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Abstract
Summary We evaluated foundationmodels for opportunistic osteoporosis screening from chest X-rays using a novel explain-
ability framework. DINOv2 with low-rank adaptation achieved the best performance (AUC 0.93) while demonstrating clear
clinical reasoning. Our findings highlight that explainability should be prioritized alongside accuracy inmedical AI, enhancing
trust in clinical deployment.
Purpose Deep learning models show promise for opportunistic osteoporosis screening from chest X-rays but have tradi-
tionally relied on convolutional neural networks with limited explainability. This study introduces a quantitative framework
for explainability evaluation and systematically compares diverse foundation models to identify an optimal balance between
performance and explainability.
Methods In this retrospective study, a retrospective dataset comprising 21,031 chest X-rays paired with bone mineral density
scores from 14,502 female patients at Seoul National University Hospital was used. Twelve foundation model variants—
combinations of natural- andmedical-domainmodels fine-tunedusing various strategies—were trained to classify osteoporosis
status (normal, osteopenia, or osteoporosis). Foundation models were evaluated based on predictive performance (AUC, accu-
racy, sensitivity, and specificity) and explainability, assessed through occlusion analysis (AUC change after bone perturbation,
�bone) and saliency-map analysis (overlap between bone regions and saliency maps, IoUbone).
Results DINOv2, fine-tuned with low-rank adaptation, achieved the highest predictive performance (AUC of 0.93; 95%
CI, 0.92–0.94) and demonstrated robust explainability by focusing on clinically relevant bone structures, such as the spine
and ribs. In osteoporosis screening from chest X-rays, statistical analysis showed that medical foundation models did not
consistently outperform natural-domain models, and higher performance did not always correlate with better explainability.
Conclusion Our findings underscore the necessity of incorporating explainability as a key criterion when selecting deep
learning models for opportunistic osteoporosis screening. Furthermore, the proposed framework can be readily extended to
other medical tasks, fostering the development of more trustworthy and interpretable AI-assisted screening tools.
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Introduction

With the global increase in life expectancy, osteoporosis—
a systemic disease characterized by low bone mineral density
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(BMD) and microstructural deterioration of bone—has
become a significant public health challenge due to its
association with an increased risk of bone fracture [1].
Early management, such as lifestyle interventions, accu-
rate diagnosis, and pharmacologic treatments, can mitigate
fracture risk and mortality [2, 3]. While dual-energy X-ray
absorptiometry (DXA) remains the gold standard for BMD
measurement [4], its limited utilization often delays diagno-
sis and treatment, despite the existence of well-established
clinical guidelines for DXA referral (e.g., USPSTF recom-
mendations for women aged ≥ 65 years or younger women
with risk factors [5]). Systemic reviews and survey studies
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have identified key barriers including limited access to DXA
scanners, lack of awareness, clinical time constraints, and
concerns about insurance coverage or testing costs [6, 7].

Opportunistic osteoporosis screening using deep learning
models has demonstrated promising performance in predict-
ing lowBMDor osteoporosis from chest radiographs [8–17].
Chest radiographs often include visible bones such as ribs,
clavicle, and vertebrae, and their morphology carries clini-
cally relevant information about bone fragility. Experimental
studies demonstrate that rib cortical thickness is strongly
correlated with fracture load, suggesting its role as a struc-
tural predictor of fragility fractures [18]. Population-based
radiogrammetry reports show that clavicle cortical thick-
ness measured on chest X-rays correlates significantly with
central DXA BMD [19]. Vertebral bodies remain the most
common site of osteoporotic fractures and are directly eval-
uated by DXA [20]. Together, these findings support the
plausibility that deep learning models focusing on these
skeletal structures in chest X-rays may capture meaningful
signals of osteoporosis risk.

Task-agnostic foundation models have become the stan-
dard in natural language processing [21, 22] and computer
vision [23–25]. Transfer learning has already proven effec-
tive in medical imaging [26, 27], and studies have evaluated
the generalization of natural foundation models in segmenta-
tion [28] and classification [29].Meanwhile,medical founda-
tion models have been developed specifically for modalities
such as retinal fundus images [30], endoscopy videos [31],
and chest radiographs [32, 33]. Despite these advancements,
the application of foundation models to osteoporosis diag-
nosis remains largely unexplored. As deep learning models
grow increasingly complex, their decision-making processes
become less transparent, emphasizing the critical need for
explainability. Thus, applying foundation models to osteo-
porosis diagnosis necessitates not only robust performance
evaluation but also a comprehensive assessment of their
explainability.

In this retrospective study, we introduce a comprehen-
sive evaluation framework to identify the optimal foundation
model for opportunistic osteoporosis screening from chest
X-rays, prioritizing both predictive performance and explain-
ability (Supplemental Fig. 1). The study leverages paired
chest X-rays and BMD measurements obtained via DXA
at the Health Promotion Center of Seoul National Univer-
sity Hospital. We evaluate both natural- and medical-domain
foundationmodels, adapting diverse parameter-efficient fine-
tuning methods. While predictive performance is typically
evaluated using metrics such as AUC and accuracy, explain-
ability is more difficult to quantify. To address this challenge,
novel approaches are proposed to quantify explainability in
the context of osteoporosis screening.

Methods

Study population

The dataset used for the study was collected at the Health
Promotion Center of Seoul National University Hospital
(HPC-SNUH). The study population included females aged
15 or older who had completed medical examinations,
including chest X-rays and DXA scans, between January
2004 and December 2019. Bone mineral density (BMD)
(g/cm2) was measured using Lunar Prodigy Advance DXA
(GE Lunar, Madison, WI, USA). The participants were clas-
sified into osteoporosis, osteopenia, and normal by the lowest
T-score at lumbar spine 1–4 and femur neck according to
the World Health Organization criteria [34]. Osteoporosis
was defined by the lowest T-score of ≤ −2.5, osteopenia
by −2.5 < the lowest T-score < −1.0, and normal as the
lowest T-score ≥ −1.0. Participants with chest X-rays and
DXA scans were used to develop the deep learningmodel for
the osteoporosis screening (N = 14502). We randomly split
the datasets into training, validation, and test sets by propor-
tions of 70%, 10%, and 20% at the individual level, ensuring
that X-rays from the same patient remained within the same
dataset. Figure1 shows the flowchart of the configurations of
the three datasets with training dataset (N = 14824), valida-
tion dataset (N = 2044), and test dataset (N = 4163).

Foundationmodels

A foundation model is a large deep learning model, typically
built on transformer architectures, pre-trained on massive
amounts of unlabeled data. This process produces a ver-
satile model capable of being adapted to a wide range of
downstream tasks [35]. From a self-supervised learning per-
spective, foundation models can be broadly categorized into
text-guided self-supervised learning [24] and image-only
self-supervised learning [25]. Additionally, based on the
domain of the pre-training data, foundation models can be
categorized as follows: natural foundation models [23–25],
which are pre-trained on large-scale natural image datasets
without medical-domain adaptation, and medical foundation
models [30, 32, 33], which are pre-trained on medical imag-
ing datasets to capture domain-specific representations. In
this study, we comprehensively evaluated four representa-
tive foundationmodels spanning these categories:OpenCLIP
[24], DINOv2 [25], CheXagent [32], and RAD-DINO [33],
as detailed in Supplemental Table 1.

Fine-tuningmethods

Supplemental Fig. 2 illustrates three fine-tuning methods
used in this study to optimize the performance of the foundation
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Fig. 1 Dataset configuration. DXA: dual-energy X-ray absorptiometry

models for osteoporosis screening. For linear evaluation,
we kept the vision encoder frozen and fine-tuned a linear
classifier standard protocol to evaluate out-of-the-box gen-
eralization capabilities of a vision encoder [25, 29, 36].
For parameter-efficient fine-tuning of the vision encoder, we
explored partial fine-tuning and low-rank adaptation (LoRA)
[37]. In partial fine-tuning, we trained only the last trans-
former block, since feature reuse is more prevalent and
effective in lower layers during transfer learning to the medi-
cal domain [27]. With LoRA, decomposed low-rank metrics
were injected into each transformer layer, allowing the foun-
dation model to be fine-tuned for downstream tasks with
significantly fewer parameter updates and without introduc-
ing additional inference latency [37]. Following the ablation
study on different LoRA ranks (Supplemental Table 2), we
selected a LoRA rank of 8 for the subsequent sections of this
paper.

Quantitative evaluation of explainability

Explainability refers to the degree to which a human can
understand the cause of a decision or prediction made
by an AI system. In medical imaging, explainability typi-
cally involves visualizing or quantifying how model predic-
tions relate to clinically meaningful image features, thereby
allowing clinicians to assess whether the model’s behavior
aligns with medical rationale. Previous studies [8, 11, 17]
have employed gradient-weighted class activation mapping
(GradCAM) [38] to generate saliency maps that highlight
class-discriminative regions. While GradCAM is widely
used due to its simplicity, it remains inherently qualitative,
limiting its effectiveness for comparing explainability across
models. To overcome these limitations, we utilized a pre-
trained segmentationmodel [39] to extract bone regions from
chest X-rays, where bone ∈ {All bones, Spine, Sternum,

Clavicles, Scapulas, Ribs}. Using these extracted regions,
two quantitative metrics were proposed for evaluating model
explainability in osteoporosis screening.

• Occlusion analysis (�bone): Occlusion analysis in our
study evaluates howmuch information themodel extracts
from each bone region. We first masked all bones to cre-
ate a baseline where only soft tissue and background
are visible (i.e., No-bone AUC ). Then, we selectively
reintroduced a specific bone region (i.e., AUCbone) and
measured howmuch the model’s prediction performance
improved compared to the baseline (i.e.,�bone). A larger
improvement indicates that the corresponding bone pro-
vides more useful information for the model’s decision.
Specifically, it is defined as follows:

�bone = AUCbone − max(No-bone AUC, 0.5) (1)

Thus, �All bones equals the difference in AUC before and
after masking all bones. The average �bone across the
test dataset serves as the explainability metric (see Sup-
plemental Fig. 3 for visual examples).

• Saliency-map analysis (IoUbone): Saliency-map analysis
quantitatively evaluates howwell themodel’s highlighted
regions correspond to the actual bone structures rele-
vant for osteoporosis. Using GradCAM, we generated
saliency maps indicating regions most influential to the
model’s decision. These GradCAM outputs were then
binarized using the median value and compared with
the segmented bone regions to compute the intersection
over union (IoU). A higher IoU indicates that the model’s
focus was more precisely aligned with the bone regions.
Formally, IoUbone was calculated as follows:

IoUbone = Intersection of bone and GradCAM

Union of bone and GradCAM
(2)
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The mean IoUbone across the test dataset was used as an
additional explainability metric (see Supplemental Fig. 4
for visual examples).

Statistical analysis

To evaluate the performance of foundation models in osteo-
porosis screening, the area under the receiver operating
characteristic curve (AUC), accuracy, sensitivity, and speci-
ficity were calculated with 95% confidence interval (CI).
To compare foundation models in terms of performance
and explainability, we applied the Friedman test separately
to three evaluation metrics: predictive performance (AUC),
occlusion analysis (�All bones), and saliency-map analysis
(IoUAll bones). The Friedman test assessedwhether therewere
statistically significant differences among models for each
metric, and the Nemenyi post hoc test was subsequently
performed to determine which pairs of models differed sig-
nificantly. In addition, Kendall’s tau test was used to examine
the association between predictive performance and explain-
ability. Specifically, we calculated rank correlations between
AUC and�All bones and betweenAUC and IoUAll bones, to get
further insight into the relationship between performance and
explainability. We have used Scikit-Learn, Scipy, and scikit-
posthocs packages in Python to conduct statistical analysis.

Implementation details

In this study, we trained foundation models for a multi-class
classification task to predict normal, osteopenia, and osteo-
porosis cases, using cross-entropy loss with label smoothing
[40]. The training dataset was used to optimizemodel param-
eters for this classification task. The validation dataset was
used to evaluate predictive performance during training and
to select the model with the highest AUC. The test dataset
was then used for final evaluation, including both predictive
performance and explainability analyses (occlusion analy-
sis and saliency-map analysis). All results reported in this
study are based on the test dataset. Similar to [41], train-
ing was conducted in two stages for efficiency: images were
initially resized to 224 × 224 and trained for 80 epochs,
and then fine-tuned at a higher resolution of 448 × 448
for 20 epochs. Validation and test images were consistently
resized to 448 × 448 to prevent overfitting and match the
final evaluation resolution. For linear evaluation, we used
stochastic gradient descent (SGD) with a step learning rate
decay schedule, while for partial fine-tuning and LoRA, we
applied the AdamWoptimizer with a cosine annealing learn-
ing rate schedule and awarm-up phase. All experiments were
conducted on NVIDIA A100 GPUs with 80GB memory.

Ethics statement

This study was approved by the institutional review board
at SNUH (IRB: H-2003-205-1113) and followed the Decla-
ration of Helsinki of 1975. All data were anonymized, and
the Institutional Review Board waived the requirement for
written informed consent.

Results

Patients’ characteristics

Our dataset consisted of 21,031 chest X-rays from 14,502
female individuals, with ages ranging from 20 to 88 years
(mean age, 55.97 years). Of all chest X-rays, 12,038 showed
normal results, 7936 indicated osteopenia, and 1057 indi-
cated osteoporosis based on DXA examination within a
month. Baseline characteristics of the training, validation,
and test datasets are summarized in Table 1.

Performance of foundationmodels

The predictive performance of foundation models for osteo-
porosis classification (osteoporosis vs. non-osteoporosis) is
summarized in Table 2. Among all models, DINOv2/LoRA
achieved the highest AUC (0.93; 95% CI, 0.92–0.94), with
a sensitivity of 84.36% (95% CI, 83.26–85.46) and a speci-
ficity of 87.55% (95% CI, 86.55–88.55). This was followed
by DINOv2/partial fine-tuning (AUC = 0.91; 95% CI,
0.90–0.92) and OpenCLIP fine-tuned models (AUC = 0.91;
95% CI, 0.90–0.92). Notably, RAD-DINO/LoRA, despite
being based on a ViT-B architecture with fewer parameters,
achieved an AUC of 0.90 (95% CI, 0.89–0.91), demonstrat-
ing competitive performance relative to larger ViT-G-based
models.

A Friedman test on predictive performance (AUC) revealed
a statistically significant difference among the models (χ2

= 472.74, p < 0.001). Post hoc Nemenyi comparisons
(Supplemental Fig. 5) further indicated that among the
highest-performing models, DINOv2/LoRA and OpenCLIP
fine-tuned models did not differ significantly (p > 0.05),
suggesting that these architectures achieve similar predictive
performance when fine-tuned effectively.

Across all architectures, LoRA and partial fine-tuning
consistently outperformed linear evaluation, with AUCs
ranging from 0.85 to 0.93 compared to 0.72 to 0.77 for lin-
ear models. Linear evaluation resulted in significantly lower
AUCs and accuracy compared to all fine-tunedmethods (p <

0.05), reinforcing the importance of fine-tuning strategies in
optimizing model performance. Moreover, within the linear
evaluation paradigm, no significant performance differences

123



Osteoporosis International

Table 1 Demographic
characteristics of the datasets

Training set Validation set Test set Overall

Participant 10,152 1450 2900 14,502

Chest radiograph images 14,824 2044 4163 21,031

Age (years), μ ± σ 55.97 ± 9.73 55.81 ± 9.81 56.06 ± 9.51 55.97 ± 9.69

BMD (g/cm2), μ ± σ

L1-L4 1.08 ± 0.17 1.08 ± 0.17 1.08 ± 0.17 1.08 ± 0.17

Femur neck 0.85 ± 0.12 0.85 ± 0.13 0.85 ± 0.13 0.85 ± 0.12

T-score, μ ± σ

L1-L4 −0.36 ± 1.35 −0.33 ± 1.35 −0.34 ± 1.37 −0.35 ± 1.36

Femur neck −0.43 ± 1.03 −0.45 ± 1.04 −0.43 ± 1.04 −0.43 ± 1.03

T-score categories, n (%)

Normal 8487 (57.25%) 1140 (55.77%) 2411 (57.91%) 12,038 (57.24%)

Osteopenia 5597 (37.76%) 798 (39.04%) 1541 (37.02%) 7936 (37.73%)

Osteoporosis 740 (4.99%) 106 (5.19%) 211 (5.07%) 1057 (5.03%)

BMD, bone mineral density; μ, mean; σ , standard deviation

were observed among the foundation models (p > 0.05),
indicating that their out-of-the-box feature representations
for osteoporosis screening are comparable. Detailed results
for the normal and osteopenia classes are provided in Sup-
plemental Table 3 and Supplemental Table 4.

Explainability of foundationmodels

Occlusion analysis

Occlusion analysis (Fig. 2A) quantifies the contribution of
different bone structures to model predictions by measur-
ing the increase in AUC when each region is revealed. The
Friedman test confirmed significant differences in occlusion

scores among models (χ2 = 434.22, p < 0.001), indicating
that reliance on bone regions varies across architectures and
fine-tuning strategies.

DINOv2/LoRAandDINOv2/partial fine-tuning exhibited
the highest �All bones (0.41), followed closely by Open-
CLIP/LoRA (0.40), suggesting that these models strongly
depend on overall bone structures for decision-making. In
contrast, linear models (DINOv2/linear, OpenCLIP/linear,
CheXagent/linear, andRAD-DINO/linear) demonstrated sig-
nificantly lower �All bones (p < 0.05), ranging from 0.12 to
0.22, indicating weaker reliance on key anatomical regions.
Post hoc Nemenyi comparisons (Supplemental Fig. 6A)
further confirmed that DINOv2/LoRA, DINOv2/partial fine-
tuning, and OpenCLIP/LoRA were significantly different

Table 2 The osteoporosis predictive performance metrics of foundation models

Model Method AUC (95% CI) Accuracy (%) (95% CI) Sensitivity (%) (95% CI) Specificity (%) (95% CI)

OpenCLIP Linear 0.73 (0.72–0.74) 62.62 (61.15–64.09) 74.41 (73.08–75.73) 61.99 (60.52–63.47)

Partial ft 0.91 (0.90–0.92) 82.30 (81.14–83.46) 83.89 (82.77–85.00) 82.21 (81.05–83.37)

LoRA 0.91 (0.90–0.92) 79.01 (77.77–80.24) 88.63 (87.66–89.59) 78.49 (77.24–79.74)

DINOv2 Linear 0.77 (0.76–0.79) 66.66 (65.23–68.09) 76.78 (75.49–78.06) 66.12 (64.68–67.56)

Partial ft 0.91 (0.90–0.92) 81.60 (80.42–82.78) 85.31 (84.23–86.38) 81.40 (80.22–82.58)

LoRA 0.93 (0.92–0.94) 87.39 (86.38–88.40) 84.36 (83.26–85.46) 87.55 (86.55–88.55)

CheXagent Linear 0.72 (0.71–0.73) 66.92 (65.49–68.35) 68.25 (66.83–69.66) 66.85 (65.42–68.28)

Partial ft 0.90 (0.89–0.91) 82.70 (81.5683.85) 82.46 (81.31–83.62) 82.72 (81.57–83.87)

LoRA 0.85 (0.84–0.86) 76.24 (74.95–77.54) 79.62 (78.40–80.84) 76.06 (74.77–77.36)

RAD-DINO Linear 0.72 (0.70–0.73) 66.99 (65.57–68.42) 66.82 (65.39–68.25) 67.00 (65.58–68.43)

Partial ft 0.89 (0.88–0.90) 85.73 (84.67–86.79) 76.30 (75.01–77.60) 86.23 (85.19–87.28)

LoRA 0.90 (0.89–0.91) 86.69 (85.66–87.72) 76.78 (75.49–78.06) 87.22 (86.21–88.24)

AUC , area under the receiver operating characteristic curve; C I , confidence interval; f t , fine-tuning; LoRA, low-rank adaptation
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Fig. 2 Quantitative explainability evaluation of foundation models
for osteoporosis screening. AOcclusion analysis (�bone), which eval-
uates how much information the model extracts from bone regions by
measuring the performance gain when specific bones are revealed. B
Saliency-map analysis (IoUbone),which quantifies howwell themodel’s

highlighted regions align with the actual bone structures. *AUC < 0.5
indicates performance worse than random. No-bone AUC < 0.5 is
adjusted to 0.5 to align with Eq.1. AUC, area under the receiver oper-
ating characteristic curve; IoU, intersection over union; ft., fine-tuning;
LoRA, low-rank adaptation

from most other models (p < 0.001). Additionally, in most
models, includingDINOv2/LoRA, the higher scores for�Rib

and �Spine compared to other specific bone regions suggest
that the ribs and spine are the primary contributors to osteo-
porosis diagnosis.

Saliency-map analysis

Saliency-map analysis (Fig. 2B) evaluates the alignment
between model-identified regions and actual bone struc-
tures. The Friedman test confirmed statistically significant
differences in saliency-map agreement across models (χ2 =
20810.46, p < 0.001), indicating that explainability varies
based on both architecture and fine-tuning approach.

DINOv2/linear demonstrated the highest alignment with
bone structures (IoUAll bones = 0.44), followed by Open-
CLIP/partial fine-tuning (0.42) and DINOv2/LoRA (0.36).
Post hoc Nemenyi comparison (Supplemental Fig. 6B) fur-
ther confirmed significant differences in explainability across
models and fine-tuning strategies (p < 0.001). In contrast,

RAD-DINO/LoRA exhibited the lowest overall saliency-
map alignment (0.22), despite its high accuracy, suggesting
that it focuses less on critical bone regions. Additionally,
across most models, IoURib and IoUSpine scores were con-
sistently higher than those of other specific bone regions,
aligningwith occlusion analysis findings. This reinforces that
the ribs and spine are the primary contributors to osteoporosis
diagnosis.

Qualitative analysis

Figure3 presents the averaged GradCAMs for each foun-
dation model, providing a qualitative visualization of the
regions that contribute most to the model’s predictions.
Among the models with the highest alignment to bone struc-
tures, DINOv2/linear primarily focuses on the spine and ribs
(Fig. 3D), OpenCLIP/partial fine-tuning highlights the lat-
eral ribs, scapula, and heart (Fig. 3B), and DINOv2/LoRA
directs attention to the scapula, clavicle, and heart (Fig. 3F).
In contrast, RAD-DINO/LoRA, the model with the lowest
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Fig. 3 Averaged GradCAMs for each ground truth label in the
test dataset, overlaid with a chest X-ray.GradCAM highlights image
regionsmost influential for themodel’s prediction.AOpenCLIP/Linear.
B OpenCLIP/Partial ft. C OpenCLIP/LoRA. D DINOv2/Linear. E
DINOv2/Partial ft. F DINOv2/LoRA. G CheXagent/Linear. H CheX-

agent/Partial ft. I CheXagent/LoRA. J RAD-DINO/Linear. K RAD-
DINO/Partial ft. L RAD-DINO/LoRA. The color map follows the jet
scale, where red indicates high importance and blue represents low
importance. Figure best viewed in color. GradCAM, gradient-weighted
class activation mapping; ft., fine-tuning; LoRA, low-rank adaptation

saliency-map alignment, predominantly focuses on soft tis-
sues and regions outside the anatomical area of interest
(Fig. 3L), indicating reduced reliance on relevant skeletal

structures. The result suggests that saliency-map analysis
(IoUAll bones) serves as an effective surrogate quantification
method for conventional saliency-map interpretation.
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Relationship between performance
and explainability

To assess the relationship between model performance
and explainability, Kendall’s tau correlation was computed
between AUC and both occlusion analysis (�All bones) and
saliency-map analysis (IoUAll bones). A moderate positive
correlation was observed between performance and occlu-
sion analysis (τ = 0.58, p = 0.01), indicating that models
with higher performance tend to rely more strongly on clin-
ically relevant bone structures during the decision-making
process. In contrast, no significant correlation was found
between performance and saliency-map analysis (τ = 0.18,
p = 0.46), suggesting that higher performance does not
necessarily translate to better visual alignment with bone
structures in saliency maps.

Discussion

Using 14,502 chest X-ray images paired with DXAmeasure-
ments from HPC-SNUH, this study is the first, to our knowl-
edge, to apply foundation models to osteoporosis diagnosis
and compare them in terms of both performance and explain-
ability. In medical AI applications, high predictive accuracy
is the primary criterion for clinical deployment, especially
when the model’s outputs are validated across popula-
tions. Explainability, while not always essential for clinical
decision-making, remains valuable as a complementary tool
to enhance clinical trust, facilitatemodel auditing, and gener-
ate new scientific hypotheses. Among the evaluated models,
DINOv2/LoRA achieved the highest predictive performance
(AUC = 0.93), with OpenCLIP/partial fine-tuning and Open-
CLIP/LoRA exhibiting similar performance. In occlusion
analysis, DINOv2/LoRA demonstrated the highest�All bones

score and significantly outperformed OpenCLIP/partial fine-
tuning. In saliency-map analysis, while ranking among the
top three in IoUAll bones, DINOv2/LoRA showed a statis-
tically significant advantage over OpenCLIP/LoRA. These
results suggest that DINOv2/LoRA could be identified as
the optimal model that balances between performance and
explainability for osteoporosis screening.

The variability in model performance and explainability
can be examined from two perspectives: pre-training data
domain and fine-tuning methods. From the pre-training data
domain perspective, it is often assumed that models trained
on natural image datasets struggle with the complexities of
medical data, which has motivated the development of medi-
cal foundation models [42]. However, our findings challenge
this assumption in the context of opportunistic osteoporosis
screening.Despitemedical foundationmodels such asCheX-

agent and RAD-DINO having shown promise in diagnosing
cardiopulmonary diseases [32, 33], no significant differences
were observed among foundation models under linear eval-
uation. This indicates that out-of-the-box representations
from natural-domain foundation models are well-suited for
osteoporosis screening, eliminating the necessity of medical
foundation models in this specific task. From the fine-tuning
perspective, LoRA and partial fine-tuning consistently out-
performed linear evaluation across all foundation models,
underscoring the insufficiency of out-of-the-box representa-
tions for osteoporosis screening and the necessity of further
fine-tuning. With appropriate fine-tuning strategies, medi-
cal foundation models did not exhibit advantages in either
performance or explainability. DINOv2 and OpenCLIP not
only achieved strong predictive performance but also pro-
videdmore clinically relevant insights, as evidenced by better
GradCAMalignmentwith bone regions and stronger reliance
on bone structures for decision-making. These findings sug-
gest that fine-tuning natural-domain foundation models may
be sufficient for certain medical tasks, reducing the need for
costly data collection and pre-training of specialized medical
foundation models.

An important insight from this study is that strong
predictive performance does not necessarily imply high
explainability. For instance, mid-tier models such as CheX-
agent/partial fine-tuning and RAD-DINO/LoRA achieved
competitive predictive performance (both AUC = 0.90, rank-
ing fifth and sixth, respectively), yet their explainability
metrics were weaker (ranking seventh and fifth in occlusion
analysis, and seventh and twelfth in saliency-map analy-
sis, respectively). Conversely, strong explainability does not
always translate to high predictive accuracy. DINOv2/linear
exhibited the highest IoUAll bones score and primarily focused
on the spine and ribs, yet its predictive performance was
suboptimal (AUC = 0.77). Statistical analysis further sup-
ports this finding. While AUC and �All bones were positively
correlated, no significant correlation was observed between
AUC and IoUAll bones. These results emphasize the need for
a comprehensive evaluation of both predictive performance
and explainability when developing AI models for medical
applications, as optimizing one does not guarantee improve-
ments in the other.

Quantitative evaluation of explainability identified the ribs
and spine as the most influential bone regions for osteo-
porosis classification (Fig. 2). These findings are clinically
relevant, as fractures in the spine and ribs are strongly associ-
ated with osteoporosis [43]. Evaluating the decision-making
process of AI models is essential for auditing their align-
ment with clinical reasoning and ethical standards [44]. For
example, some models may inadvertently focus on the waist
region, as studies have reported correlations between waist
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circumference and osteoporosis [45, 46]. Such unintended
biases highlight the importance of explainability assessment
to ensure the clinical validity of AI models before deploy-
ment in real-world settings.

This study has several limitations. First, validation was
conducted using data from a single institution, which
may introduce population bias. Additionally, restricting the
dataset to female patients minimized gender-related biases
but resulted in an age distribution skewed toward older indi-
viduals, as younger women are less likely to undergo DXA
scans due to cost barriers. Consequently, the generalization
of these findings to broader populations remains uncertain.
Future research should examine the impact of explainability
on model generalization across external datasets. Further-
more, the WHO classification of osteoporosis, osteopenia,
and normal is increasingly viewed as insufficient for guid-
ing treatment decisions, and recent guidelines emphasize
fracture risk prediction using tools such as FRAX [47–49].
However, BMD remains an essential component of frac-
ture risk assessment and can serve as a useful surrogate
in opportunistic screening settings where outcome data or
comprehensive clinical information is lacking. Our approach
aims to bridge this gap by offering a scalable, low-cost
method to detect BMD-defined osteoporosis from widely
available chest X-rays. Future work could incorporate clin-
ical variables and longitudinal fracture outcomes to build
more comprehensive risk prediction models. In such set-
tings, explainability can clarifywhether predictions are based
on known risk factors or unexpected signals. Our current
explainability assessment, focused on bone structures, serves
as a surrogate and may need to be expanded to better capture
the model’s decision logic in future multimodal applications.
Finally, while the quantitative explainability metrics used in
this study effectively enable relative comparisons, their inter-
pretation as absolute values warrants further investigation,
potentially through clinician surveys.

Conclusion

This study utilized pre-trained bone segmentation models
to quantitatively assess explainability through occlusion and
saliency-map analysis. By comparing natural and medical
foundation models across various fine-tuning methods, our
results identifyDINOv2/LoRAas theoptimalmodel, demon-
strating strong predictive performance while maintaining a
clear focus on overall bone structures for osteoporosis pre-
diction. Moreover, our framework, particularly the approach
for quantifying explainability, is adaptable to medical imag-
ing tasks with well-defined anatomical structures, enabling
broader applications of deep learning in clinical practice.
As current AI advancements often prioritize performance
over explainability, our findings emphasize the importance

of integrating both aspects to enhance the transparency and
reliability of AI-driven medical diagnostics.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00198-025-07727-
3.

Funding Open Access funding enabled and organized by Seoul
National University. This research was supported by Seoul National
UniversityHospital, Seoul, Republic ofKorea (grant no. 04-2024-0790)

Data availability Data that support the findings of this study are avail-
able on request from the corresponding author.

Declarations

Conflicts of interest None.

Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial 4.0 International License, which permits
any non-commercial use, sharing, adaptation, distribution and repro-
duction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The
images or other third party material in this article are included in the
article’s Creative Commons licence, unless indicated otherwise in a
credit line to the material. If material is not included in the article’s
Creative Commons licence and your intended use is not permitted by
statutory regulation or exceeds the permitted use, youwill need to obtain
permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by-nc/4.0/.

References

1. Consensus N (2000) Osteoporosis prevention, diagnosis, and ther-
apy. NIH Consens Statement 17:1–45

2. Gregson CL, Armstrong DJ, Bowden J, Cooper C, Edwards J, Git-
toes NJL, et al (2022) UK clinical guideline for the prevention and
treatment of osteoporosis. Arch Osteopor. 17(1)

3. BollandMJ, GreyAB,GambleGD, Reid IR (2010) Effect of osteo-
porosis treatment onmortality: ameta-analysis. JClinic Endocrinol
Metabol 95(3):1174–1181

4. Force* UPST (2011) Screening for osteoporosis: US preventive
services task force recommendation statement. Annal InternalMed
154(5):356–364

5. Nicholson WK, Silverstein M, Wong JB, Chelmow D, Coker
TR, Davis EM et al (2025) Screening for osteoporosis to prevent
fractures: US preventive services task force recommendation state-
ment. JAMA 333(6):498–508

6. Onizuka N, Onizuka T (2024) Disparities in osteoporosis preven-
tion and care: understanding gender, racial, and ethnic dynamics.
Curr Rev Musculoskelet Med 17(9):365–372

7. Choksi P,GayBL,HaymartMR,PapaleontiouM(2023)Physician-
reported barriers to osteoporosis screening: a nationwide survey.
Endocr Pract 29(8):606–611

8. Jang M, Kim M, Bae SJ, Lee SH, Koh JM, Kim N (2020) Oppor-
tunistic osteoporosis screening using chest radiographs with deep
learning: development and external validationwith a cohort dataset.
J Bone Miner Res 37(2):369–377

9. Sato Y, Yamamoto N, Inagaki N, Iesaki Y, Asamoto T, Suzuki T
et al (2022) Deep learning for bone mineral density and t-score

123

https://doi.org/10.1007/s00198-025-07727-3
https://doi.org/10.1007/s00198-025-07727-3


Osteoporosis International

prediction from chest X-rays: a multicenter study. Biomedicines
10(9):2323

10. Wang F, Zheng K, Lu L, Xiao J, Wu M, Kuo CF et al (2022)
Lumbar bone mineral density estimation from chest X-ray images:
anatomy-aware attentive multi-ROI modeling. IEEE Trans Med
Imaging 42(1):257–267

11. Asamoto T, Takegami Y, Sato Y, Takahara S, Yamamoto N, Ina-
gaki N et al (2024) External validation of a deep learning model
for predicting bone mineral density on chest radiographs. Arch
Osteoporos 19(1):1–10

12. Tsai DJ, Lin C, Lin CS, Lee CC, Wang CH, Fang WH (2024)
Artificial intelligence-enabled chest X-ray classifies osteoporosis
and identifies mortality risk. J Med Syst 48(1):12

13. Yamamoto N, Shiroshita A, Kimura R, Kamo T, Ogihara H, Tsuge
T (2024) Diagnostic accuracy of chest X-ray andCT using artificial
intelligence for osteoporosis: systematic review andmeta-analysis.
J Bone Mineral Metabol 42(5):483–491

14. Bilbily A, Syme CA, Adachi JD, Berger C, Morin SN, Goltzman
D, et al (2024) Opportunistic screening of low bonemineral density
from standard X-rays. J Am College Rad 21(4):633–639

15. Tsai DJ, Lin C, Lin CS, Lee CC, Wang CH, Fang WH (2024)
Artificial intelligence-enabled chest X-ray classifies osteoporosis
and identifies mortality risk. J Med Syst 48(1)

16. Tseng SC, Lien CE, Lee CH, Tu KC, Lin CH, Hsiao AY, et al
(2024) Clinical validation of a deep learning-based software for
lumbar bone mineral density and T-score prediction from chest
X-ray images. Diagnostics 14(12)

17. Lin C, Tsai DJ, Wang CC, Chao YP, Huang JW, Lin CS, et al
(2024) Osteoporotic precise screening using chest radiography and
artificial neural network: theOPSCAN randomized controlled trial.
Rad 311(3)

18. Liebsch C, Hübner S, Palanca M, Cristofolini L, Wilke HJ (2021)
Experimental study exploring the factors that promote rib fragility
in the elderly. Sci Rep 11(1):9307

19. Gulam M, Thornton MM, Hodsman AB, Holdsworth DW (2000)
Bone mineral measurement of phalanges: comparison of radio-
graphic absorptiometry and area dual X-ray absorptiometry. Radi-
ology 216(2):586–591

20. Cummings SR, Melton LJ (2002) Epidemiology and outcomes of
osteoporotic fractures. The Lancet 359(9319):1761–1767

21. Brown T, Mann B, Ryder N, Subbiah M, Kaplan JD, Dhariwal P
et al (2020) Language models are few-shot learners. Adv Neural
Inf Process Syst 33:1877–1901

22. Touvron H, Lavril T, Izacard G, Martinet X, LachauxMA, Lacroix
T, et al (2023) Llama: open and efficient foundation language mod-
els. arXiv:2302.13971

23. Kirillov A, Mintun E, Ravi N, Mao H, Rolland C, Gustafson L,
et al (2023) Segment anything. In: Proceedings of the IEEE/CVF
International Conference on Computer Vision; p 4015–4026

24. Radford A, Kim JW, Hallacy C, Ramesh A, Goh G, Agarwal
S, et al (2021) Learning transferable visual models from natu-
ral language supervision. In: International conference on machine
learning. PMLR p 8748–8763

25. Oquab M, Darcet T, Moutakanni T, Vo H, Szafraniec M, Khalidov
V, et al (2023) DINOv2: learning robust visual features without
supervision. arXiv:2304.07193

26. Matsoukas C, Haslum JF, Söderberg M, Smith K (2023) Pre-
trained ViTs yield versatile representations for medical images.
arXiv:2303.07034

27. MatsoukasC,Haslum JF, SorkheiM, SöderbergM, SmithK (2022)
What makes transfer learning work for medical images: feature
reuse&other factors. In: Proceedings of the IEEE/CVFConference
on Computer Vision and Pattern Recognition; p 9225–9234

28. Deng R, Cui C, Liu Q, Yao T, Remedios LW, Bao S, et al (2023)
Segment anything model (SAM) for digital pathology: assess zero-
shot segmentation on whole slide imaging. arXiv:2304.04155

29. Huix JP, Ganeshan AR, Haslum JF, Söderberg M, Matsoukas C,
Smith K (2024) Are natural domain foundation models useful for
medical image classification? In: Proceedings of the IEEE/CVF
Winter Conference on Applications of Computer Vision; p 7634–
7643

30. Zhou Y, Chia MA, Wagner SK, Ayhan MS, Williamson DJ,
Struyven RR et al (2023) A foundation model for generalizable
disease detection from retinal images. Nature 622(7981):156–163

31. Wang Z, Liu C, Zhang S, Dou Q (2023) Foundation model for
endoscopy video analysis via large-scale self-supervised pre-train.
In: International Conference on Medical Image Computing and
Computer-Assisted Intervention. Springer; p 101–111

32. Chen Z, Varma M, Delbrouck JB, Paschali M, Blankemeier L,
Van Veen D, et al (2024) Chexagent: towards a foundation model
for chest x-ray interpretation. arXiv:2401.12208

33. Pérez-García F, Sharma H, Bond-Taylor S, Bouzid K, Salvatelli V,
IlseM, et al (2024) RAD-DINO: exploring scalable medical image
encoders beyond text supervision. arXiv:2401.10815

34. Dimai HP (2017) Use of dual-energy X-ray absorptiometry (DXA)
for diagnosis and fracture risk assessment; who-criteria, T-and Z-
score, and reference databases. Bone 104:39–43

35. Bommasani R, Hudson DA, Adeli E, Altman R, Arora S, von Arx
S, et al (2021) On the opportunities and risks of foundation models.
arXiv:2108.07258

36. He K, Fan H, Wu Y, Xie S, Girshick R (2020) Momentum contrast
for unsupervised visual representation learning. In: Proceedings of
the IEEE/CVF conference on computer vision and pattern recog-
nition; p 9729–9738

37. Hu EJ, Shen Y, Wallis P, Allen-Zhu Z, Li Y, Wang S, et al
(2021) Lora: Low-rank adaptation of large language models.
arXiv:2106.09685

38. Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra
D (2017) Grad-cam: Visual explanations from deep networks via
gradient-based localization. In: Proceedings of the IEEE interna-
tional conference on computer vision; p 618–626

39. Seibold C, Jaus A, Fink MA, Kim M, Reiß S, Herrmann K, et al
(2023) Accurate Fine-Grained Segmentation of Human Anatomy
in Radiographs via Volumetric Pseudo-Labeling. Available from:
arXiv:2306.03934

40. Szegedy C, Vanhoucke V, Ioffe S, Shlens J, Wojna Z (2016)
Rethinking the inception architecture for computer vision. In: Pro-
ceedings of the IEEE conference on computer vision and pattern
recognition. p 2818–2826

41. Touvron H, Cord M, Douze M, Massa F, Sablayrolles A, Jégou
H (2021) Training data-efficient image transformers & distillation
through attention. In: International conference on machine learn-
ing. PMLR. p 10347–10357

42. Khan W, Leem S, See KB, Wong JK, Zhang S, Fang R (2024)
A Comprehensive Survey of Foundation Models in Medicine.
arXiv:2406.10729

43. Warriner AH, Patkar NM, Curtis JR, Delzell E, Gary L, Kilgore M
et al (2011) Which fractures are most attributable to osteoporosis?
J Clin Epidemiol 64(1):46–53

44. Mökander J (2023) Auditing of ai: legal, ethical and technical
approaches. Digital Society 2(3):49

45. Pan R,Wang R, ZhangY, Ji H, Liang X, Zhao Y (2024) The associ-
ation of waist circumference with bone mineral density and risk of
osteoporosis inUS adult: National health and nutrition examination
survey. BONE. 185

46. Cui LH, Shin MH, Kweon SS, Choi JS, Rhee JA, Lee YH et al
(2014) Sex-related differences in the association between waist
circumference and bone mineral density in a korean population.
BMC Musculoskelet Disord 15:1–8

47. Kanis JA, Johnell O, Odén A, Johansson H, McCloskey E (2008)
Frax™ and the assessment of fracture probability in men and
women from the uk. Osteoporos Int 19(4):385–397

123

http://arxiv.org/abs/2302.13971
http://arxiv.org/abs/2304.07193
http://arxiv.org/abs/2303.07034
http://arxiv.org/abs/2304.04155
http://arxiv.org/abs/2401.12208
http://arxiv.org/abs/2401.10815
http://arxiv.org/abs/2108.07258
http://arxiv.org/abs/2106.09685
http://arxiv.org/abs/2306.03934
http://arxiv.org/abs/2406.10729


Osteoporosis International

48. Kanis JA,OdenA, JohanssonH,BorgströmF,StrömO,McCloskey
E (2009) Frax® and its applications to clinical practice. Bone
44(5):734–743

49. Mitchell P (2011) Fracture liaison services: the uk experience.
Osteoporos Int 22(Suppl 3):487

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

123


	Explainable opportunistic osteoporosis screening from chest X-rays:  a retrospective comparison of foundation models
	Abstract
	Introduction
	Methods
	Study population
	Foundation models
	Fine-tuning methods
	Quantitative evaluation of explainability
	Statistical analysis
	Implementation details
	Ethics statement

	Results
	Patients' characteristics
	Performance of foundation models
	Explainability of foundation models
	Occlusion analysis
	Saliency-map analysis
	Qualitative analysis

	Relationship between performance  and explainability

	Discussion
	Conclusion
	References


