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Osteoporosis is a prevalent metabolic bone disease that frequently remains undiagnosed due to 
limited access to bone mineral density (BMD) tests, such as Dual-energy X-ray absorptiometry 
(DXA). To address this issue, recent research explores alternative indicators from peripheral skeletal 
sites to enable earlier and more accessible screening. In this paper, we propose a method to predict 
osteoporosis using hand and wrist X-ray images, which are widely available and cost-effective, though 
their association with DXA-based diagnoses is not yet fully established. Our approach employs 
an image segmentation model utilizing a mixture of probabilistic U-Net decoders, which captures 
predictive uncertainty when segmenting the ulna, radius, and metacarpal bones. The segmentation 
task is formulated as an optimal transport (OT) problem, effectively addressing the variability inherent 
in medical images. Additionally, we adopt a self-supervised learning (SSL) strategy that pretrains the 
model on augmented, unlabeled data to learn robust, invariant feature representations. These features 
are subsequently fine-tuned in a supervised classification task to distinguish osteoporotic from 
normal cases. We evaluate our method on X-rays from 192 individuals with verified DXA diagnoses. By 
combining uncertainty-aware segmentation and self-supervised feature learning, our framework offers 
a promising vision-based strategy for early osteoporosis detection using peripheral X-ray imaging.

Osteoporosis is a common bone ailment characterized by reduced bone mineral density (BMD) or bone mass 
loss, leading to bones becoming fracture-prone and structurally compromised. Given its prevalence and far-
reaching impact, there is a pressing need for preemptive risk assessment, early diagnosis, and effective preventive 
actions. While computed tomography (CT) and magnetic resonance imaging (MRI) have demonstrated potential 
in BMD estimation and osteoporosis screening1–3, their clinical use is limited due to concerns about radiation 
exposure and associated costs. At present, the dual energy X-ray absorptiometry (DXA) is recognized as a 
standard and reliable instrument for osteoporosis detection and BMD analysis. Nonetheless, DXA comes with 
its own set of challenges: the proficiency of the operator can influence the results, the patient’s posture during the 
test can skew accuracy, and in obese patients with significant fat mass, BMD might be overestimated4,5.

As a solution, recent studies have highlighted the utility of X-ray images, routinely acquired in clinical 
settings, as an effective means for gathering comprehensive data. This approach can be particularly useful for 
osteoporosis detection6–10, leveraging the widespread availability of radiographs from individuals who have not 
been specifically screened for the condition. By eliminating the need for expensive DXA equipment, this strategy 
presents a more affordable option and is preferable for patients due to its considerably lower radiation exposure 
compared to DXA scans. Among the various clinical approaches, the 2nd metacarpal cortical index (2MCI) 
in hand X-ray images has gained attention as a promising biomarker for osteoporosis screening11,12, with the 
cortical thickness and cancellous bone tissue porosity of the metacarpal bone playing a crucial role in disease 
identification. Despite its promise, this method faces obstacles, such as the time-intensive manual measurement 
of metacarpal dimensions and its failure to encompass all disease characteristics. A viable alternative is automated 
radiographic understanding and analysis, which can offer valuable insights to orthopedists during the diagnostic 
process.

To address the research gap between traditional manual radiographic analysis and the recent strides in 
deep learning that have reached diagnostic levels comparable to those of medical experts in various fields13, 
we introduce a novel automated approach for osteoporosis screening (Fig. 1). In these procedures, we innovate 
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by redefining the task of medical image classification as a segmentation (Fig. 1a), thereby obviating the need 
for manual calculations of the 2MCI. The first step in our approach involves curating the training dataset by 
identifying and isolating critical bones in hand and wrist radiographs, with a particular focus on the metacarpals 
for osteoporosis screening. This task is accomplished through a dedicated U-Net architecture14–16 designed 
to effectively captures the multimodal aspects of predictive uncertainty in semantic segmentation. It is akin 
to the routine practices of orthopedists who depend on quantitative assessments derived from segmentation 
masks. Following the segmentation-based classification reformulation, our approach employs a self-supervised 
learning (SSL) framework (Fig. 1b) for the initial pre-training phase of our classification networks (Fig. 1c). This 
framework enables the models to discern nuanced, yet critical features without the dependency on explicitly 
labeled data, thereby improving the models’ generalization capabilities, especially in the context of limited data 
availability, as demonstrated in our study with 192 subjects. Furthermore, we enhance the efficiency of our self-
supervised learning by incorporating a customized multi-crop augmentation strategy17, specifically adapted for 
hand X-ray images, to optimize the learning process.

This paper explores how easily accessible, yet unlabeled, hand radiographic data can be leveraged to detect 
osteoporosis on real-world medical settings. Our contributions are threefold:

•	 We introduce a novel automated approach for osteoporosis screening that utilizes peripheral radiographic 
images instead of central DXA measurements, leveraging a custom U-Net architecture to eliminate the need 
for traditional 2MCI calculations. This shift could significantly simplify and enhance the accessibility of os-
teoporosis screenings.

•	 We explore a SSL framework focused on segments of hand and wrist bones. This method allows our models 
to effectively distill critical features prior to osteoporosis prediction, demonstrating enhanced outcomes com-
pared to conventional supervised learning approaches.

•	 Our research boosts model training efficiency through a specialized multi-crop augmentation strategy specif-
ically designed for hand X-ray images, optimizing the learning process and improving model performance in 
scenarios with limited data availability.

Related work
Osteoporosis Prediction in Radiographic Data. Classical approaches to osteoporosis prediction have relied 
on manually derived radiographic measurements from either proximal or distal segments of long bones to 
estimate BMD and assess osteoporosis risk. Examples include indices such as cortical thickness and canal 
flare, as well as measures like mean cortical bone thickness and the femoral cortex index at the distal femur for 
prediction18. Other studies have reported correlations between the corticomedullary index of the distal humerus 
and epiphyseal BMD19, and between mandibular cortical width and DXA-measured BMD20. Although these 
findings demonstrate the potential of plain radiographs for osteoporosis assessment, their diagnostic accuracy 
remains limited. Furthermore, BMD obtained from DXA provides only a partial representation of bone quality, 
which also depends on microstructural integrity and density; notably, certain bone remodeling biomarkers have 
been shown to predict fracture risk independently of BMD21.

More recently, however, research in osteoporosis prediction has continuously embraced a variety of 
radiographic imaging techniques and computational models to enhance diagnostic accuracy. For example, 
Yamamoto et al.6 and Jang et al.9 have expanded the use of deep learning models on hip radiographs, frequently 
integrating clinical data to boost the models’ diagnostic effectiveness. Similarly, Hsieh et al.8 illustrated the 
effectiveness of traditional radiographic scans of the pelvis and lumbar spine in predicting bone mineral density 
(BMD) and assessing fracture risk, alongside automated tools. Ho et al.10 also utilized plain pelvis X-rays to 
introduce the DeepDXA model, which uses convolution-based regression to predict BMD, highlighting the 
potential for broad screening applications with standard radiographic images.

Fig. 1.  Illustration of framing a hand X-ray osteoporosis screening problem through (a) segmentation, (b) 
self-supervised pre-training, and (c) downstream classification task.
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Recent studies have shifted towards leveraging more readily accessible imaging types; for instance, Wang 
et al.22 employed chest X-rays and developed a multi-ROI deep model with a transformer encoder to precisely 
estimate BMD, while Sebro et al.23 explored the use of computed tomography in analyzing wrist and forearm CT 
scans for opportunistic screening, revealing positive correlations between CT attenuations of the wrist/forearm 
bones and DXA measurements. In a slightly different approach, Zheng et al.24 applied texture-based descriptors 
to distinguish between healthy and osteoporotic subjects, supporting the role of 2D texture analysis in detecting 
changes in trabecular bone microarchitecture. Our work distinguishes itself by focusing on hand radiographs, 
leveraging these peripheral yet commonly available radiographic data. We enhance our approach by applying 
self-supervised learning on the hand X-rays, aiming to encourage the model to learn features within the cluster 
of articulating bones in each hand and wrist, which are likely directly correlated with osteoporotic labels.

Medical Image Classification as Segmentation. The recent trend in medical image analysis has seen an 
innovative convergence of segmentation techniques with classification tasks, considerably increasing diagnostic 
accuracy and model robustness. This synthesis allows for the leveraging of spatial and structural features inherent 
in segmentation tasks to improve the classification of various medical conditions. Early endeavors, exemplified 
in Wong et al.25, introduced a curriculum learning-inspired approach where features from segmentation 
networks are utilized to facilitate classifying complex structures, such as brain tumors and cardiac levels, by 
initially training networks to understand simpler shape and structural concepts through segmentation. Further 
research, as discussed in Heker et al.26 and Mojab et al.27, continued to expand on this foundation by blending 
transfer and joint learning techniques to optimize feature extraction and model robustness in medical imaging 
tasks, such as liver lesion segmentation and classification. These studies underline the effectiveness of using 
segmentation as a preliminary step to classification, achieving notably better results than traditional multi-
task architectures. In Gare et al.28, authors took a different approach by employing pre-trained segmentation 
models for diagnostic classification, termed reverse-transfer learning, which highlighted the advantages of dense 
versus sparse segmentation labeling and reduced false positive rates in lung ultrasound analysis. Finally, Saab 
et al.29 addressed the reliance of neural networks on spurious features by increasing spatial specificity through 
segmentation. By providing more precise location data of abnormalities, the models achieved greater robustness 
against misleading features, which was particularly important in tasks like pneumothorax and melanoma 
classification. Each of these studies highlights a unique dimension of how segmentation can enrich classification 
tasks in medical imaging, from increasing data richness to improving model reliability and reducing the need for 
extensive annotated datasets. Our work builds upon these advancements by specifically applying segmentation 
to derive features from the ulna, radius, and five metacarpals within a self-supervised learning framework for 
hand and wrist radiographs.

Methods
We begin with the hypothesis that directly employing raw X-ray images may not serve as the ideal input for our 
residual neural networks for classification due to their large dimensions, which surpasses the handling capacity 
of standard image classification frameworks. Moreover, merely resizing these images could pose the risk of 
losing essential features such as bone texture and microarchitecture23,24,30, vital for making precise osteoporosis 
predictions. As an alternative, instead of using arbitrary small image patches, we propose using images based on 
specific bones, obtained through segmentation of the targeted areas. This approach of segment-specific analysis 
is backed by several pieces of research demonstrating the benefits of incorporating segmentation methods into 
classification tasks25–29,31,32. Our approach also aligns with findings from earlier research indicating a significant 
correlation between the 2MCI, which can be derived from segmented inputs, and BMD measurements11,12. 
Consequently, we opt to isolate individual bones in hand and wrist radiographic images to enhance the specificity 
of our analysis.

In this section, we outline the process for creating segmentation masks for the bones of interest, introduce 
multi-crop data augmentation methods, and detail our approach to applying self-supervised pre-training to 
segmented image inputs followed by supervised classification task.

Segmentation mask for target bones
Problem setup
Accurate segmentation of target bones in radiographic images is challenging due to annotation variability and 
inherent ambiguity in image interpretation. Different experts may provide slightly different but equally valid 
segmentations, especially near boundaries, in occluded regions, or where image contrast is low. A standard 
encoder–decoder architecture with a single deterministic output often collapses these possibilities into an 
averaged prediction, which can obscure clinically relevant details. To better capture this variability, we frame 
segmentation as a probabilistic prediction problem over a distribution of plausible outputs rather than a single 
deterministic mask. We adopt an encoder–decoder structure similar to U-Net14, consistent with prior work33, 
but extend it with a modular and uncertainty-aware design (see Fig. 2).

We begin with a labeled dataset D = (xi, y
(j)
i , β

(j)
i )

j=1:M
i=1:D , where xi ∈ RH×W  represents the i-th 

radiographic image, and each image has M distinct segmentation annotations y(j)
i ∈ {1, . . . , C}H×W  with 

associated probabilities β(j)
i  satisfying 

∑
j

β
(j)
i = 1. Here, C denotes the number of classes, and H and W 

indicate the image’s height and width, respectively. Our goal is to learn a model that outputs a probability 
distribution over segmentations that matches the variability in these annotations.

To achieve this, we employ multiple decoder modules, each capable of representing a different mode of the 
segmentation distribution, and introduce controlled stochasticity through module-specific Gaussian noise in the 
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feature space. This combination enables the model to produce anatomically coherent yet diverse segmentation 
hypotheses, which are then combined via a learned routing function into a single predictive distribution.

Uncertainty-aware segmentation with modularity
Our segmentation framework builds on a shared encoder–decoder backbone but replaces the single decoder with 
K parallel decoder modules. Each module is designed to capture a distinct plausible mode of the segmentation 
distribution, thereby modeling the multimodality induced by annotation variability and image ambiguity. The 
encoder fenc(x) maps an input x to a global feature map ue ∈ RF1×H′×W ′

, and each decoder module f (k)
dec  

transforms this shared representation into a deterministic decoded feature map ud ∈ RF2×H×W . To capture 
aleatoric uncertainty34, we introduce a module-specific stochastic latent vector zk ∼ N (µk, σ2

kI). The isotropic 
Gaussian prior ensures rotational symmetry in the latent space, avoiding bias toward any specific anatomical 
direction and enabling smooth, continuous variability within each module. Rather than injecting noise at the 
input or output pixel level, which can produce incoherent artifacts, we modulate the decoded features in a feature-
wise affine manner: ūk

d[:, i, j] = Wszk ⊙ (ud[:, i, j] + Wbzk) where Ws, Wb ∈ RF2×L project the latent vector 
into scale and bias terms that are applied to the decoded features. This approach preserves spatial coherence 
while allowing structured variation within each module’s predictions. The resulting stochastic feature maps are 
passed through three 1 × 1 convolution layers to produce the k-th segmentation output sk = fConv1D

(
ūk

d

)
. 

For each module, we draw S latent samples {z
(j)
k }S

j=1 to generate S segmentation hypotheses {s
(j)
k }S

j=1, which 
are averaged to form the module-specific predictive distribution. To combine these into the final predictive 
distribution, we employ a routing function r(·) operating on global encoder features ūe = AvgPool(ue). This 
vector is processed by a multi-layer perceptron that outputs mixture weights πk(x), resulting in

	
qθ(y|x) =

K∑
k=1

πk(x)

(
1
S

S∑
j=1

δ(s(j)
k )

)
� (1)

where θ includes all encoder, decoder, noise-projection, and routing parameters. This mixture-of-decoders 
architecture, combined with structured stochastic modulation, enables the model to represent rich, multimodal 
segmentation distributions that align with the inherent uncertainty in the data.

Optimal transport-based loss
We define the learning process of our model as the minimization of a Wasserstein loss35 between the model 
prediction qθ(y|x) and the actual annotated distribution of the image p(y|x):

	
qθ(y|x) =

N∑
i=1

α(i)δ(s(i)) =
K∑

k=1

S∑
j=1

πk(x)
S

δ(s(j)
k ) � (2)

Fig. 2.  Overview of the proposed uncertainty-aware segmentation framework. The model features a shared 
U-Net encoder and multiple decoder modules, each designed to capture a distinct mode of the segmentation 
distribution. For each decoder, stochasticity is introduced via a module-specific latent vector sampled from 
an isotropic Gaussian prior, which is transformed into feature-wise scale and bias terms before modulating 
the decoded feature maps. This Gaussian prior imposes no directional bias in the latent space, ensuring an 
unbiased representation of uncertainty. The resulting stochastic features are passed through 1 × 1 convolution 
layers to produce multiple plausible segmentation hypotheses. A routing function, operating on global encoder 
features, assigns input-dependent weights to each module’s output. The final predictive distribution is a 
weighted mixture of all module outputs, trained with an optimal transport-based loss to align the predicted 
and annotated segmentation distributions.
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p(y|x) =

M∑
j=1

β(j)δ(y(j)) � (3)

This is approached as an optimal transport (OT) problem36,37, which determines the most cost-efficient way to 
reallocate the probability mass from qθ(y|x) to the true distribution p(y|x), guided by minimizing a cost matrix 
C ∈ RN×M . For the cost Cij  between pairs s(i) and y(j), we employ the generalized energy distance (GED)15,16, 
which is often used to assess the alignment of the model predictions with the ground truth labels within the 
segmentation output space. By leveraging the optimal transport framework, the model explicitly accounts for 
the inherent variability in segmentations by aligning the predicted distribution with the annotated distribution. 
This approach ensures that the model can handle ambiguous regions and improve robustness, even when the 
ground truth contains inherent uncertainty or noise. In contrast to the Kullback-Leibler divergence, OT offers a 
well-defined distance measure that remains valid even when the compared distributions have differing supports. 
Based on this loss, our objective function can be written as follows:

	
min

θs

D∑
n=1

N∑
i=1

M∑
j=1

T ∗
ij C

(
s(i)

n (xn; θs), y(j)
n

)
� (4)

	
s.t. T ∗ = arg min

θπ, T ∈U

∑
i,j

TijCij � (5)

	 and U =
{

T ∈ RN×M
+ : T �M = α(xn; θπ), T ⊤

�N = β
}

� (6)

where T  is a coupling matrix indicating the transportation plan, U  is the set of all possible values of T  which 
satisfy the marginal constraints, and � is a vector of ones. Eqs. (4–6) constitute a bilevel optimization problem, 
where the inner problem is responsible for identifying the optimal coupling matrix T , while the outer problem 
aims to refine the model’s output distribution within the framework of this coupling. In contrast to the 
conventional optimal transport problem, the dependency of the marginal probabilities α(xn; θπ) on the routing 
function parameters θπ  prevents the direct use of backpropagation for optimizing the entire set of parameters 
θ ≜ θs ∪ θπ . To overcome this challenge, we use a method of imbalanced constraint relaxation37.

Imbalanced constraint relaxation
To tackle the intractability of back-propagation for optimizing the routing parameters θπ , we shift the constraint 
of the predictive marginal from Eq. 6 to the outer problem outlined in Eq. 7 as described below:

	
min
θs,θπ

D∑
n=1

N∑
i=1

M∑
j=1

T ∗
ij C

(
s(i)

n (xn; θs), y(j)
n

)
+ λDKL

(∑
j

T ∗
ij ∥ α(xn; θπ)

)
� (7)

	
s.t. T ∗ = arg min

T ∈U′

∑
i,j

TijCij � (8)

	 and U ′ =
{

T ∈ RN×M
+ : T �M ≤ γ · �N , T ⊤

�N = β
}

� (9)

where λ serves to balance the conventional segmentation loss (the first term in Eq. 7) and the cross-entropy loss 
(the second term in Eq. 7) between the predicted probabilities and a pseudo label generated from the coupling 
matrix. The range of γ, from 1

N  to 1, is strategically chosen to avoid sub-optimal solutions during the initial 
phases of training. Empirically, we begin with a value γ0 < 1 and gradually anneal it to 1 (effectively removing 
the constraint). The underlying idea is to use the optimally solved matrix T ∗ as supervision for the routing 
function in the outer problem outlined in Eq. 7.

Multi-crop data augmentation
The resultant output segmentation masks predicted in the previous section are then used to produce targeted 
bone image segments using a simple Hadamard multiplication. In the end, we derive 7 unique image patches 
from an original radiograph, corresponding to the ulna, radius, and the five metacarpals (Fig. 3). It should be 
noted that there were instances of deviation resulting in fewer than seven target image segments. Such deviations 
were typically caused by unusual positioning of the hand or the presence of accessories or medical apparatus on 
the patient’s hand.

The bone segments created above exhibit variations in rotational angles (Fig. 3), primarily due to the inherent 
anatomical structure of the hand and wrist, as well as the hand position. To equip our model with the ability 
to reliably process these variations, we implement several data augmentation strategies. These include applying 
random rotations between −30 and +30 degrees, horizontal and vertical translations within a range of −10 to 
+10% of the image’s width and height, flipping the image randomly in both vertical and horizontal directions, 
and adjusting the brightness and contrast from 50 to 150% of their original values. Furthermore, we adopt 
the multi-crop data augmentation method17, which is advantageous for effective training of pretext tasks as 
discussed in Section . This method samples images of two distinct resolutions: randomly seletected two global 
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views (224 × 224) and four local views (96 × 96). By using crops of different sizes, the model is exposed to 
objects at various scales, which enhances its scale invariance.

Conventional multi-crop augmentation, often applied to standard image classification benchmarks or natural 
images, ensures each cropped segment remains feature-rich. In contrast, our specific bone segments frequently 
have vast areas of zero pixels (Fig. 3), a result of the segmentation masking process. This characteristic persists 
even in the original radiographs before applying the segmentation method due to the sparse anatomical features 
in hand X-ray images. Consequently, some samples might entirely lack bone content (Fig. 3). To mitigate this, 
we tailor the multi-crop strategy to our needs, ensuring that the augmented samples are spatially constrained 
crops38,39. Specifically, our modified method guarantees that both global and local views contain a sufficient 
amount of feature data, employing iterative rejection sampling to maintain at least a 10% non-zero pixel presence 
in each crop. This threshold is set to preserve the integrity of the features, reducing the chance of valuable 
information being omitted from our samples, as visualized in Fig. 3. This adjustment secures the inclusion of 
meaningful content in each cropped segment, optimizing their contribution to the pre-training stage.

Contrastive self-supervised pretraining
Our next step progresses through two separate training phases, as illustrated in Fig. 4. The first phase involves 
a pretext task where we train the ResNet-50 encoder using the augmented views described previously. This 
phase operates under the premise that transformations applied to an image do not change its semantic content. 
Consequently, the task focuses on bringing closer the representations of different augmentations of the same 
image, referred to as a positive pair, in the latent space. This crucial step allows the encoder to focus on the 
inherent data structures and enables the model to learn robust, generalizable features from the radiographic 
images without relying on human-provided labels. For the optimization of this process, we employ the LARC 
optimizer40, along with a cosine annealing scheduler41 to adjust the learning rates. The entire training procedure 
is executed with a batch size of 128.

In this phase, we assess four well-known SSL techniques: SimCLR42, SupCon43, SwAV17, and VICReg44, all 
categorized under contrastive self-supervised methods. They collectively aim to maximize consistency among 
augmented views within a shared embedding space, ensuring that semantically similar data points are brought 
closer together. Specifically, SimCLR42 concentrates on contrasting different augmented views of the same 
instance against other instances, while SupCon43 extends this approach by also pulling instances of the same 
class closer together in the embedding space. SwAV17 introduces a swapped prediction mechanism that bypasses 
the need for negative pair comparisons, making it computationally more efficient. Meanwhile, VICReg44 stands 
out by imposing variance, invariance, and covariance regularization to the latent space to ensure the features 

Fig. 4.  Two-stage training for osteoporosis prediction. In the first stage, augmented samples are processed 
through an encoder for self-supervised pretraining as part of a pretext task. The backbone classification 
encoder network (gray trapezoid with slanting lines) is subsequently fixed and repurposed to address the 
downstream classification task by incorporating a trainable linear layer (cyan trapezoid).

 

Fig. 3.  Illustration of the process for extracting targeted bone images from segmentation outputs, and a 
comparison of two multi-crop augmentation methods. (Top) Seven bone image patches, each outlined by 
a square in the same color as the corresponding segmentation mask overlaid on the hand X-ray image. 
(Bottom) Each of the seven image segments undergoes two different multi-crop augmentation strategies: the 
conventional method (represented by a gray dashed line) and our extended method (indicated by a solid black 
line). A global view matching the color of the input bone patch and five local views are displayed side by side.
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captured are diverse and not merely reflective of trivial patterns. Exploring these effective SSL methods in 
peripheral radiographic images still remains nascent, making our experimental results potentially useful for 
clinical applications in other medical domains.

Supervised fine-tuning
Following the initial phase, the pre-trained encoder is fine-tuned on a dataset that is explicitly labeled for our 
classification task. In this downstream phase, the encoder serves as an efficient feature extractor, with only its 
final linear layer being trained to precisely predict osteoporosis. Importantly, the inputs to this pre-trained 
encoder are not raw hand X-ray or cropped images, but rather bone segments isolated by the segmentation 
model. We initially aim to perform subject-wise osteoporosis screening; however, the current training model 
is not suited for such subject-wise predictions as it outputs multiple sub-binary decisions for different bone 
segment inputs from each individual. To address this, we maintain the bone segment-wise input approach 
but revise the evaluation protocol by aggregating multiple sub-decisions to form a final subject-wise decision. 
Specifically, each sub-decision from the bone segments yields a probability score for each class. The final decision 
is derived from the average probability across the seven image segments of the ulna, radius, and five metacarpals:

	
ŷ = arg max

yj

⟨p(yj |xi)⟩i=1:7� (10)

where p(yj |xi) represents the probability predicted by the i-th bone image segment xi for class yj , and the final 
class prediction ŷ is determined by the class with the highest average probability. Through this approach, the 
classifier is trained to uniformly identify osteoporosis across all bone segments during the fine-tuning phase. At 
the time of evaluation, the assessment criteria are adjusted so that the model’s prediction is considered accurate 
even if only a few bone segments are diagnosed as positive. This adjustment ensures that the model’s ability to 
detect osteoporosis is evaluated based on its overall performance across various segments, rather than requiring 
a unanimous positive diagnosis from all segments.

Datasets & metrics
Hand X-ray datasets
We leverage two primary datasets of hand X-ray images. The first dataset consists of hand radiographic images 
from 192 individual subjects, featuring a resolution of 2515 × 3588. For precise classification, we correlate our 
data with DXA scans. DXA measures BMD by assessing the variation in X-ray attenuation across different bone 
areas, quantifying the concentration of calcium and other minerals in these segments. The derived BMD values 
are used to compute the T-score, which benchmarks a patient’s BMD against the average BMD of a healthy 
30-year-old adult. A negative T-score indicates a BMD lower than average, while a positive T-score denotes a 
higher than average BMD. In our study, this T-score is employed to annotate radiographic images, categorizing 
an X-ray as indicative of osteoporosis if the T-score falls below −2.5, and as normal otherwise. Table 1 shows 
that out of 192 total samples, 23 belong to males (18 normal and 5 osteoporotic), while 169 belong to females 
(115 normal and 54 osteoporotic), indicating a higher prevalence of osteoporosis among females. Table 2 further 
breaks down the samples by age groups, highlighting that the majority of osteoporotic cases are found in the 
50-59, 60-69, and 70-79 age groups, while younger age groups (e.g., 10-19 and 20-29) show significantly fewer 
osteoporotic cases. All experiments were carried out in accordance with relevant guidelines and regulations. 
Informed consent was obtained from all subjects and/or their legal guardian(s) prior to participation. This study 
was approved by the Institutional Review Board of Hanyang University Hospital (IRB No.: 2023-10-011).

Age group Normal Osteoporotic Total

10–19 0 2 2

20–29 8 0 8

30–39 9 2 11

40–49 24 4 28

50–59 51 12 63

60–69 23 21 44

70–79 13 13 26

80–89 4 5 9

90–99 1 0 1

Table 2.  Number of normal and osteoporotic samples categorized by age.

 

Gender Normal Osteoporotic Total

Male 18 5 23

Female 115 54 169

Table 1.  Number of normal and osteoporotic samples categorized by gender.
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Additionally, we use a publicly available dataset45 containing 1154 hand X-ray images, each measuring 1400 
× 900. Originally compiled for an object detection benchmark and lacking osteoporosis labels, this dataset 
is exclusively utilized for training our bone segmentation model and pretraining the backbone classification 
encoder network. We apply a subject-wise random split of 80% for training, 10% for validation, and 10% for 
testing, maintaining this ratio consistently across all experiments and different seeds.

To generate the ground truth labels required for training our segmentation model, we leverage the Segment 
Anything Model (SAM)46, a foundational model for image segmentation. Our initial experiences indicate that 
SAM necessitates manual interventions, such as placing positive and negative point prompts inside and outside 
the target bone regions respectively, to produce segmentation masks that match the expert-level precision of 
radiologists and orthopedists. Our ultimate goal is to develop a fully automated osteoporosis screening model 
that integrates classification through segmentation without relying on manual segmentation steps. Therefore, we 
employ SAM as an auxiliary tool for creating ground truth bone segments, guided by expert feedback.

Metrics
All test results are obtained from the optimal model identified during training, which is determined by achieving 
the highest validation macro-F1 score. This measure provides a reliable assessment of model performance, 
especially under conditions of imbalanced labels47. For evaluation purposes, we employ conventional 
classification performance metrics, such as precision, recall, F1 score, AUC, and accuracy rate. We report them 
specifically for the positive label. Particular emphasis is placed on the AUC because of the class imbalance in our 
dataset. A higher AUC value indicates that the classifier is more effective at distinguishing between positive and 
negative cases of osteoporosis screening across various classification thresholds.

Results
Evaluation on hand X-ray images
The results presented in Table 3 compare the performance of four different self-supervised learning models—
SimCLR, SupCon, SwAV, and VICReg—on the task of osteoporosis prediction using five different metrics 
previously described. Each model was evaluated across three trials with distinct random seeds, providing an 
average for each metric. Among these models, SimCLR achieves the highest F1 score of 0.68 ± 0.03 and an 
AUC of 0.85 ± 0.01, indicating strong predictive performance and consistency in ranking the positive class. In 
contrast, SwAV appears to struggle relative to the other models, with both its F1 and AUC scores the lowest at 
0.54 ± 0.13 and 0.68 ± 0.04 respectively, suggesting potential challenges in handling our specific dataset or task. 
VICReg and SupCon, showing a balanced performance across precision, recall, and F1, exhibits a reasonably 
good AUC, demonstrating effective but not optimal performance.

Effect of individual bones on osteoporosis detection
While the previous experiment demonstrated the model’s accuracy in diagnosing osteoporosis among 
individuals, we aimed to further investigate the model’s decision-making process by visualizing the predicted 
probabilities of osteoporosis for each bone involved in the final prediction. We gathered probability values from 
individual bone images of true positive cases, specifically from our best-performing SimCLR-based classification 
model. Our analysis indicated that, on average, the 2nd metacarpal, radius, and ulna are the primary contributors 
to detecting osteoporosis (Fig. 5). This outcome is in line with studies that recognize the 2MCI as a reliable 
biomarker, and it corroborates clinical findings that the radius and ulna—integral parts of the forearm—are 
critical in osteoporosis diagnosis.

Ablation studies
To gain more insights into the features that drive the model’s predictions, we performed an ablation on our 
proposed model framework. This process involves selectively removing one of the following steps in a series: i) 
segmenting raw radiological images, ii) applying enhanced multi-crop augmentation to the masked images, iii) 
pre-training encoders through self-supervised learning, and iv) fine-tuning classifiers in a supervised manner. 
Initially, to determine whether bone segmentation is essential for osteoporosis prediction, we redesigned an 
experiment in which the segmentation step is omitted. In this setup, raw X-ray images are directly used as 
inputs for both the pre-training and fine-tuning stages. Consequently, the final class prediction relies on a 
single model prediction probability rather than an average of multiple predictions. Despite these changes, pre-
training proceeds with the same data augmentation and SSL methods as in previous experiments. To ensure a 
fair comparison with the original experiment, we maintained the same number of augmented image samples 

Precision Recall F1 AUC Accuracy

SimCLR 0.71 ± 0.04 0.66 ± 0.06 0.68 ± 0.03 0.85 ± 0.01 0.81 ± 0.03

SupCon 0.61 ± 0.01 0.60 ± 0.11 0.60 ± 0.06 0.79 ± 0.03 0.75 ± 0.04

SwAV 0.54 ± 0.12 0.54 ± 0.16 0.54 ± 0.13 0.68 ± 0.04 0.72 ± 0.05

VICReg 0.64 ± 0.07 0.64 ± 0.07 0.64 ± 0.07 0.80 ± 0.03 0.77 ± 0.03

Table 3.  Performance comparison of osteoporosis prediction using the proposed model framework on held-
out radiographic test images. The table reports the precision, recall, F1-score, AUC, and accuracy for four 
different methods (SimCLR, SupCon, SwAV, and VICReg), with each metric averaged over three trials initiated 
with distinct random seeds. The highest performance for each metric is highlighted in bold.
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provided to the encoder during pre-training by randomly sampling seven image patches from each hand X-ray 
image. Table 4 displays the prediction results, focusing on three key metrics: F1 score, AUC, and accuracy. Across 
all models, the omission of bone segmentation results in a noticeable decline in model performance. Specifically, 
SimCLR experienced the largest decrease in F1 score by 0.12, AUC by 0.07, and accuracy by 0.07, followed 
closely by VICReg, which showed similar declines in both metrics. These findings underscore the importance 
of the segmentation step in improving model accuracy and reliability, demonstrating that precise localization 
of relevant bone features significantly contributes to the performance of osteoporosis screening. Conversely, the 
results suggest that task-irrelevant features, such as soft tissues including muscles, fat, skin, and nerves, which 
absorb X-rays less than bones, may introduce interference in distinguishing osteoporosis cases.

To further examine the performance gains achieved by our proposed uncertainty-aware, multi-decoder 
segmentation framework, we conducted a comparative experiment using a conventional U-Net architecture 
with a single decoder head (Table 5). This baseline was trained under identical conditions and dataset splits 
as our proposed model, with all other components of the pipeline, including multi-crop augmentation, SSL 
pretraining, and supervised fine-tuning, remained unchanged. Across the four SSL backbones, the single-decoder 
U-Net consistently underperformed relative to our multi-decoder approach, with SimCLR showing the most 
pronounced differences: F1 score decreased from 0.68 to 0.62, AUC dropped from 0.85 to 0.80, and accuracy 

F1 ∆ AUC ∆ Accuracy ∆
SimCLR 0.62 ± 0.05 −0.06 0.80 ± 0.02 −0.05 0.77 ± 0.04 −0.04

SupCon 0.56 ± 0.07 −0.04 0.75 ± 0.04 −0.04 0.72 ± 0.05 −0.03

SwAV 0.51 ± 0.10 −0.03 0.65 ± 0.05 −0.03 0.70 ± 0.05 −0.02

VICReg 0.60 ± 0.06 −0.04 0.76 ± 0.04 −0.04 0.74 ± 0.04 −0.03

Table 5.  Osteoporosis prediction performance of the conventional single-decoder U-Net and the 
corresponding change in model performance (∆) compared to the proposed multi-decoder segmentation. 
Negative ∆ values indicate performance drops relative to our proposed framework. Averages are computed 
over three trials with different random seeds. The most significant performance drops are underlined for 
emphasis, while the highest performance for each metric is highlighted in bold.

 

F1 ∆ AUC ∆ Accuracy ∆
SimCLR 0.54 ± 0.09 −0.12 0.78 ± 0.04 −0.07 0.74 ± 0.01 −0.07

SupCon 0.51 ± 0.06 −0.09 0.73 ± 0.04 −0.06 0.70 ± 0.06 −0.05

SwAV 0.52 ± 0.07 −0.02 0.65 ± 0.06 −0.03 0.71 ± 0.05 −0.01

VICReg 0.54 ± 0.07 −0.10 0.74 ± 0.03 −0.06 0.70 ± 0.08 −0.07

Table 4.  Results of osteoporosis prediction after omitting the segmentation step, detailed across three key 
performance metrics: F1, AUC, and accuracy. The table illustrates the change in model performance (denoted 
by ∆) when segmentation is excluded, based on averages from three trials with different random seeds. The 
most significant performance drops are underlined for emphasis, while the highest performance for each 
metric is highlighted in bold.

 

Fig. 5.  Individual contributions of bone segments to osteoporosis detection. Predicted probabilities for 
positive labels, illustrating the role of each bone segment, including metacarpals (M1–M5), radius, and ulna, 
in detecting osteoporosis. Error bars indicate the uncertainty of each segment’s prediction. The bar colors 
correspond to the segmentation mask colors shown in the inset.
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fell from 0.81 to 0.77. Similar trends were observed for SupCon, SwAV, and VICReg, with average performance 
declines of approximately 0.04 in F1 score and 0.03–0.05 in AUC. These results indicate that explicitly modeling 
segmentation uncertainty through multiple decoders not only improves localization of bone structures but also 
enhances downstream classification performance, by providing more robust and feature-consistent inputs for 
SSL-based representation learning.

In the second ablation study shown in Table 6, we examined the implications of excluding multi-crop 
augmentation and SSL pre-training phases while retaining bone segmentation within the model framework. 
When compared to the optimal results achieved with the SimCLR-based model in Table 3, this current setup 
demonstrates a considerable drop in performance: the F1 score decreases by 0.15 to 0.53 ± 0.04, AUC by 0.18 
to 0.67 ± 0.03, and accuracy by 0.09 to 0.72 ± 0.01. A critical observation is the supervised model’s relatively 
low accuracy of 0.72, which nearly aligns with the proportion of non-osteoporotic patients, suggesting that the 
model might predominantly predict one class regardless of variations in the input radiographic images. This 
result emphasizes the limitations of a purely supervised approach in learning meaningful representations for 
effectively distinguishing osteoporosis from normal cases, while reinforcing the importance of SSL in learning 
robust, generalizable representations from unlabeled data to counteract the constraints of a limited labeled 
dataset.

Table 7 presents the outcomes of the last ablation study within the original model framework, with a key 
modification: the implementation of conventional multi-crop augmentation rather than an extended version. The 
results show a general decline in performance metrics across all models when compared to previous experiments 
that allowed more bone content in the augmented images. Specifically, SimCLR, which previously showed robust 
performance, now records a minor dip in every metric. A similar downward trend is observed across all SSL 
methods. These quantitative reduction suggest that our customized multi-crop augmentation, tailored for hand 
radiographic images, produces more favorable results, highlighting the significance of pinpointing the sufficient 
and pertinent bone regions.

Comparative analysis with prior supervised approaches
To contextualize the effectiveness of our proposed framework, we compare it against existing supervised 
learning baselines that have addressed osteoporosis or bone mineral density prediction tasks using radiographic 
images. These baselines differ in terms of backbone architecture, input preparation strategies, and augmentation 
pipelines, but all rely solely on supervised training without SSL or our tailored augmentation scheme.

Table 8 summarizes the results. Jang et al.9 trained a VGG16 model on manually cropped hip radiographs, 
where the cropping process localized the region of interest but was subject to human variability and potential 

Model ROI extraction method Architecture F1 AUC Accuracy

Jang et al.9 Manual cropping VGG16 0.43 ± 0.05 0.63 ± 0.03 0.62 ± 0.04

Hsieh et al.8 Landmark-based cropping VGG16 0.48 ± 0.04 0.65 ± 0.04 0.65 ± 0.03

Wang et al.22 Landmark-based cropping VGG16 + Transformer 0.46 ± 0.06 0.64 ± 0.05 0.64 ± 0.03

Ho et al. (DeepDXA)10 Segmentation-based ResNet18 0.51 ± 0.03 0.66 ± 0.02 0.67 ± 0.02

Ours (full framework) Segmentation-based + SSL + enhanced aug ResNet50 0.68 ± 0.03 0.85 ± 0.01 0.82 ± 0.02

Table 8.  Comparison of our proposed model against existing supervised baselines. All baselines are trained 
end-to-end without SSL or enhanced augmentation. The first and second highest performance for each metric 
is highlighted in bold.

 

F1 ∆ AUC ∆ Accuracy ∆
SimCLR 0.65 ± 0.03 −0.03 0.82 ± 0.02 −0.03 0.79 ± 0.05 −0.02

SupCon 0.56 ± 0.04 −0.04 0.74 ± 0.04 −0.05 0.72 ± 0.08 −0.03

SwAV 0.51 ± 0.09 −0.03 0.66 ± 0.05 −0.02 0.70 ± 0.03 −0.02

VICReg 0.59 ± 0.02 −0.05 0.78 ± 0.03 −0.02 0.74 ± 0.05 −0.03

Table 7.  Counter-effect of conventional multi-crop augmentation on osteoporosis screening. The highest 
performance for each metric is highlighted in bold.

 

F1 ∆ AUC ∆ Accuracy ∆
Supervised 0.53 ± 0.04 −0.15 0.67 ± 0.03 −0.18 0.72 ± 0.01 −0.09

Table 6.  Impact of removing data augmentation and self-supervised pre-training on osteoporosis prediction. 
The table presents the F1-score, AUC, and accuracy of the supervised model. The change (∆) in performance, 
compared to the baseline model, is also provided for each metric, based on the average results across multiple 
trials.
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omission of subtle features. Hsieh et al.8 and Wang et al.22 employed landmark-based cropping, in which 
anatomical keypoints detected by an automated model defined the ROI boundaries for hips or lumbar vertebrae. 
This method ensures reproducible cropping but still depends on accurate landmark detection and may exclude 
peripheral cues outside the predefined boxes. Ho et al.10 adopted a segment-based approach, isolating bone 
structures before classification, which more closely resembles our anatomical preprocessing but without our 
enhanced augmentation or SSL pre-training stages.

Among these baselines, the ResNet18-based DeepDXA model of Ho et al. achieves the strongest supervised 
performance. Beyond being deeper than VGG16, ResNet18 incorporates a residual learning structure with identity 
shortcut connections, enabling more efficient gradient flow, mitigating vanishing gradients, and producing more 
stable optimization. Interestingly, the VGG16+Transformer design of Wang et al., despite leveraging modeling 
inter-ROI relationships and landmark-based ROIs, does not surpass simpler CNN-based approaches, likely due 
to overfitting in a small-data regime. Building on this, our proposed framework outperforms all baselines by a 
substantial margin, improving F1 score by 0.17, AUC by 0.19, and accuracy by 0.15 over the best-performing 
supervised method (DeepDXA). The comparative analysis suggests that these gains can be attributed to the 
combined benefits of augmentation strategies tailored for sparse bone regions, robust representation learning 
through SSL pre-training, and effective supervised fine-tuning.

Discussion
The prevalence of osteoporosis, a disease that weakens bones and increases the risk of fractures, is rising alongside 
an aging global population. Diagnosing this condition typically requires analysis of BMD, most commonly 
through DXA tests, which can be costly and not widely available. Radiographic images, commonly generated 
in clinical settings, offer a rich, underutilized dataset for detecting osteoporotic changes in bone structure using 
less invasive methods.

In this study, we explored the potential of using hand X-ray images to determine osteoporosis status by 
introducing the robust segmentation-for-classification framework and leveraging self-supervised pre-training. 
Our work has a broader impact because this system could greatly reduce the clinician’s workload by swiftly 
pinpointing likely positive cases. Moreover, it could improve patient care by detecting osteoporotic cases 
that might initially go unnoticed, thus prompting clinicians to reconsider initial assessments and address 
potential diagnostic biases. This approach could also be integrated into routine workflows without significant 
infrastructure changes, making it adaptable across diverse healthcare environments and resource-constrained 
regions. Furthermore, the method’s scalability allows for large-scale population screening, which is essential for 
early detection and prevention strategies.

Although the current study was trained on a relatively small dataset of a few hundred samples, our goal was 
to demonstrate the feasibility of using peripheral hand X-rays for osteoporosis detection, particularly in settings 
with limited resources. The limited dataset size poses challenges in fully assessing the model’s generalizability to 
other populations or imaging modalities, and addressing this constraint is a priority for future work. We plan to 
expand the dataset to include tens of thousands of unlabeled radiographs, which could enhance performance, 
strengthen predictive capabilities, and improve clinical applicability. Despite these current limitations, we remain 
optimistic about the potential of this approach to enable more precise and user-friendly osteoporosis screening 
methods, which we aim to refine and develop further.

Data availability
The clinical hand X-ray dataset with corresponding DXA-based T-score annotations, used and/or analyzed dur-
ing the current study, is available from the corresponding author upon reasonable request. The publicly available 
hand X-ray dataset used for segmentation and pretraining, originally compiled for object detection tasks, is 
accessible via the Roboflow repository: https://universe.roboflow.com/hf-w1rwi/hand-xray.
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