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Fig. 1 Flowchart of data selection process
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2.1 MARITRELRIFE

BT R BAREA S 12 856 44214, FI4E
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Table 1 Baseline characteristics of subjects in the algorithm development dataset

Normal bone mass

Osteopenia (n=3  Osteoporosis (n=6

Characteristics (n=D635" 087 238 P value

Age (years) 64.1+9.3 64.8+9.5 65.2+9.7 0.157

Female, n (%) 1, 970 (74.8) 3, 015 (75.6) 4, 755 (76.2) 0.396

BMI (kg/m?) 25.8+4.1 25.5+4.0 25.1+£3.9 0.068

Prior fracture, n (%) 186 (7.1 628 (15.8) 1, 847 (29.6) <0.001
Parental history of hip fracture, n (%) 367 (13.9) 521 (13.1) 1, 008 (16.2) <0.05
Current smoking, n (%) 421 (16.00 712 (17.9) 1, 156 (18.5) 0.108

High alcohol intake, n (%) 251 (9.5) 408 (10.2) 718 (11.5) 0.062
Glucocorticoid use, n (%) 178 (6.8) 356 (8.9) 887 (14.2) <0.001
Rheumatoid arthritis, n (%) 148 (5.6) 283 (7.1D 598 (9.6) <0.05
Lumbar spine BMD (g/cm?) 1.14+0.12 0.95+0.09 0.79+0.11 <0.05
Femoral neck BMD (g/cm?) 0.94+0.11 0.79+0.08 0.65+0.09 <0.001
Total hip BMD (g/cm?) 1.02+0.12 0.868+0.08 0.715+0.10 <0.001
Osteocalcin (pg/L) 15.1+5.3 19.8+6.9 25.6+9.4 <0.05
C-terminal telopeptide of type I collagen (CTX)  (pg/L) 0.33+0.15 0.49+0.22 0.67+0.29 <0.001
[25 (OH) D] (nmol/L) 76.2+25.8 67.5£24.1 58.94+22.3 <0.001

Notes: Serum 25 (OH) D levels did not follow a normal distribution and are therefore presented as median (interquartile range) . Group com-

parisons were performed using the Kruskal - Wallis test.

2.2 fEBIEEE

FEDRAR 128k Y0 B ST B E R R
89.7%, MU N 87.5%, FFREN1.2%, BAYET
TAE 4 90.8%, BFAFRII{E A 88.3%, AUC 410.936
(95%CI: 0.927~0.945) . MHLZ T, Ui i DXA
) AUC 2} 0.889 (95%CI: 0.876~0.902) , 1£ 4;
FRAX 15 B 1) AUC & 0.842 (95%CI: 0.829~

0.855), DeLong K3/~ , 2B AUC BE &
T DXA FIFRAX (P<0.05). 7EANMBEUELE , 4
FRIFRE AR AUC M 0.918 (95% CI: 0.905~0.931),
HURE R 85.3%, ¢ 5F R 89.7%, Brier W43
0.087, VEIARLAYEAT K I iR i PE F AN 12 1k RE
h1 (F2, K2),
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Table 2 Osteoporosis diagnostic performance of different feature combinations

Feature combination Accuracy (%)

Sensitivity (%)

Specificity (%) AUC (95%CD Brier score

DXA 81.2 83.6 79.5 0.889 (0.876—0.902) 0.124
DXA-+Clinical 83.8 84.2 83.4 0.901 (0.889—0.913) 0.108
DXA+Clinical +BTMs 86.5 85.3 87.2 0.917 (0.906—0.928) 0.093
DXA+Clinical+BTMs+Bone Micro 88.4 86.9 89.5 0.928 (0.918—0.938) 0.089
DXA+Clinical+BTMs+Gene 87.9 86.3 89.1 0.923 (0.913—0.933) 0.094
DXA+Clinical+BTMs+Sensory 87.3 85.8 88.5 0.919 (0.908—0.930) 0.098
All features 89.7 87.5 91.2 0.936 (0.927—0.945) 0.083
Simplified model 86.5 85.3 87.2 0.917 (0.906—0.928) 0.093
Independent test set 81.2 85.3 89.7 0.918 (0.905—0.931) 0.087
A B . [« - D et .
DXA only DXA+Clinical DXA+Clinical+BTMs DXA+Clinical+BTMs+Micro
10 10 ] 10
P=0.041 P=0,038 P=0034 P=0.020
08 AUC0.820(0.876 0.902) 08 AUCO901(D.839-0.913) 08 AUCO917(0.906-0.928) 08 AUCDA28(0.918-0.938)
& 2 & z
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¥ 06 g 06 g 06 4 06
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Fig.2 ROC curves for osteoporosis diagnosis performance using different feature combinations
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Table 3 SHAP value ranking of important features in this algorithm

Rank Features for osteoporosis diagnosis SHAP Features for fracture risk prediction SHAP
1 Femoral neck BMD 3.42 Age 2.96
2 Lumbar spine BMD 3.18 Prior fracture 2.87
3 Age 2.76 Femoral neck BMD 2.82
4 Trabecular separation 241 Trabecular separation 2.58
5 C-terminal telopeptide of type I collagen (CTX) 2.25 Fall risk score 243
6 Osteocalcin 2.12 Single-leg stance time 2.26
7 Bone-specific alkaline phosphatase (BALP) 1.96 CTX 2.15
8 Cortical thickness 1.85 Gait speed 1.98
9 Serum 25 (OH) D level 1.74 BMI 1.87
10 BMI 1.68 Cortical thickness 1.75
11 Sex 1.56 Glucocorticoid use 1.64
12 Gait speed 1.45 RANKL SNP rs2277438 1.52
13 RANKL SNP 152277438 1.38 Trabecular number 1.48
14 VDR SNP 151544410 1.29 Sex 1.37
15 Serum calcium level 1.23 VDR SNP 151544410 1.28
SHAP values denote the mean absolute contribution of each feature to the model output and are unitless.
Table 4 Performance of the deep learning model in different subgroups
Category Sample size AUC (95%CD Sensitivity Specificity P value*
(%) (%)
Sex Male (n=3 053) 0.942 (0.932—0.952) 88.6 92.1 0013
Female (n=9 803) 0.918 (0.901—0.935) 85.2 89.7
Age <65 years (n=5954) 0.923 (0.909—0.937) 84.8 90.3 0.036
265 years (n=6 902) 0.940 (0.929—0.951) 89.5 92.0
Normal bone mass (n=2 635) 0.896 (0.878—0.914) 82.3 88.5
Bone Mineral Density Level Osteopenia (n=3 987) 0.921 (0.907—0.935) 85.7 90.4 0.007**
Osteoporosis  (n=6 234) 0.945 (0.935—0.955) 90.2 92.8
Asian (n=2 998) 0.933 (0.919—0.947) 87.1 91.4
Ethnicity European (n=8 693) 0.938 (0.926—0.950) 88.3 91.6 0.108%**
African (n=1 165) 0.904 (0.872—0.936) 83.6 88.9
Complete (all 6 feature categories) 0.936 (0.924—0.948) 87.5 91.2
Feature Completeness Partial (4 -5 feature categories) 0.924 (0.911—0.937) 85.8 90.1 0.039
Deficient (<3 feature categories) 0.891 (0.885—0.907) 81.6 85.9

*AUC differences across subgroups were assessed using the DeLong test; **comparisons among the three groups were conducted using one-way

ANOVA.
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Research on Multi—dimensional Feature Fusion Model for Osteoporosis Risk
Assessment Based on Deep Learning*
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Abstract Objective Osteoporosis is a progressive metabolic bone disorder characterized by reduced bone
mass and microarchitectural deterioration, leading to increased skeletal fragility and susceptibility to fracture.
Conventional diagnostic and risk-assessment approaches, such as dual-energy X-ray absorptiometry (DXA) and
the FRAX® algorithm, remain limited because they rely primarily on bone mineral density (BMD) and a
restricted set of clinical factors, failing to capture the multidimensional determinants of bone strength. This study
aimed to develop and validate a deep learning - based multi-dimensional feature fusion model that integrates
heterogeneous biological, structural, functional, and genetic information to improve the early identification of
osteoporosis and enhance fracture risk prediction. Methods A total of 12 856 participants were aggregated from
three major data repositories: the International Osteoporosis Foundation database, a clinical research database on
osteoporosis, and a large-scale medical informatics dataset. A unified data-extraction protocol was applied to
ensure cross-database harmonization, followed by quality control, variable standardization, and missing-data

handling using multiple imputation by chained equations (MICE). A multimodal deep learning framework was
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constructed to integrate six categories of features: BMD measurements, quantitative bone microarchitecture
parameters, bone turnover biomarkers, established clinical risk factors, osteoporosis-related genetic
polymorphisms, and sensor-derived balance and gait metrics. A multi-task learning strategy was adopted to
simultaneously predict osteoporosis status and 10-year fracture probability. Model training used five-fold cross-
validation, and external validation was conducted in an independent clinical cohort. Model performance was
benchmarked against DXA alone and the FRAX tool. Results In the internal test cohort, the proposed model
achieved an AUC of 0.936 (95% CI: 0.927 - 0.945), with a sensitivity of 87.5% and a specificity of 91.2%,
significantly outperforming DXA alone (4UC=0.889) and FRAX (AUC=0.842) (both P<0.05). External
validation yielded an 4AUC of 0.918 (95% CI: 0.905 - 0.931) and demonstrated strong calibration (Brier score=
0.087). SHAP analyses revealed that, beyond BMD, key predictors included trabecular separation, serum C-
terminal telopeptide of type I collagen, balance-related metrics, gait speed, and specific SNPs within the RANKL
and VDR loci. A simplified model incorporating only BMD, clinical features, and bone turnover markers
preserved high accuracy (4UC=0.917), underscoring its feasibility for resource-limited clinical environments.
Conclusion The deep learning - based multi-dimensional feature fusion model markedly enhances the precision
and individualization of osteoporosis assessment compared with traditional tools. By integrating biological,
structural, metabolic, genetic, and functional dimensions of bone health, the model provides a comprehensive
representation of skeletal integrity and robustly improves both diagnostic accuracy and fracture risk prediction. Its
strong generalizability across demographic subgroups highlights its clinical applicability. This work offers a
promising direction for developing next-generation intelligent decision-support systems that may meaningfully

improve osteoporosis screening, risk stratification, and preventive care.
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