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ABSTRACT
Background: Age-related conditions, such as osteoporosis and sarcopenia, alongside chronic diseases, can result in signifi-
cant musculoskeletal tissue loss. This impacts individuals' quality of life and increases risk of falls and fractures. Computed 
tomography (CT) has been widely used for assessing musculoskeletal tissues. Although automatic techniques have been 
investigated for segmenting tissues in the abdomen and mid-thigh regions, studies in proximal hip remain limited. This 
study aims to develop a deep learning technique for segmentation and quantification of musculoskeletal tissues in CT scans 
of proximal hip.
Methods: We examined 300 participants (men, 73 ± 6 years) from two cohorts of the Osteoporotic Fractures in Men Study 
(MrOS). We manually segmented cortical bone, trabecular bone, marrow adipose tissue (MAT), haematopoietic bone marrow 
(HBM), muscle, intermuscular adipose tissue (IMAT) and subcutaneous adipose tissue (SAT) from CT scan images at the prox-
imal hip level. Using these data, we trained a U-Net–like deep learning model for automatic segmentation. The association be-
tween model-generated quantitative results and outcome variables such as grip strength, chair sit-to-stand time, walking speed, 
femoral neck and spine bone mineral density (BMD), and total lean mass was calculated.
Results: An average Dice similarity coefficient (DSC) above 90% was observed across all tissue types in the test dataset. Grip 
strength showed positive correlations with cortical bone area (coefficient: 0.95, 95% confidence interval: [0.10, 1.80]), muscle 
area (0.41, [0.19, 0.64]) and average Hounsfield unit for muscle adjusted for height squared (AHU/h2) (1.1, [0.53, 1.67]), while it 
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was negatively correlated with IMAT (−1.45, [−2.21, −0.70]) and SAT (−0.32, [−0.50, −0.13]). Gait speed was directly related to 
muscle area (0.01, [0.00, 0.02]) and inversely to IMAT (−0.04, [−0.07, −0.01]), while chair sit-to-stand time was associated with 
muscle area (0.98, [0.98, 0.99]), IMAT area (1.04, [1.01, 1.07]), SAT area (1.01, [1.01, 1.02]) and AHU/h2 for muscle (0.97, [0.95, 
0.99]). MAT area showed a potential link to non-trauma fractures post-50 years (1.67, [0.98, 2.83]). Femoral neck BMD was as-
sociated with cortical bone (0.09, [0.08, 0.10]), MAT (−0.11, [−0.13, −0.10]), MAT adjusted for total bone marrow area (−0.06, 
[−0.07, −0.05]) and AHU/h2 for muscle (0.01, [0.00, 0.02]). Total spine BMD showed similar associations and with AHU for mus-
cle (0.02, [0.00, 0.05]). Total lean mass was correlated with cortical bone (517.3, [148.26, 886.34]), trabecular bone (924, [262.55, 
1585.45]), muscle (381.71, [291.47, 471.96]), IMAT (−1096.62, [−1410.34, −782.89]), SAT (−413.28, [−480.26, −346.29]), AHU 
(527.39, [159.12, 895.66]) and AHU/h2 (300.03, [49.23, 550.83]).
Conclusion: Our deep learning–based technique offers a fast and accurate method for segmentation and quantification of mus-
culoskeletal tissues in proximal hip, with potential clinical value.

1   |   Introduction

Bone and muscle loss can arise from diverse factors, encompass-
ing age-related conditions such as osteoporosis and sarcopenia, 
as well as chronic diseases like cancer, kidney disease and auto-
immune disorders. These conditions profoundly influence the 
volume and composition of musculoskeletal tissues and pre-
dispose older adults to adverse events (i.e., falls and fractures), 
thereby substantially affecting individuals' overall quality of life 
and life expectancy [1] [S1].

Fragility fractures, especially hip fractures, are significant 
adverse outcomes of pathological changes in body composi-
tion [2]. Predicting and preventing these fractures is crucial. 
They are influenced by various factors, including tissue loss 
conditions. Muscle loss and weakness, which impair physical 
performance and balance, increase fall and fracture risks in 
those with weakened bones [S2]. Fatty infiltration in bones 
and muscles affects their mass and density, with studies show-
ing a negative correlation between marrow adiposity and bone 
formation [S3]. Higher fat concentration in bones is common 
in osteoporosis [3], and muscle fat infiltration reduces mus-
cle function [4]. Previous studies also highlight an interaction 
between fat deposition in bones and muscles [3]. Therefore, 
examining bone, muscle and fat, both individually and collec-
tively, is vital for understanding the pathophysiology and clin-
ical aspects of osteoporosis, sarcopenia and osteosarcopenia 
and for better prediction of adverse outcomes.

Computed tomography (CT) is a 3D imaging technique that ac-
curately differentiates muscle, fat and bone. Moreover, CT scans 
are widely used to assess osteoporosis and sarcopenia and mea-
sure adiposity in bone and muscle [3] [S4]. Bone mineral den-
sity (BMD) independent muscle density measurements from CT 
scan have shown excellent predictive power for hip fractures 
and mortality [5] [S5]. CT parameters such as cross-sectional 
area and average Hounsfield unit (AHU) from the abdomen and 
thigh areas are reliable tools for the assessment of the muscu-
loskeletal system [6] [S6]. However, despite housing the body's 
largest muscles and the hip bone, the proximal hip region has 
been relatively understudied [7].

CT scan analysis, both quantitative and qualitative, is chal-
lenging due to complex image processing. Previous stud-
ies have used manual and semi-automatic methods like 

thresholding, watershed and active contour for musculoskel-
etal tissue segmentation [8] [S7, S8], but these techniques are 
user-dependent, time-consuming and sensitive to noise. More 
automated methods, such as atlas-based modelling, are effec-
tive for organ segmentation but require labour-intensive and 
time-consuming shape model construction [S9]. Hence, there 
is a need for more accurate and fully automated image analy-
sis techniques.

Deep learning is a subset of machine learning, which itself is a 
branch of artificial intelligence (AI) that focuses on algorithms 
that enable computers to learn from and make predictions or 
decisions based on data  [S10]. Deep learning distinguishes 
itself by using artificial neural networks with many layers, 
hence the term ‘deep’. Deep learning represents a pivotal ad-
vancement in musculoskeletal tissue segmentation because it 
can process and learn from complex, high-dimensional data, 
surpassing traditional segmentation methods that often rely 
on manual delineation or rule-based algorithms [9]. This rele-
vance is underscored by deep learning's inherent capacity for 
feature extraction and pattern recognition, enabling the iden-
tification of complex textures and structures within medical 
images that are typically challenging for conventional meth-
ods [9]. Several studies have shown the successful application 
of deep learning methods for segmentation of muscle, bone 
and fat in key areas of the body such as mid-thigh [S11], pelvis 
[S12] and abdomen [10] [S13, S14].

To the best of our knowledge, there is a notable research gap 
concerning developing a deep learning approach that com-
prehensively addresses the segmentation and quantification 
of musculoskeletal tissues, including marrow adipose tissue 
(MAT), in the proximal hip region. In this study, we tested a 
fully automated technique that addresses this gap by enabling 
the precise segmentation and quantification of bone, MAT, 
muscle, intermuscular adipose tissue (IMAT) and subcutane-
ous adipose tissue (SAT) in the proximal hip CT scan. We also 
aimed to investigate the clinical significance of quantitative 
measurements generated from our model by examining their 
correlation with clinically relevant indicators, including func-
tional and strength variables such as grip strength, chair sit-
to-stand time and walking speed, along with bone density in 
the femoral neck and spine, as well as whole body lean mass, 
all variables that, when affected, predispose older persons to 
falls and fractures.
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2   |   Methods

2.1   |   Population and Data Source

Our study included 300 participants from the Osteoporotic 
Fractures in Men study (MrOS) (website: https://​mroso​nline.​
ucsf.​edu), a multicentre project involving men aged 65 and older 
from three international cohorts with similar protocols. We ran-
domly selected 200 participants from the Monongahela Valley 
near Pittsburgh Centre (PA) and 100 from the Hong Kong (HK) 
cohort. Eligibility required unassisted walking ability and no 
bilateral hip replacements [S18]. Selection of the number of par-
ticipants in this study was influenced by the time available for 
manual segmentation of ground truth images for training of the 
deep learning model.

Baseline assessments included height measured on wall-
mounted stadiometers and weight measured on balance beam or 
digital scales, from which body mass index (BMI) was derived. 
Functional assessments were conducted, including the time 
taken to complete five chair sit-to-stands, walking speed over 
a 6-m distance at the participant's usual pace and grip strength 
measured using JAMAR dynamometers (Sammons Preston 
Rolyan, Bolingbrook, IL, USA). Dual X-ray absorptiometry 
(DXA) variables such as areal bone mineral density (BMD) and 
body composition were measured using Hologic QDR 4500 A or 
W (Hologic, Bedford, MA, USA) instruments [S19]. Additionally, 
information regarding previous fractures occurring after the 
age of 50 years and self-reported falls during the 12 months prior 
to the baseline visit were collected through questionnaires.

2.2   |   Quantitative CT Images

Quantitative CT (QCT) scans of the hip were acquired using a 
Siemens Somatom Plus 4 scanner (Siemens, Munich, Germany) 
and GE Medical Systems/lightspeed 16 (Waukesha, WI, USA) 
in PA and HK studies, respectively. Measurements were taken 
in the pelvic region, covering from the femoral head to 3.5 cm 
below the lesser trochanter. The scan settings comprised 80 kVp, 
280 mA, 3 mm slice thickness and a 512 × 512 matrix, utilizing 
spiral reconstruction mode. For calibration purposes, hydroxy-
apatite calibration standards with known concentrations (150, 
75 and 0 mg/cm3) from Image Analysis Inc. (Columbia, KY, 
USA) were included in each scan along with the participant.

2.3   |   Manual Segmentation

Ground truth images for the 300 participants were generated 
through interactive pixel segmentation and thresholding tech-
niques using Slice-O-Matic software (TomoVision, Montreal, 
CA). The slices with the thickest left femoral neck were se-
lected to establish the reference slice. For volumetric analysis, 
two slices above and below the reference slice were chosen (five 
slices in total). Within each slice, seven tissues were segmented, 
namely, cortical bone, trabecular bone, haematopoietic bone 
marrow (HBM), MAT, muscle, IMAT and SAT. Two trained 
medical students, T.D. and J.B., performed the manual segmen-
tation. To assess inter-rater reliability, J.B. repeated the segmen-
tation of 20 images initially segmented by T.D.

The Hounsfield unit (HU) threshold values for cortical bone were 
derived by measuring the thresholds at the femoral shaft, which 
predominantly consists of cortical bone (> 300). Trabecular 
bone thresholds were calculated by subtracting the cortical bone 
threshold from the existing thresholds for low-density (cancel-
lous) bone (150–300) [S20]. MAT thresholds were determined by 
measuring the thresholds for the spinal cord, which shares sim-
ilar characteristics with MAT (fat surrounded by bone) (< 50). 
The HBM threshold was defined as the difference between tra-
becular bone and MAT (50–150). Threshold values for muscle 
(−30 to 500) and fat (employed for both IMAT and SAT [< −30]) 
were obtained from previous studies [S15].

2.4   |   Automatic Segmentation

2.4.1   |   Deep Learning Model

The U-Net architecture [11] is a widely used deep learning model 
for segmenting medical images. It consists of a contracting path 
(encoder) and an expansive path (decoder) with skip connections 
between them. The contracting path captures features from the 
input image, while the expansive path up-samples the features 
to generate a probability mask indicating tissue segmentation. 
The skip connections notably preserve fine details, which are 
crucial for medical image segmentation. In this study, Dense U-
Net, which is a variant of U-Net architecture, was selected. In 
Dense U-Net, traditional U-Net blocks are replaced with dense 
blocks, enhancing the model's ability to distinguish closely lo-
cated and overlapping tissues [12]. A schematic representation 
of the architecture used in this study is included in Figures S1 
and S2.

2.4.2   |   Training Procedure

The models in this study were trained using mini-batch stochas-
tic gradient descent with Adam as the optimizer. A batch size 
of 2 was chosen, and a learning rate of 0.0001 was applied. The 
training process was conducted for 200 epochs. Hyperparameter 
values were tuned empirically to achieve optimal performance. 
For this study, categorical cross-entropy loss function was se-
lected [S16]. All experiments were conducted using Python 
3.7.13, TensorFlow 2.8.2 and Keras 2.8.0 open-source software.

2.4.3   |   Model Performance Evaluation

Model performance was evaluated using the Dice similarity 
coefficient (DSC), average symmetric surface distance (ASSD), 
sensitivity and specificity. The DSC quantifies the spatial over-
lap between the ground truth labels (A)—tissues that were 
manually annotated by a trained user—and the predicted labels 
(B), which represent the model-generated tissue predictions. It 
is calculated as (A,B) = 2(A∩B)/(A + B), where ∩ represents the 
intersection [S17]. The DSC ranges from 0 to 1, with a value of 
1 indicating perfect agreement between the labels. In this study, 
DSC was calculated for each tissue type individually and is pre-
sented as a percentage. Moreover, the ASSD is used to measure 
the average distance between voxels on the boundary of the pre-
dicted labels and the corresponding voxels on the boundary of 
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the ground truth labels [S21]. A lower ASSD indicates a closer 
match between the prediction and ground truth labels. The 
ASSD was calculated for each tissue separately and measured 
in millimetres (mm).

Sensitivity, or the true positive rate, measures the proportion of 
actual positives (e.g., correctly identified tissue segments) that 
are correctly identified by the model. Specifically, for each tissue 
class, sensitivity was calculated as the number of true positive 
identifications divided by the sum of true positives and false neg-
atives, indicating the model's ability to correctly identify each tis-
sue type. On the other hand, specificity, or the true negative rate, 
assesses the model's ability to correctly identify negatives (e.g., 
correctly indicating the absence of a specific tissue type). For each 
class, specificity was calculated as the number of true negatives 
divided by the sum of true negatives and false positives.

In this study, k-fold cross-validation was also employed to evalu-
ate the models. This technique involves dividing the dataset into 
k subsets or folds. The models were trained using k − 1 subsets, 
and the remaining subset was used for evaluation. This process 
was repeated k times, ensuring each subset served as the eval-
uation set. Lastly, the results from each fold were averaged to 
obtain a comprehensive assessment of model performance. Our 
study utilized k = 10.

To assess the model's speed, we measured the time taken for 
manually segmenting one slice for 100 patients. This time was 
then compared with the time required for the deep learning 
model's automated segmentation of the same set of slices. We 
used a Windows 10–powered personal computer with an Intel 
Core I7 CPU processor, 16 GB RAM and a 64-bit operating 
system to generate segmentation masks using the deep learn-
ing model.

2.5   |   Robustness Experiment

To evaluate the effect of dataset size on model generalizability 
and robustness, two sets of models were trained. One set of 
models was trained on the PA dataset, while the other was 
trained on a combined dataset of PA and HK (PA + HK). From 
the PA-trained models, the best-performing model was se-
lected and tested on the HK dataset (considered new, unseen 
data) and on a subset of unseen data from the PA dataset (10% 
of the total, held out during training as a test set). Similarly, 
the best-performing model from the PA + HK-trained models 
was selected, and its test results were compared to those from 
the PA-trained model.

2.6   |   Statistical Methods

Participant characteristics are presented as medians (interquar-
tile range, IQR) and counts (percentages). Pearson's correlation 
was used to assess the association between quantitative measures 
from deep learning models (tissue area and volume). Linear re-
gression was used to evaluate the associations between quanti-
tative measures and clinical characteristics (grip strength, gait 
speed, chair sit-to-stand time and DXA measurements), while lo-
gistic regression was used for history of falls and fractures. Chair 

sit-to-stand time was log-transformed to normalize data distribu-
tion. Models were also adjusted for pre-specified confounders—
age, height and weight. Results are presented as coefficients or 
odds ratios (OR) with 95% confidence intervals. All analysis was 
performed using Stata 17 (StataCorp LLC, College Station, TX).

3   |   Results

3.1   |   Segmentation Results

Two sets of models were trained on the PA dataset (200 slices) 
and PA + HK dataset (300 slices) and tested on unseen data from 
the same datasets. DSC, ASSD, sensitivity and specificity were 
calculated for each tissue type studied. The results are presented 
in Table 1 as average and standard deviation of 10-fold cross val-
idation technique. Both models demonstrated high accuracy 
across test datasets, with an average DSC of 90.9% for models 
trained on the PA dataset and 90% for those trained on the com-
bined PA + HK dataset (Figure 1).

To demonstrate the effect of a larger dataset on the gen-
eralizability of the model, the results from testing the best-
performing PA model on both the unseen PA dataset and 
unseen HK dataset, as well as the results from testing the 
best-performing PA + HK model on test set of unseen PA + HK 
dataset has been presented in Table 2. A decrease in the per-
formance of the PA model was observed when tested on the 
HK dataset from an average DSC of 93.45%–85.13% over all 
tissues. On the other hand, an increase was observed in the 
accuracy of the models when the models were trained on 
PA + HK datasets compared to models trained only on PA 
dataset (average DSC of 92.48%).

The average time required to segment one slice was measured 
for both manual segmentation and automatic segmentation 
using the PA + HK model across 100 slices. The average time for 
manual segmentation was 15.5 min compared to 6.5 s for auto-
mated segmentation. Inter-rater reliability was excellent, with a 
DSC above 98% across all tissues for 20 patients.

3.2   |   Clinical Results

3.2.1   |   Demographics, Medical History 
and Clinical Parameters

The HK centre participants were relatively younger, with a 
median age of 70 years compared to 73 years at the PA centre. 
Similarly, the HK group exhibited a lower BMI (23.3 kg/m2) 
than the PA group (25.3 kg/m2). The prevalence of health con-
ditions also varied, with lower rates of diabetes, osteoporosis, 
stroke, arthritis, cancer and osteoarthritis in the HK cohort, but 
higher rates of hypertension and chronic obstructive pulmonary 
disease. Smoking rates were notably higher in HK, while frac-
ture occurrences were lower. Falls were more common in the 
HK group. HK participants had lower grip strength and walking 
speed and higher chair sit-to-stand time. BMD was lower in the 
femoral neck and spine for HK individuals, and total lean mass 
was also lower among them compared to the PA participants. 
Detailed comparisons are available in Table 3.
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3.2.2   |   Model's Quantitative Measurements

Quantitative measurements from the deep learning model are 
shown in Table  4. There was a weak correlation among area 
measures, with strongest correlation observed between total 
bone marrow and MAT (r = 0.754), cortical bone and total bone 
marrow (r = −0.584) and cortical bone and MAT (r = −0.588) 
(Figure  S3). A strong correlation was observed between area 
and volume measurements across both centres, so only area was 
used in subsequent analysis (Figure S4).

3.2.3   |   Association Between Quantitative Measurements 
and Function and Strength Characteristics

In this section, deep learning–generated quantitative measure-
ments have been treated as exposure and function and strength 
variables including grip strength, gait speed and five chair sit-
to-stand time as well as likelihood of non-trauma fractures and 

the history of falls (presented as odds ratio) were considered out-
come variables.

Higher grip strength was significantly associated with higher 
cortical bone area (coefficient and 95% confidence interval of 
0.95, [0.10, 1.80]), higher muscle area (0.41, [0.19, 0.64]), lower 
IMAT (−1.45, [−2.21, −0.70]), lower SAT (−0.32, [−0.50, −0.13]) 
and higher average HU adjusted for height squared (AHU/h2) 
for muscle (1.1, [0.53, 1.67]) (Table 5).

Higher gait speed was associated with higher muscle area (0.01, 
[0.00, 0.02]) and lower IMAT (−0.04, [−0.07, −0.01]). Moreover, 
higher chair sit-to-stand time was associated with lower mus-
cle area (0.98, [0.98, 0.99]), higher IMAT area (1.04, [1.01, 1.07]), 
higher SAT area (1.01, [1.01, 1.02]) and lower AHU/h2 for muscle 
(0.97, [0.95, 0.99]) (Table 5).

Only a higher MAT area showed some association with a higher 
likelihood of non-trauma fractures after the age of 50 years (1.67, 

TABLE 1    |    Dice similarity coefficient (DSC), average symmetric surface distance (ASSD), sensitivity and specificity of the deep learning models 
when trained on PA and PA + HK datasets.

Training dataset Testing dataset Tissues DSC (%) ASSD (mm) Sensitivity (%) Specificity (%)

PA (n = 180) PA (n = 20) Cortical bone 96.3 ± 1.82 0.19 ± 0.11 96 ± 2.23 99.93 ± 0.11

Trabecular bone 88.37 ± 4.64 0.22 ± 0.1 88.95 ± 5.5 99.82 ± 0.05

HBM 86.93 ± 3.93 0.35 ± 0.33 88.41 ± 5.37 99.89 ± 0.02

MAT 88.85 ± 3.01 0.54 ± 0.47 90.46 ± 6.8 99.96 ± 0.01

Muscle 96.02 ± 0.72 0.46 ± 0.1 96.15 ± 0.88 99.6 ± 0.1

IMAT 84.36 ± 2.45 0.72 ± 0.24 85.1 ± 4.39 99.7 ± 0.6

SAT 95.47 ± 1.55 0.74 ± 0.24 96.54 ± 1.77 99.64 ± 0.11

PA + HK (n = 270) PA + HK (n = 30) Cortical bone 96.86 ± 0.78 0.15 ± 0.04 95.81 ± 1.32 99.96 ± 0.01

Trabecular bone 88.99 ± 2.4 0.21 ± 0.06 89.76 ± 2.37 99.84 ± 0.02

HBM 86.51 ± 2.73 0.28 ± 0.09 88.54 ± 3.23 99.88 ± 0.02

MAT 88.76 ± 2.31 0.42 ± 0.13 91.13 ± 4.67 99.95 ± 0.01

Muscle 93.46 ± 3.52 0.83 ± 0.55 93.27 ± 3.5 99.68 ± 0.03

IMAT 81 ± 2.6 1.05 ± 0.43 82.19 ± 3.44 99.73 ± 0.1

SAT 94.23 ± 1.97 0.05 ± 0.5 96.35 ± 0.88 99.41 ± 0.4

Note: The results are presented as the average ± standard deviation of 10-fold cross validation.
Abbreviations: HBM: hematopoietic bone marrow; HK: Hong Kong dataset; IMAT: intermuscular adipose tissue; MAT: marrow adipose tissue; PA: Monongahela 
Valley near Pittsburgh Centre dataset; SAT: subcutaneous adipose tissue.

FIGURE 1    |    The figure represents an example of accurate segmentation performed by the deep learning model compared to manual segmentation.
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[0.98, 2.83] and p-value = 0.057). No variables were associated 
with the history of falls.

3.2.4   |   Association Between Quantitative 
Measurements and DXA Measurements

In this section, deep learning–generated quantitative measure-
ments have been treated as exposure, and DXA measurements 
including BMD of femoral, BMD of total spine and total lean 
mass have been treated as outcome variables.

Higher femoral neck BMD was significantly associated with a 
higher cortical bone area (0.09, [0.08, 0.10]), lower MAT area (−0.11, 
[−0.13, −0.10]), lower MAT area adjusted for total bone marrow 
area (−0.06, [−0.07, −0.05]) and higher AHU/h2 for muscle (0.01, 
[0.00, 0.02]). Similar to femoral neck BMD, higher total spine BMD 
was significantly associated with higher cortical bone area (0.12, 
[0.10, 0.14]), lower MAT area (−0.14, [−0.17, −0.11]), lower MAT 
area adjusted for total bone marrow area (−0.08, [−0.10, −0.06]) 
and higher AHU for muscle (0.02, [0.00, 0.05]) (Table 6).

Higher total lean mass was significantly associated with a 
higher cortical bone area (517.3, [148.26, 886.34]), higher tra-
becular bone area (924, [262.55, 1585.45]), higher muscle area 
(381.71, [291.47, 471.96]), lower IMAT area (−1096.62, [−1410.34, 
−782.89]), lower SAT area (−413.28, [−480.26, −346.29]), higher 
AHU for muscle (527.39, [159.12, 895.66]) and higher AHU/h2 
for muscle (300.03, [49.23, 550.83]) (Table 6).

4   |   Discussion

This study demonstrates a deep learning–based approach for 
precise, automated segmentation and quantification of mus-
culoskeletal tissues in CT scans of the proximal hip region. 
We also assessed our approach's robustness by successfully 
applying it to data from two distinct international cohorts. 
Moreover, our investigation extends to the clinical utility of 
our model by establishing associations between the quan-
titative outputs from the deep learning model and clinically 
relevant variables, including assessments of muscle function 
and strength, as well as measurements obtained via DXA. Our 

TABLE 2    |    Dice similarity coefficient (DSC), average symmetric surface distance (ASSD), sensitivity and specificity of the deep learning models 
when trained on PA dataset and tested on PA and HK dataset and when trained and tested on PA + HK dataset.

Training dataset Testing dataset Tissues DSC (%) ASSD (mm) Sensitivity (%) Specificity (%)

PA (n = 180) PA (n = 20) Cortical bone 97.97 0.08 98.02 99.96

Trabecular bone 93 0.12 93.44 99.88

HBM 91.82 0.16 92.65 99.92

MAT 92.76 0.26 92.56 99.97

Muscle 96.93 0.37 96.35 99.75

IMAT 85.65 0.64 86.17 99.82

SAT 96.06 0.55 96.57 99.76

HK (n = 100) Cortical bone 95.91 0.43 95.54 99.92

Trabecular bone 85.25 0.59 89.28 99.69

HBM 82.16 0.48 84.68 99.87

MAT 82.18 0.99 84.07 99.96

Muscle 92.69 1.24 93.43 99.32

IMAT 69.46 2.13 71.31 99.68

SAT 88.28 2.14 89.21 99.38

PA + HK (n = 270) PA + HK (n = 30) Cortical bone 97.77 0.09 97.18 99.96

Trabecular bone 91.86 0.14 92.08 99.87

HBM 90.40 0.16 92.46 99.89

MAT 92.04 0.20 93.98 99.96

Muscle 96.45 0.42 96.64 99.65

IMAT 83.39 0.70 82.80 99.83

SAT 95.49 0.69 96.97 99.68

Note: The results are presented for the best performing model from 10-fold cross validation.
Abbreviations: HBM: hematopoietic bone marrow; HK: Hong Kong dataset; IMAT: intermuscular adipose tissue; MAT: marrow adipose tissue; PA: Monongahela 
Valley near Pittsburgh Centre dataset; SAT: subcutaneous adipose tissue.
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study is novel in demonstrating the feasibility of quantifying 
key components, such as muscle and fat adiposity, within the 
proximal hip area—an important region in understanding 
sarcopenia and osteoporosis.

CT is regarded as a standard technique for the assessment of 
body composition as well as tissue loss conditions such as os-
teoporosis, sarcopenia, osteosarcopenia, malnutrition, COPD, 
cachexia, diabetes and renal failure [13]. Although previously 
the use of CT scans has been considered suboptimal due to ra-
diation exposure and labour-intensive image segmentation, new 
CT technologies have reduced the radiation exposure by utiliz-
ing various reconstruction and deep learning–based denoising 
techniques [S22, S23]. Moreover, CT scans are cheaper, faster 
and more comfortable for patients than MRI [14].

Deep learning techniques offer a fast, accurate tool for seg-
menting musculoskeletal tissues in CT scans. Several studies 
have focused on segmentation of muscle, bone and fat in the 
abdomen [15–18] [S24, S25, S26] and thigh [19] [S27, S28] area, 
but the number of studies investigating the hip area is limited. 
Nishiyama et al. utilized a deep generative model to effectively 
segment the gluteus medius muscle in CT scans [20]. Hiasa 
et al. and Iwasa et al. successfully segmented individual mus-
cles in hip and thigh CT scans using Bayesian U-Net models 
[21] [S29]. Other studies achieved muscle IMAT segmentation 
in hip CT scans [7] and muscle and SAT segmentation in both 
abdominal and hip areas [22]. To our knowledge, no other study 
has presented a technique for evaluating body composition and 
bone (including bone marrow adiposity) in the proximal hip re-
gion or correlated these measurements with clinically relevant 
variables.

The proximal hip, a key anatomical area, contains vital mus-
culoskeletal structures. It houses the femur, the largest bone, 
crucial for weight-bearing, movement and daily activities [S30]. 
Assessing the proximal femur is essential due to its role in bone 
density evaluation and vulnerability to osteoporotic fractures, 
a major health concern [S31]. This region also includes large 
muscles like the gluteals, hip flexors, abductors and rotators, 
crucial for stability, locomotion and functional mobility [S32]. 
Interestingly, muscle density in the proximal hip better predicts 
hip fractures than traditional BMD measures [5] [S32]. Notably, 
the size and density of muscles in this region have been linked 
to post-hip fracture mortality rates, underscoring their clinical 
significance [23]. Additionally, high IMAT volume in this area is 
associated with impaired balance and gait in older adults, high-
lighting the proximal hip's comprehensive role in musculoskel-
etal health [24].

Our automatic segmentation method achieved accuracy 
comparable to other methods for musculoskeletal tissue as-
sessment. For comparison, Barnard et al. achieved a DSC of 
94% and 86% for psoas muscle segmentation at the L3 level 
[25], while Weston et al. reported DSCs of 93%, 88%, and 95% 
for SAT, muscle and bone, also at the L3 level [17]. Hemke 
et al. found DSCs of 97%, 95%, 91% and 92% for SAT, muscle, 
IMAT and bone in the pelvic area [26]. Notably, our model 
was trained on fewer images than some of these studies. Also, 
many studies did not use k-fold cross-validation, and their 
results reflect their best models. Our approach uniquely dif-
ferentiates between cortical bone, trabecular bone, HBM and 
MAT, unlike others that group these as ‘bone’. Lower accuracy 
in tissues like IMAT and MAT is expected due to their smaller, 
more dispersed nature. Minor pixel changes can significantly 

TABLE 4    |    Association between quantitative measurements generated by deep learning model from PA and HK datasets.

Studied tissues HK dataset (n = 100) PA dataset (n = 200) Total p

Volume for 5 slices 
(cm3)

Cortical bone 27.32 (24.39, 31.22) 38.43 (33.63, 43.00) 0.71 (0.64, 0.77) < 0.001

Trabecular bone 18.03 (16.66, 20.24) 25.65 (23.47, 28.64) 0.29 (0.23, 0.36) < 0.001

HBM 9.72 (8.02, 11.52) 13.82 (10.58, 16.17) 34.70 (28.95, 40.93) < 0.001

MAT 3.90 (2.35, 5.89) 5.85 (3.68, 9.13) 23.67 (19.63, 26.76) < 0.001

Muscle 108.07 (94.33, 116.86) 164.99 (153.40, 177.91) 11.94 (9.13, 15.11) < 0.001

IMAT 15.09 (11.37, 20.55) 24.75 (18.67, 32.87) 5.24 (3.13, 7.70) < 0.001

SAT 87.72 (74.81, 107.65) 116.76 (95.33, 145.26) 153.40 (116.86, 172.12) < 0.001

Area (cm2) Cortical bone 45.81 (40.13, 52.84) 48.50 (41.84, 55.50) 21.23 (15.42, 28.89) 0.050

Trabecular bone 30.06 (27.48, 33.84) 32.76 (29.63, 36.86) 105.45 (84.20, 136.79) < 0.001

HBM 15.84 (12.60, 19.49) 17.97 (13.59, 21.65) 47.85 (41.23, 54.81) 0.004

MAT 6.42 (3.68, 9.59) 7.88 (4.32, 12.12) 32.10 (28.90, 36.09) 0.056

Muscle 172.54 (152.32, 187.64) 206.24 (191.15, 224.20) 17.25 (13.19, 20.78) < 0.001

IMAT 23.93 (17.86, 32.99) 31.05 (23.62, 41.02) 7.25 (4.14, 11.46) < 0.001

SAT 140.05 (116.00, 172.78) 144.63 (118.12, 179.69) 196.36 (175.64, 216.88) 0.50

Note: The results are presented as median and interquartile range: median (first quartile, third quartile). p-value significant at p < 0.05.
Abbreviations: AHU: average Hounsfield unit; HBM: haematopoietic bone marrow; HK: Hong Kong dataset; IMAT: intermuscular adipose tissue; MAT: marrow 
adipose tissue; PA: Monongahela Valley near Pittsburgh Centre dataset; SAT: subcutaneous adipose tissue; TBM: total bone marrow.
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affect DSC, as seen in previous research [17]. Figure 2 shows 
examples of our model's high-accuracy segmentation with 
minimal errors.

To evaluate our technique's robustness, we tested the best model 
from the PA dataset on both PA and HK datasets. Despite an 
8.32% drop in average DSC across all tissues, the model ac-
curately segmented new data from a different imaging sys-
tem (Table  2), demonstrating the method's transferability. 
Additionally, training the model with combined PA and HK data 
improved segmentation accuracy, with a 7.35% increase in aver-
age DSC across tissues (Table 2). This inclusion of diverse data 
sources enhanced the model's performance and generalizability.

Ageing increases fat accumulation in non-adipose tissues like 
bone marrow, skeletal muscle and liver [27]. Factors like ex-
tended bed rest or space travel can worsen bone fat infiltration 
[28] [S33], and prolonged inactivity may lead to increased mus-
cle fat and reduced strength, raising the risk of balance issues 
and falls [29] [S34]. This risk is heightened with decreased phys-
ical activity in older adults. Fat in lower limb muscles is linked 
to a higher fracture risk in older adults [30]. Additionally, fat 
infiltration in muscles and bones correlates with the severity of 

osteoporosis and sarcopenia, underscoring the need to study the 
interplay between fat deposition, strength and performance [3].

In muscle fatty infiltration, two main pathways are identified: 
IMAT and intramyocellular lipid (IMCL). IMAT involves fat 
accumulation within muscle bundles, while IMCL refers to fat 
within myofibers [31]. Our study effectively segmented IMAT, 
but direct IMCL segmentation using QCT scans is challenging 
due to technical limitations. Instead, the AHU can act as a sur-
rogate for IMCL, as fat's lower HU value reduces muscle AHU. 
We found a significant link between lower AHU and AHU/h2 
in muscle (higher IMCL), and reduced BMD in the femoral neck 
and spine, consistent with previous research on fatty muscle in-
filtration's impact on BMD [32]. Yin et al. reported a negative as-
sociation between fat in the gluteus maximus and thigh muscles 
and proximal femur BMD [33], and Li et al. observed a similar 
correlation between IMAT, IMCL in the proximal femur and 
femur BMD [34].

Much like the presence of fat infiltration in muscle, our study 
also revealed a strong association between increased MAT, 
MAT adjusted for total bone marrow and lower BMD in both the 
femoral neck and spine. This finding aligns with prior research 

TABLE 5    |    Association between quantitative measurements generated by deep learning model and strength and functional variables.

Grip strength (kg) Gait speed (m/s) Five chair sit-to-stand time (s)

Studied 
tissues Coefficient 95% CI p Coefficient 95% CI p

Exp 
coefficient 95% CI p

Cortical bone 0.95 [0.10, 
1.80]

0.029 −0.01 [−0.04, 
0.02]

0.595 0.99 [0.95, 1.02] 0.388

Trabecular 
bone

−0.19 [−1.73, 
1.35]

0.812 −0.03 [−0.08, 
0.02]

0.282 0.99 [0.94, 1.06] 0.866

HBM −0.55 [−1.99, 
0.89]

0.453 0 [−0.05, 
0.05]

0.858 1.03 [0.98, 1.09] 0.264

MAT −0.48 [−1.81, 
0.86]

0.483 0 [−0.05, 
0.04]

0.849 1.05 [1.00, 1.11] 0.069

Muscle 0.41 [0.19, 
0.64]

< 0.001 0.01 [0.00, 
0.02]

0.002 0.98 [0.98, 0.99] 0.001

IMAT −1.45 [−2.21, 
−0.70]

< 0.001 −0.04 [−0.07, 
−0.01]

0.003 1.04 [1.01, 1.07] 0.009

SAT −0.32 [−0.50, 
−0.13]

0.001 −0.01 [−0.01, 
−0.00]

0.014 1.01 [1.01, 1.02] 0.001

HBM/TBM 0.34 [−0.43, 
1.11]

0.388 0 [−0.02, 
0.03]

0.761 0.97 [0.94, 1.00] 0.041

MAT/TBM −0.34 [−1.11, 
0.43]

0.388 0 [−0.03, 
0.02]

0.761 1.03 [1.00, 1.06] 0.041

AHU muscle 0.8 [−0.05, 
1.65]

0.066 −0.01 [−0.04, 
0.02]

0.355 0.98 [0.94, 1.01] 0.148

AHU 
muscle/h2

1.1 [0.53, 
1.67]

< 0.001 0.01 [−0.00, 
0.03]

0.099 0.97 [0.95, 0.99] 0.001

Note: Chair sit-to-stand time was log transformed; Exp coefficients represents fold difference in chair sit-to-stand time. The results are presented as coefficient and 95% 
confidence interval. p-value significant at p < 0.05. The results are presented for the best performing model trained on PA + HK datasets.
Abbreviations: AHU: average Hounsfield unit; CI: confidence interval; HBM: haematopoietic bone marrow; HK: Hong Kong dataset; IMAT: intermuscular adipose 
tissue; MAT: marrow adipose tissue; PA: Monongahela Valley near Pittsburgh Centre dataset; SAT: subcutaneous adipose tissue; TBM: total bone marrow.

 1353921906009, 2025, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/jcsm

.13728 by N
ational H

ealth A
nd M

edical R
esearch C

ouncil, W
iley O

nline L
ibrary on [05/07/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



10 of 13 Journal of Cachexia, Sarcopenia and Muscle, 2025

T
A

B
L

E
 6

    
|    

A
ss

oc
ia

tio
n 

be
tw

ee
n 

qu
an

tit
at

iv
e 

m
ea

su
re

m
en

ts
 g

en
er

at
ed

 b
y 

de
ep

 le
ar

ni
ng

 m
od

el
 a

nd
 D

X
A

 v
ar

ia
bl

es
.

C
or

re
ct

ed
 fe

m
or

al
 n

ec
k 

B
M

D
 (

g/
cm

2 )
To

ta
l s

pi
ne

 B
M

D
 (

g/
cm

2 )
To

ta
l l

ea
n 

m
as

s 
(g

)

C
oe

ff
ic

ie
nt

95
%

 C
I

p
C

oe
ff

ic
ie

nt
95

%
 C

I
p

C
oe

ff
ic

ie
nt

95
%

 C
I

p

C
or

tic
al

 b
on

e
0.

09
[0

.0
8,

 0
.1

0]
<

 0.
00

1
0.

12
[0

.1
0,

 0
.1

4]
<

 0.
00

1
51

7.
3

[1
48

.2
6,

 8
86

.3
4]

0.
00

6

Tr
ab

ec
ul

ar
 b

on
e

−
0.

01
[−

0.
04

, 0
.0

1]
0.

22
9

−
0.

02
[−

0.
06

, 0
.0

2]
0.

25
7

92
4

[2
62

.5
5,

 1
58

5.
45

]
0.

00
6

H
BM

−
0.

12
[−

0.
14

, −
0.

10
]

<
 0.

00
1

−
0.

14
[−

0.
17

, −
0.

11
]

<
 0.

00
1

25
3.

07
[−

37
3.

51
, 8

79
.6

4]
0.

42
7

M
A

T
-0

.1
1

[−
0.

13
, −

0.
10

]
<

 0.
00

1
−

0.
14

[−
0.

17
, −

0.
11

]
<

 0.
00

1
−1

81
.2

7
[−

76
4.

03
, 4

01
.4

8]
0.

54
1

M
us

cl
e

0
[−

0.
00

, 0
.0

1]
0.

13
1

0
[−

0.
00

, 0
.0

1]
0.

42
8

38
1.

71
[2

91
.4

7,
 4

71
.9

6]
<

 0.
00

1

IM
A

T
−

0.
01

[−
0.

02
, 0

.0
1]

0.
33

8
−

0.
01

[−
0.

03
, 0

.0
0]

0.
14

−1
09

6.
62

[−
14

10
.3

4,
 −

78
2.

89
]

<
 0.

00
1

SA
T

0
[−

0.
01

, 0
.0

0]
0.

09
1

0
[−

0.
01

, 0
.0

0]
0.

34
−

41
3.

28
[−

48
0.

26
, −

34
6.

29
]

<
 0.

00
1

H
BM

/B
M

0.
06

[0
.0

5,
 0

.0
7]

<
 0.

00
1

0.
08

[0
.0

6,
 0

.1
0]

<
 0.

00
1

24
5.

48
[−

92
.4

2,
 5

83
.3

7]
0.

15
4

M
A

T/
BM

−
0.

06
[−

0.
07

, −
0.

05
]

<
 0.

00
1

−
0.

08
[−

0.
10

, −
0.

06
]

<
 0.

00
1

−2
45

.4
8

[−
58

3.
37

, 9
2.

42
]

0.
15

4

A
H

U
 m

us
cl

e
0.

01
[−

0.
00

, 0
.0

2]
0.

11
9

0.
02

[0
.0

0,
 0

.0
5]

0.
03

3
52

7.
39

[1
59

.1
2,

 8
95

.6
6]

0.
00

5

A
H

U
 m

us
cl

e/
h2

0.
01

[0
.0

0,
 0

.0
2]

0.
02

1
0.

01
[−

0.
00

, 0
.0

3]
0.

06
2

30
0.

03
[4

9.
23

, 5
50

.8
3]

0.
01

9

N
ot

e:
 T

he
 re

su
lts

 a
re

 p
re

se
nt

ed
 a

s c
oe

ff
ic

ie
nt

 a
nd

 9
5%

 c
on

fid
en

ce
 in

te
rv

al
. T

he
 re

su
lts

 a
re

 p
re

se
nt

ed
 fo

r t
he

 b
es

t p
er

fo
rm

in
g 

m
od

el
 tr

ai
ne

d 
on

 P
A

 +
 H

K
 d

at
as

et
s.

 p
-v

al
ue

 si
gn

if
ic

an
t a

t p
 <

 0.
05

.
A

bb
re

vi
at

io
ns

: A
H

U
: a

ve
ra

ge
 H

ou
ns

fie
ld

 u
ni

t; 
C

I: 
co

nf
id

en
ce

 in
te

rv
al

; D
X

A
: d

ua
l X

-r
ay

 a
bs

or
pt

io
m

et
ry

; H
BM

: h
ae

m
at

op
oi

et
ic

 b
on

e 
m

ar
ro

w
; H

K
: H

on
g 

K
on

g 
da

ta
se

t; 
IM

A
T:

 in
te

rm
us

cu
la

r a
di

po
se

 ti
ss

ue
; M

A
T:

 m
ar

ro
w

 a
di

po
se

 
tis

su
e;

 P
A

: M
on

on
ga

he
la

 V
al

le
y 

ne
ar

 P
itt

sb
ur

gh
 C

en
tr

e 
da

ta
se

t; 
SA

T:
 su

bc
ut

an
eo

us
 a

di
po

se
 ti

ss
ue

; T
BM

: t
ot

al
 b

on
e 

m
ar

ro
w

.

 1353921906009, 2025, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/jcsm

.13728 by N
ational H

ealth A
nd M

edical R
esearch C

ouncil, W
iley O

nline L
ibrary on [05/07/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



11 of 13

demonstrating a negative correlation between MAT and bone 
volume and density. Shen et al. reported an inverse relationship 
between MAT and BMD in older women [35]. Furthermore, Bani 
Hassan et al. extended this observation to older men, confirm-
ing a negative correlation between MAT volume and BMD [36].

Our study found a significant link between higher IMAT and 
lower AHU and AHU/h2 in muscle, correlating with decreased 
lean mass, lower grip strength and gait speed and longer chair 
sit-to-stand times. This suggests that fat accumulation in muscle 
adversely affects muscle mass, strength and function, likely due 
to local inflammatory and lipotoxic milieu [32]. These findings 
are consistent with previous studies: Beavers et al. and Murphy 
et  al. noted a negative impact of IMAT on gait speed in older 
adults [37] [S35]. Khoja et  al. observed that higher IMAT and 
lower AHU were linked to slower gait and longer chair sit-to-
stand times in rheumatoid arthritis patients [38]. Perkisas et al. 
and Lim et al. found negative correlations between IMAT and 
grip strength and gait speed, respectively [39] [S36].

The effect of fat accumulation on musculoskeletal health has 
been previously studied. The excessive adipose tissue in bone 
and muscle is associated with the release of pro-inflammatory 
molecules, which can impair bone and muscle metabolism [32]. 
Furthermore, insulin resistance itself contributes to these in-
flammatory responses, creating a feedback loop that further 
exacerbates metabolic dysfunction and potentially impacts mus-
culoskeletal health [32] [S37].

We found that larger muscle areas were associated with in-
creased lean mass, grip strength and better chair sit-to-stand 
performance, suggesting that muscle area measurements in 
the proximal hip are effective proxies for overall muscle mass, 
strength and function. This is in line with previous studies in dif-
ferent body regions. Morrell et al. showed that psoas muscle area 
could indicate whole body lean mass in haemodialysis patients 
[40], and Byun et al. found correlations between psoas muscle 
area, appendicular lean mass and grip strength, highlighting its 
usefulness in assessing conditions like sarcopenia [S38].

In our investigation, elevated MAT levels were associated with 
the occurrence of non-trauma fractures in individuals aged 50 
and above. This finding aligns well with the correlation between 
higher MAT and lower BMD in the femoral neck and spine. 
However, our analysis did not reveal any significant associations 
between other quantitative metrics and the incidence of falls or 
fractures. It is essential to acknowledge that this observed out-
come might be attributed to the relatively constrained partici-
pant pool, given that the study population exhibited incidences 
of falls and fractures at rates of 20% and 14%, respectively.

Our study has several strengths. First, despite limited available 
data, we have successfully developed an accurate and efficient 
segmentation and quantification method for evaluating mus-
culoskeletal tissues within the proximal hip region. Second, by 
examining data from two distinct cohorts, we have assessed 
the robustness and adaptability of our technique. Additionally, 
our study delves into the clinical significance of quantitatively 
assessing musculoskeletal tissues in the proximal hip by cor-
relating the results generated from deep learning model with 
clinically relevant variables, indicating its potential impact on 
prognosis and diagnosis of conditions such as osteoporosis and 
sarcopenia in an opportunistic manner.

Our study does have certain limitations. First, our dataset in-
cludes only men; future studies should include women to pro-
vide a more comprehensive perspective. Furthermore, our study 
is based solely on cross-sectional data. Longitudinal data would 
provide valuable insights into how musculoskeletal tissues 
change over time and could further enhance our understanding 
of these complex relationships. Moreover, while we have signifi-
cantly improved model performance by incorporating data from 
a second dataset, we must acknowledge that we did not have ac-
cess to a third to further assess the robustness of the technique. 
Expanding our analysis to include such additional datasets in 
the future would strengthen the generalizability and reliabil-
ity of our segmentation model across various populations and 
scanning conditions. This study's population consists mostly of 
White participants from PA and Chinese participants residing 

FIGURE 2    |    Examples of the model's high-accuracy segmentation with minimal errors.
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in Hong Kong (HK); thus, generalizability to other races and 
ethnic groups remains uncertain. Further, our model included 
images from just two scanners, it is not clear how it would per-
form with images acquired from other models of scanners. This 
remains an area for potential future research and development.

This study has critical implications for researchers, clinicians 
and patients. For researchers, the developed deep learning 
model provides a reliable and efficient tool for musculoskeletal 
tissue segmentation, supporting further studies on musculoskel-
etal health and enhancing our understanding of conditions such 
as osteoporosis and sarcopenia. Future versions of this tech-
nique have the potential to benefit clinicians by providing an 
automated segmentation approach that is fast, accurate, and less 
dependent on manual input, enabling more efficient diagnostic 
processes and allowing for earlier detection of tissue loss or fat 
infiltration in the hip region. For patients, opportunistic utili-
zation of the routine CT scans using our technique can provide 
precise quantification of tissue changes associated with ageing 
and chronic conditions, leading to more personalized and timely 
interventions that may reduce the risk of falls and fractures. 
Overall, these findings suggest that tissue quantification in this 
area offers a valuable, practical, and low-cost tool that could be 
readily implemented in clinical practice. However, validation 
in larger cohorts through longitudinal studies that include both 
sexes is necessary to fully confirm its efficacy.
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