement
	N
	Mean volume values (L) for
new volumetric method
	Mean area values (cm2) for
new single-slice area method

	VAT

	All
	4632
	3.6 ± 2.3
	161.2 ± 97.3

	18.5 ≤ BMI < 25
	1758
	2.1 ± 1.3
	129.1 ± 27.1

	SAT

	All
	4632
	6.6 ± 3.2
	191.9 ± 90.7

	18.5 ≤ BMI < 25
	1758
	4.6 ± 1.8
	133.7 ± 47.8

	SM

	All
	4632
	5.7 ± 0.01
	148.0 ± 34.5

	18.5 ≤ BMI < 25
	1758
	5.2 ± 0.01
	129.1 ± 27.1
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Supplementary Figure 1: Bland-Altman plots showing inter-method variability between the prior volumetric method and manual ground truth for VAT (A) and SAT (B)
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