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Purpose: To develop a clinical predictionmodel for the diagnosis of osteoporosis
using lumbosacral X-ray images through radiomics analysis.

Methods: A total of 272 patients who underwent dual-energy X-ray
absorptiometry (DXA) and lumbosacral X-ray examinations were categorized
into two groups: (1) the training set (n = 191) and (2) the validation set (n =
81). Radiomic features were extracted using 3D Slicer software, and radiomic
scores were calculated using the least absolute contraction and selection
operator logistic regression, facilitating the generation of radiomic features.
Subsequently, a clinical model, in conjunction with the radiomic features, was
employed to develop a column-line diagram for the clinical and imaging feature
prediction model. Performance evaluations for various models were conducted,
encompassing recognition ability, accuracy, and clinical value, with the aim of
identifying and optimizing prediction models.

Results: The 12 most optimal imaging features were identified. Upon
comprehensive performance analysis across different models, the clinical and
radiomics model emerged as themost effective. The training set and test set area
under the curves (AUCs) were 0.818 and 0.740, respectively. Additionally, the
model exhibited a sensitivity and specificity of 81.6%, 80.6% and 77.5%, 73.2%,
respectively.

Conclusion: In this study, we developed a column-line diagram that integrates
clinical and radiomics feature, presenting a novel screening tool for osteoporosis
in primary hospitals. This tool aims to enhance the efficiency of osteoporosis
diagnosis in primary hospitals.
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Introduction

Osteoporosis (OP) is a systemic, metabolic bone disease
characterized by decreased bone mass, destruction of bone
microarchitecture, heightened bone fragility, diminished bone
strength, and an increased risk of fractures (Svedbom et al.,
2014). China has identified osteoporosis as one of the three
major diseases for research concerning the elderly (Yan et al.,
2016). The condition poses a significant public health challenge
in the face of an aging society. In 2018, the Health Commission
highlighted the limited public awareness of osteoporosis, revealing
that while the prevalence among individuals over 50 years of age is
19.2%, only 3.7% of this population undergoes bone density test
(Epidemiological Survey on Osteoporosis in, 2019). Moreover,
fragility fractures resulting from osteoporosis have catastrophic
implications for the health and quality of life of middle-aged and
elderly individuals. It is anticipated that by 2025, there will be
approximately 5.99 million osteoporosis-related fractures (Si
et al., 2015), imposing a considerable healthcare cost estimated at
$25.43 billion and significantly compromising the quality of life for
the aging population.

Presently, the awareness rate among patients over 50 years old
is only 7.0%. For women in the same group, the proportion who
have undergone a bone density test is only 4.3%. Moreover, the
diagnosis rate of osteoporosis among individuals who have
experienced a fragility fracture is only two-thirds, and the
utilization of effective anti-osteoporosis medication remains
below 25% (Wang et al., 2015). The diagnosis of osteoporosis
relies on measuring bone mineral density through dual-energy
X-ray absorptiometry (DXA). However, the majority of hospitals
and communities lack the capability to conduct osteoporosis
diagnoses, thereby impeding early detection and treatment
efforts. Therefore, there is an urgent need to establish a
multidimensional, universally applicable screening method for
osteoporosis that can be implemented across all levels of
healthcare organizations.

In 2012, Dutch scholars, La et al. (2012), pioneered the concept
of imaging genomics, emphasizing the utilization of computer
software to extract quantitative features from medical images.
Leveraging big data analytics, this approach facilitates the
analysis of clinical information to guide clinical decision-making.
Imaging genomics has already demonstrated a significant role in
tumor research and various other fields (Song et al., 2018; Hu et al.,
2019; Huang et al., 2016). While some scholars have previously
explored the diagnosis of osteoporosis by radiomics feature through
computed tomography (CT) and magnetic resonance imaging
(MRI), achieving a certain degree of accuracy (Huang et al.,
2022), certain primary hospitals that lack access to CT and MRI
technologies face limitations in utilizing these methods for the
diagnosis of osteoporosis.In clinical practice in China,
lumbosacral X-rays are commonly performed for patients with
low back pain or suspected degenerative conditions. In
comparison to CT and MRI, lumbosacral X-ray offers advantages
such as cost-effectiveness, lower radiation exposure, and broader
accessibility. Therefore, this study developed and validated a clinical
prediction model for osteoporosis diagnosis through lumbosacral
X-ray, serving as a valuable tool for the primary screening of
osteoporosis.

Materials and methods

Study participants

Data from patients aged 50 years or older were retrospectively
collected from the orthopedic department of Guangzhou Panyu
District Hospital of Traditional Chinese Medicine between June
2020 and June 2022. The inclusion criteria encompassed the
following: (1) individuals who underwent lumbosacral X-ray and
DXA, and (2) the time interval between the two examinations being
less than 3 months; (3) those aged ≥50 years. The exclusion criteria
were as follows: (1) individuals missing DXA or lumbosacral X-ray;
(2) a prior history of lumbosacral surgery with internal fixation; (3)
Patients with L1-L4 vertebral fractures; (4) a history of major internal
medicine-related diseases, such as hyperthyroidism, hypocalcemia,
and tumors. The diagnosis of osteoporosis was determined based on
the European Clinical Guidelines on Osteoporosis (Kanis et al., 2013),
with osteoporosis defined as T ≤ −2.5 and non-osteoporosis as
T > −2.5. A total of 272 cases met the inclusion criteria and were
categorized into osteoporosis and non-osteoporosis groups based on
T-value results. Random assignment was performed to allocate the
participants in the training set (n = 191) and validation set (n = 81),
maintaining a ratio of 7:3. The flowchart detailing this process is
depicted in Figure 1.

This study was approved by the ethics committee of the Panyu
Hospital of Chinese Medicine approved this study, which waived the
requirement for individual consent due to the use of
retrospective data.

Clinical variables

Previous studies have identified weight and age as significant risk
factors for osteoporosis. Given their practical accessibility in clinical
settings, we gathered age and weight as clinical factors for the
participants who underwent DXA.

Imaging feature extraction

Lateral lumbosacral radiographs from the included cases were
collected and stored in Dicom format. Vertebral regions of interest
(ROI) were manually delineated on the lumbar lateral radiographs by
two spine surgeons (each with 5 years of experience and blinded to the
osteoporosis status of the X-rays) using a 3D Slicer (version No.5.0.3).
Subsequently, the accuracy of the ROIs was verified by a deputy chief
physician with 10 years of experience. Normalization of the images
was performed before the outlining process to improve the
convergence speed of the model. The L1-L4 vertebrae were
outlined using the same labels, and these labels were input into the
3D Slicer Radiomics expansion package. This package facilitated the
automated extraction of imageomics-related features, including first-
order features, grayscale covariance matrix, grayscale tour length
matrix, grayscale size-band matrix, and neighboring grayscale
difference matrix among others, describing both the morphological
and textural features of the cones. Finally, the intraclass correlation
coefficient (ICC) of the extracted features was computed, and only
features with ICC >0.75 were included in this study.

Frontiers in Aging frontiersin.org02

Chen et al. 10.3389/fragi.2025.1476902

https://www.frontiersin.org/journals/aging
https://www.frontiersin.org
https://doi.org/10.3389/fragi.2025.1476902


Model development

To avoid over-fitting and reduce computational complexity, we
implemented dimensionality reduction for the radiomic features.
Utilizing least absolute shrinkage and selection operator (LASSO)
regression, we identified radiomic features most closely associated
with osteoporosis occurrence. Subsequently, Spearman’s correlation
analysis was employed to eliminate highly correlated features, resulting
in the inclusion of 12 radiomic features for model development. The
radiomics model consisted of a product combination of the final
retained features and their corresponding weighting factors, and a
radiomic score (rad-score) was then calculated. Clinical risk factors for
osteoporosis underwent univariate analysis, with factors exhibiting a
significance level of P < 0.05 being integrated in the logistic regression
model. Finally, factors with P < 0.05 in the logistic regression were
included in the clinical model modeling. The clinical and radiomics
model was built based in the identified clinical and radiomics
characteristics. A column-line diagram representing the clinical and
radiomics model was created.

Validation of the model

The performance of the model in the identification of
osteoporosis was evaluated using the receiver operating
characteristic (ROC) curves, comparing the AUC across the
training and test sets for various models. Calibration curves were
employed to evaluate the goodness of fit of the column plots, and
data from the validation set were used to assess the validity of the

column plots. Decision curve analysis (DCA) was employed as a
method to assess the usability and efficiency of radiomics models,
visually displaying the “net benefit” of a model. Positive net
reclassification improvement (NRI) values indicate that the
model provides a net improvement in clinical decision-making
for patients with osteoporosis.

Statistical analysis

Statistical analyses were performed using the R software.
Initially, the Kolmogorov-Smirnov test was employed to examine
whether the texture feature parameters adhered to a normal
distribution. For continuous variables, the significance of
differences was assessed using independent samples t-test or
univariate analysis, depending on the normality of the
distribution. The Mann-Whitney U test was applied in cases
where the features exhibited a non-normal distribution.
Categorical variables were compared between groups using the
Fisher exact test or chi-square test. A significance level of P <
0.05 was considered statistically significant.

LASSO logistic regression analysis was performed using the
“glmnet” extension in R. The filtered features were analyzed
through Spearman correlation analysis and the final retained
features exhibiting a correlation magnitude |R| >0.7 were excluded.
The rad-score for each patient was computed as the sum of the
products of the final retained features, based on the radiomic features
and their corresponding coefficients. Finally, ROC curves, calibration
curves, DCA curves, and column line plots were generated using the R

FIGURE 1
Flow chart of the study.
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language. The corresponding AUC was calculated, with a larger AUC
indicating a more effective predictive performance of the model.

Results

Clinical outcomes

There were 191 patients in total in the training set, including
98 patients in the non-osteoporotic group, with a mean age of
66.02 ± 8.04 years and a mean weight of 55.74 ± 7.34 kg.
Additionally, there were 93 patients in the osteoporotic group,
with a mean age of 61.63 ± 8.53 years and a mean weight of
62.21 ± 9.77 kg, as outlined in Table 1.

Imaging histologic features

After employing R to classify the texture features, the optimal
tunable parameter (λ = 0.0230) was identified, resulting in 17 image
grouping features. Subsequently, through Spearman correlation
analysis, features with high correlation (|R| > 0.7) were excluded,
yielding 12 image grouping features (Figure 2). These features
include wavelet-HLL_ firstorder_Mean, wavelet-HLL_firstorder_
Skewness, wavelet-HHL_firstorder_Skewness, wavelet-HLL_glcm_
ClusterShade, wavelet-HLL_glcm_ Idmn, wavelet-LHH_glszm_
LowGrayLevelZoneEmphasis, wavelet-LHH_glszm_SizeZoneNon
Uniformity, wavelet-HLH_glszm_LargeAreaEmphasis, wavelet-
HLH_glszm_SmallAreaEmphasis, wavelet-HHH_gldm_Large
DependenceHighGrayLevelEmphasis, wavelet-HHH_gldm_ Small

DependenceHighGrayLevelEmphasis, and wavelet-LLL_gldm_
LargeDependenceLowGrayLevelEmphasis.

Comparison of predictive models

Both the radiomics modeling group and the radiomics plus
clinical modeling group demonstrated superior results compared to
the clinical modeling group (Figures 3, 4). In the radiomics modeling
group, the training set and test set AUCs were 0.818 and 0.740,
respectively, with a sensitivity and specificity of 57.1%, 90.3%, and
45.0%, 92.7%, respectively. The clinical modeling group achieved an
AUC of 0.741 on the training set and 0.721 on the test set. The
sensitivity and specificity were 65.3% and 74.2% for the training set,
and 80.0% and 61.0% for the test set, respectively.The radiomics plus
clinical modeling group demonstrated a training set AUC of 0.871,
with a sensitivity of 81.6% and a specificity of 80.6%. In the test set,
the AUC was 0.790, with a sensitivity of 77.5% and a specificity of
73.2% (Table 2).

Discussion

Osteoporosis is a prevalent and extensively studied condition
characterized by a weakening of bone structure and a reduction in
bone density, often resulting in fragile fractures, particularly in areas
such as the hip, spine, humerus, and wrist (Clynes et al., 2020). As a
bone-related condition, early detection and appropriate
management of osteoporosis are crucial for mitigating or
preventing complications such as fractures (Viganò et al., 2023).

TABLE 1 Clinical data for included patients.

Osteoporosis (n = 98) Non-osteoporotic (n = 93) P-value

Age, y 66.02 ± 8.04 61.63 ± 8.53 0.000

Weight, kg 55.74 ± 7.34 62.21 ± 9.77 0.000

FIGURE 2
Lumbar X-ray radiomic feature selection based on LASSO regression (a,b).
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Some studies have developed and validated radiographic
characterization models employing MR and CT for pre-surgical
detection of osteoporosis, particularly in lumbosacral surgeries.
Radiological techniques offer valuable information that can aid in
surgical decision-making without additional medical costs or
radiation exposure (Cai et al., 2023; Jiang et al., 2022; He et al.,
2021). Lumbosacral X-rays, as an economical and widely accessible
screening modality, serve as a guiding tool for clinical decisions
related to detection, medication, and follow-up for individuals at
high risk for osteoporosis and fractures. Radiomic-based approaches
have the potential utility and scalability to enhance osteoporosis risk
prediction as an adjunct procedure to routine x-ray scans in clinical
practice, including previously stored images.

In this study, we developed a clinical prediction model for
osteoporosis using lateral lumbar X-ray images of the L1-L4

vertebrae from patients without vertebral fractures at our
institution. The model employs radiologic features extracted from
X-ray images of the L1-L4 vertebrae, allowing for the diagnosis of
osteoporosis based on a patient’s lumbosacral X-rays. This image
processing method is easy to implement and cost-effective, without
introducing additional radiation hazards. Given the limited
availability of DXA tests in primary hospitals, accurate diagnosis
of osteoporosis can be challenging. Our clinical prediction model
addresses this limitation by providing a means to identify the risk of
osteoporosis through routine spinal X-rays. This approach offers a
practical solution to diagnostic challenges in primary hospitals,
contributing to resource optimization.

The development of osteoporosis is influenced by various
factors, including sex, age, body mass index, and the use of
certain medications (Khalifa et al., 2023), with a higher

FIGURE 3
(a)Comparison of DCA curves for training-focused clinical model, radiomics model, and clinical + radiomics model; (b)Comparison of ROC curves
for training-focused clinical model, radiomics model, and clinical + radiomics model; (c) Comparison of DCA curves for test-focused clinical model,
radiomics model, and clinical + radiomics model; and (d) Comparison of DCA curves for testing-focused clinical model and radiomics model, clinical +
radiomics Model ROC curve comparison.
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prevalence generally observed in postmenopausal women. The
predictive model in this study was developed by incorporating
easily accessible clinical factors, namely, age and body weight, in

conjunction with radiologic features extracted from lumbosacral
X-rays. The predictive model was categorized into three main
groups: the radiomics model group, the clinical model group,

FIGURE 4
(a) Clinical + Radiomics column-line diagram clinical prediction model; (b) Clinical + Radiomics training set calibration curve; (c) Clinical +
Radiomics test set calibration curve.

TABLE 2 Comparison of the prediction results of the three models.

Model Sensitivity Specificity ROC 95% CI

Training set Radiomics 57.10% 90.30% 0.818 0.763~0.830

Clinical 65.30% 74.20% 0.741 0.729~0.766

Radiomics + Clinical 81.60% 80.60% 0.871 0.843~0.891

Test set Radiomics 45.00% 92.70% 0.74 0.690~0.776

Clinical 80.00% 61.00% 0.721 0.709~0.752

Radiomics + Clinical 77.50% 73.20% 0.79 0.772~0.803
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and the radiomics plus clinical model group. Comparative
assessments of their clinical performance were conducted by
evaluating the AUC of the three model groups. It was found that
the ROC of the radiomics plus clinical model group reached 0.871,
with a sensitivity of 81.6% and a specificity of 80.6%, surpassing both
the radiomics and clinical model groups. Based on the imaging
features and clinical parameters of lumbosacral X-rays, and by
combining the AUCs and columnar plots calculated in the best
radiomics model group, it was found that the X-ray radiomics
features could predict whether a patient had osteoporosis or not.
Radiomics is the emerging principle of comprehensive and
automated quantification of radiographic phenotypes using data
characterization algorithms (E et al., 2008; Yao et al., 2022).

This study has several limitations that warrant consideration. First,
the single-center retrospective design and relatively homogeneous
study population may introduce selection bias despite statistical
safeguards. Additionally, the relatively small sample size may affect
the robustness and generalizability of our model, highlighting the need
for external validation in larger, more diverse cohorts. Second, the
mean age of participants was 66 years, which is relatively young
compared to typical osteoporosis screening populations, so further
investigation is needed to assess the model’s applicability in older
individuals, particularly those over 70 or with multiple risk factors.
Finally, the model was developed based on lateral lumbar X-rays
(L1–L4), limiting its direct applicability to other skeletal sites such as
the hip or forearm, or to patients with vertebral fractures. Moreover,
incomplete documentation of comorbidities (e.g., diabetes,
glucocorticoid use) may constrain the model’s predictive accuracy.

Although our model shows potential as a cost-effective alternative
to DXA, successful clinical implementation will require validation of
automated ROI delineation tools and standardized clinician training
protocols. Our findings could be particularly valuable in regions or
healthcare settings where DXA is unavailable or underutilized. Given
that lumbosacral radiographs are frequently obtained for other clinical
reasons, combining these images with radiomics-based analysis may
offer an accessible and opportunistic screening strategy. Overall, this
proof-of-concept study lays important groundwork for future multi-
center prospective validations and adaptation to diverse populations
and skeletal sites, ultimately aiming to enhance osteoporosis detection
through affordable imaging modalities.

Conclusion

In summary, the clinical prediction model developed in this
study, integrating clinical and radiomics from lumbosacral X-rays,
offers a generalizable solution that improves the diagnostic
capabilities of primary hospitals in identifying osteoporosis. This
further contributes to the reduction of social burdens associated with
osteoporosis complications.

Data availability statement

The original contributions presented in the study are included in
the article/supplementary material, further inquiries can be directed
to the corresponding author.

Ethics statement

The studies involving humans were approved by Ethics
committee of the Panyu Hospital of Chinese Medicine. The
studies were conducted in accordance with the local legislation
and institutional requirements. The ethics committee/
institutional review board waived the requirement of written
informed consent for participation from the participants or the
participants’ legal guardians/next of kin because This study was
approved by the ethics committee of the Panyu Hospital of
Chinese Medicine approved this study, which waived the
requirement for individual consent due to the use of
retrospective data.

Author contributions

XC: Formal Analysis, Writing – review and editing. DC: Formal
Analysis, Writing – review and editing. HL: Formal Analysis,
Writing – review and editing. WG: Writing – review and editing.
QL: Writing – review and editing. JjL: Writing – review and editing.
JX: Methodology, Writing – original draft. JcL: Investigation,
Writing – original draft. ZX: Supervision, Writing – original
draft. WD: Validation, Writing – original draft. SO:
Methodology, Writing – original draft. ZD: Methodology,
Writing – original draft. QW: Methodology, Software, Validation,
Writing – original draft, Writing – review and editing.

Funding

The author(s) declare that financial support was received for
the research and/or publication of this article. This work was
supported by Guangdong Medical Science and Technology
Research Fund Program (A2023477),Key medical disciplines in
Panyu District (2022-2024), Panyu District Science and
Technology Programme Major Healthcare Projects (2022-Z04-
112), Panyu District Science and Technology Program (2024-
Z04-048) and Panyu District Science and Technology Program
(2024-Z04-006).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Frontiers in Aging frontiersin.org07

Chen et al. 10.3389/fragi.2025.1476902

https://www.frontiersin.org/journals/aging
https://www.frontiersin.org
https://doi.org/10.3389/fragi.2025.1476902


References

Cai, J., Shen, C., Yang, T., Jiang, Y., Ye, H., Ruan, Y., et al. (2023). MRI-based
radiomics assessment of the imminent new vertebral fracture after vertebral
augmentation. Eur. Spine J. 32 (11), 3892–3905. doi:10.1007/s00586-023-07887-y

Clynes, M. A., Harvey, N. C., Curtis, E. M., Fuggle, N. R., Dennison, E. M., and
Cooper, C. (2020). The epidemiology of osteoporosis. Br. Med. Bull. 133 (1), 105–117.
doi:10.1093/bmb/ldaa005

Engelke, K., Adams, J. E., Armbrecht, G., Augat, P., Bogado, C. E., Bouxsein, M. L.,
et al. (2008). Clinical use of quantitative computed tomography and peripheral
quantitative computed tomography in the management of osteoporosis in adults:
the 2007 ISCD Official Positions. J. Clin. Densitom. 11 (1), 123–162. doi:10.1016/j.
jocd.2007.12.010

Epidemiological Survey On Osteoporosis (2019). Epidemiological survey on
osteoporosis in China and results of “healthy bones” special action released. Chin.
J. Osteoporos. Bone Mineral Res. 12(04):317–318.

He, L., Liu, Z., Liu, C., Gao, Z., Ren, Q., Lei, L., et al. (2021). Radiomics based on
lumbar spine magnetic resonance imaging to detect osteoporosis. Acad. Radiol. 28 (6),
e165–e171. doi:10.1016/j.acra.2020.03.046

Hu, S., Liang, C. H., Liu, Z. Y., Huang, B., and Liu, H. (2019). The application and
progress of texture analysis and radiomics in nonneoplastic lesion. Chin. J. Radiology 53
(6), 526–529.

Huang, C. B., Hu, J. S., Tan, K., Zhang,W., Xu, T. H., and Yang, L. (2022). Application
of machine learning model to predict osteoporosis based on abdominal computed
tomography images of the psoas muscle: a retrospective study. BMC Geriatr. 22 (1), 796.
doi:10.1186/s12877-022-03502-9

Huang, Y., Liu, Z., He, L., Chen, X., Pan, D., Ma, Z., et al. (2016). Radiomics signature:
a potential biomarker for the prediction of disease-free survival in early-stage (I or II)
non-small cell lung cancer. Radiology 281 (3), 947–957. doi:10.1148/radiol.2016152234

Jiang, Y. W., Xu, X. J., Wang, R., and Chen, C. M. (2022). Radiomics analysis based on
lumbar spine CT to detect osteoporosis. Eur. Radiol. 32 (11), 8019–8026. doi:10.1007/
s00330-022-08805-4

Kanis, J. A., McCloskey, E. V., Johansson, H., Cooper, C., Rizzoli, R., Reginster,
J. Y., et al. (2013). European guidance for the diagnosis and management of

osteoporosis in postmenopausal women. Osteoporos. Int. 24 (1), 23–57. doi:10.
1007/s00198-012-2074-y

Khalifa, A. A., Mahran, D. G., Fergany, A., and Farouk, O. (2023). Epidemiology of
acetabular fractures in elderly patients and the effect of various management options on
the outcomes. A comprehensive narrative review. Int. J. Orthop. Trauma Nurs. 53,
101049. doi:10.1016/j.ijotn.2023.101049

Lambin, P., Rios-Velazquez, E., Leijenaar, R., Carvalho, S., van Stiphout, R. G.,
Granton, P., et al. (2012). Radiomics: extracting more information from medical images
using advanced feature analysis. Eur. J. Cancer 48 (4), 441–446. doi:10.1016/j.ejca.2011.
11.036

Si, L., Winzenberg, T. M., Jiang, Q., Chen, M., and Palmer, A. J. (2015). Projection of
osteoporosis-related fractures and costs in China: 2010-2050. Osteoporos. Int. 26 (7),
1929–1937. doi:10.1007/s00198-015-3093-2

Song, J., Shi, J., Dong, D., Fang, M., Zhong, W., Wang, K., et al. (2018). A new
approach to predict progression-free survival in stage IV EGFR-mutant NSCLC patients
with EGFR-TKI therapy. Clin. Cancer Res. 24 (15), 3583–3592. doi:10.1158/1078-0432.
CCR-17-2507

Svedbom, A., Ivergård, M., Hernlund, E., Rizzoli, R., and Kanis, J. A. (2014).
Epidemiology and economic burden of osteoporosis in Switzerland. Arch.
Osteoporos. 9, 187. doi:10.1007/s11657-014-0187-y

Viganò, M., Pennestrì, F., Listorti, E., and Banfi, G. (2023). Proximal hip fractures in
71,920 elderly patients: incidence, epidemiology, mortality and costs from a
retrospective observational study. BMC Public Health 23 (1), 1963. doi:10.1186/
s12889-023-16776-4

Wang, O., Hu, Y., Gong, S., Xue, Q., Deng, Z., Wang, L., et al. (2015). A survey of
outcomes and management of patients post fragility fractures in China. Osteoporos. Int.
26 (11), 2631–2640. doi:10.1007/s00198-015-3162-6

Yan, H., Guo, J., An, Y., and Zhang, X. (2016). Research progress in molecular signaling
pathways on the pathogenesis of osteoporosis. Chin. J. Osteoporos. 22 (10), 1336–1340.

Yao, Q., Liu, M., Yuan, K., Xin, Y., Qiu, X., Zheng, X., et al. (2022). Radiomics
nomogram based on dual-energy spectral CT imaging to diagnose low bone mineral
density. BMC Musculoskelet. Disord. 23 (1), 424. doi:10.1186/s12891-022-05389-4

Frontiers in Aging frontiersin.org08

Chen et al. 10.3389/fragi.2025.1476902

https://doi.org/10.1007/s00586-023-07887-y
https://doi.org/10.1093/bmb/ldaa005
https://doi.org/10.1016/j.jocd.2007.12.010
https://doi.org/10.1016/j.jocd.2007.12.010
https://doi.org/10.1016/j.acra.2020.03.046
https://doi.org/10.1186/s12877-022-03502-9
https://doi.org/10.1148/radiol.2016152234
https://doi.org/10.1007/s00330-022-08805-4
https://doi.org/10.1007/s00330-022-08805-4
https://doi.org/10.1007/s00198-012-2074-y
https://doi.org/10.1007/s00198-012-2074-y
https://doi.org/10.1016/j.ijotn.2023.101049
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1007/s00198-015-3093-2
https://doi.org/10.1158/1078-0432.CCR-17-2507
https://doi.org/10.1158/1078-0432.CCR-17-2507
https://doi.org/10.1007/s11657-014-0187-y
https://doi.org/10.1186/s12889-023-16776-4
https://doi.org/10.1186/s12889-023-16776-4
https://doi.org/10.1007/s00198-015-3162-6
https://doi.org/10.1186/s12891-022-05389-4
https://www.frontiersin.org/journals/aging
https://www.frontiersin.org
https://doi.org/10.3389/fragi.2025.1476902

	Development and validation of a clinical prediction model for osteoporosis diagnosis by lumbosacral X-ray and radiomics
	Introduction
	Materials and methods
	Study participants
	Clinical variables
	Imaging feature extraction
	Model development
	Validation of the model
	Statistical analysis

	Results
	Clinical outcomes
	Imaging histologic features
	Comparison of predictive models

	Discussion
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References


