Journal of Clinical Densitometry: Assessment & Management of Musculoskeletal Health, vol. 29, no. 1, 101666, 2026

© 2025 The Author(s). Published by Elsevier Inc. on behalf of The International Society for Clinical Densitometry. This is an open access article under the CC
BY license (http://creativecommons.org/licenses/by/4.0/)

1094-6950/29:101666/$36.00

https://doi.org/10.1016/j.jocd.2025.101666

Check for
Updates

Osteoporosis prediction from Frontal Lumbar Spine X-rays

Ryusei Inamori,”” Tomoya Kobayashi,”” ** Eichi Takaya,"” Junya Iwazaki,’

Carlos Makoto Miyauchi,” Saori Tkumi,”’ Yoshikazu Okamoto,”” Cheng Wei Lin,*
Sheng Che Hsiao,” Qingzong Tseng,” and Shinya Sonobe” %"

I AI Lab, Tohoku University Hospital, 1-1 Seiryo-machi, Aoba-ku, Sendai, Miyagi, 980-8575, Japan; > Department of
Diagnostic Imaging, Tohoku University Graduate School of Medicine, 2-1 Seiryo-machi, Aoba-ku, Sendai, Miyagi, 980-
8575, Japan; > Department of Anesthesiology and Perioperative Medicine, Tohoku University Graduate School of
Medicine, 2-1 Seiryo-machi, Aoba-ku, Sendai, Miyagi, 980-8575, Japan; 4Alpha Intelligence Manifolds, Inc., New Taipei
City, Taiwan; ° Department of Neurosurgery, Tohoku University Graduate School of Medicine, 2-1 Seiryo-machi, Aoba-
ku, Sendai, Miyagi, 980-8575, Japan; ® Department of Translational Neuroscience, Tohoku University Graduate School of
Medicine, 2-1 Seiryo-machi, Aoba-ku, Sendai, Miyagi, 980-8575, Japan; and 7Department of Neurosurgical Engineering,
Tohoku University Graduate School of Medicine, 2-1 Seiryo-machi, Aoba-ku, Sendai, Miyagi, 980-8575, Japan

Abstract

Background: This study aimed to evaluate the performance of DeepXray™ Spina, a software that estimates
bone mineral density (BMD) and T-scores from frontal lumbar spine X-ray (FLS-X), in predicting osteoporosis.

Methodology: Patients from a Japanese cohort who underwent both FLS-X and dual-energy X-ray absorpti-
ometry (DXA) using Hologic systems within 30 days at Tohoku University Hospital (May 2014-April 2024)
were included. BMD was estimated from FLS-X using DeepXray™ Spina, which was developed using dataset
from a Taiwanese Cohort. BMD assessed by DXA (observed BMD) and BMD estimated from FLS-X by
DeepXray™ Spina (estimated BMD) were compared using Pearson’s correlation coefficient (PCC) and nor-
malized root mean square error (NRMSE). T-scores were converted to osteoporosis classifications as normal,
osteopenia, or osteoporosis following the World Health Organization criteria. Classification performance was
evaluated by accuracy, sensitivity, specificity, Cohen’s kappa, and quadratic-weighted Cohen’s kappa.

Results: The correlation between estimated and observed BMD was strong, with a PCC of 0.901 and an
NRMSE of 0.070. For osteoporosis classification, the accuracy, sensitivity, specificity, and Cohen’s kappa were
as follows: 0.902, 1.000, 0.842, and 0.803 for normal; 0.854, 0.729, 0.924, and 0.673 for osteopenia; 0.951, 0.810,
1.000, and 0.863 for osteoporosis. The quadratic-weighted Cohen’s kappa was 0.884.

Conclusion: This study evaluated the performance of Deep Xray™ Spina in predicting osteoporosis from FLS-X.
The software is a practical and reliable tool for predicting osteoporosis, with high performance and robustness.

Keywords: Osteoporosis; Bone mineral density; Frontal lumbar spine X-ray; Dual-energy X-ray absorpti-
ometry; Machine learning.

Introduction

Osteoporosis affects approximately 200 million people
worldwide, and its prevalence is expected to increase fur-
ther.'” Failure to achieve timely diagnosis can lead to
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Diagnosis is made through the assessment of bone min-
eral density (BMD) and T-scores. Dual-energy X-ray
absorptiometry (DXA) is the gold standard, but it
requires specialized equipment and is therefore available
only in limited facilities and limited examination slots,
which may restrict patient access. Many individuals with
osteoporosis remain undiagnosed, and it would be useful
if osteoporosis could be predicted from examinations that
can be performed more widely.

Recent studies have reported artificial intelligence
(AI) models predicting osteoporosis by BMD estimation
based on lumbar spine X rays.'''* These models have
generally been developed using data from geographically
homogeneous populations, and their generalizability
across geographically distinct populations remains
unclear. DeepXray™ Spina (Alpha Intelligence Mani-
folds, Inc., Taiwan) is one such model, which estimates
BMD and T scores from frontal lumbar spine X-ray
images (FLS-X).

This study aimed to validate the performance of Deep-
Xray™ Spina in predicting osteoporosis in a geographi-
cally distinct population.

Materials and methods

Population

Patients who underwent both FLS-X examinations and
DXA scans within 30 days at Tohoku University Hospital
between May 2014 and April 2024, with the DXA scans
performed using a Hologic DXA system, were included.

Data acquisition

BMD and T-scores assessed by DXA were acquired.
Additionally, the FLS-X acquired on the date closest
to the DXA scan was acquired. Kidney—ureter—blad-
der was also treated as FLS-X. FLS-X were obtained
using two types of equipment manufactured by FUJI-
FILM Corporation (Tokyo, Japan) and KONICA
(Tokyo,

MINOLTA Inc. Japan). The exposure
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Fig. 1. Images Excluded Due to Invalid Estimated BMD.
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parameters of FLS-X were as follows (min, mean,
max): KVP (66, 74.1, 98), Exposure Time (14, 106.6,
280), X-ray Tube Current (160, 307.1, 500), and
source-to-image distance (984, 1095, 1806).

Estimation of BMD and T-scores from FLS-X

Separately from the acquired BMD and T-scores, esti-
mated BMD and T-scores from FLS-X were output using
DeepXray™ Spina. The software processes DICOM-for-
mat FLS-X and detects key anatomical landmarks from
the T12 to L5 vertebrae, then outputs estimated BMD for
each of L1 to L4 using a machine learning model for
regression (for details, please refer to the Supplementary
Material). These estimated BMD were calibrated for
GE DXA systems; therefore, they were converted to
Hologic-equivalent values using the following equation:
Hologic-equivalent value = 0.856 x GE-equivalent value -
0.016.'° The Hologic-equivalent values were converted to
T-scores (estimated T-scores) using the Young Adult
Mean values from the National Health and Nutrition
Examination Survey database.'” Images with invalid
BMD estimation (for details, please refer to the Supple-
mentary Material) for any of L2 to L4 were excluded.

Evaluation of estimation performance

A Scatter plot was created with BMD assessed by
DXA (observed BMD) on the x-axis and estimated BMD
on the y-axis. Pearson’s correlation coefficient (PCC) and
normalized root mean square error (NRMSE, normalized
by the range [min—max]) between observed BMD and
estimated BMD were calculated. T-scores assessed by
DXA (observed T-scores) and estimated T-scores were
converted to osteoporosis classifications following the
World Health Organization criteria: normal (T-score >
—1.0), osteopenia (—2.5 < T-score < —1.0), or osteoporo-
sis (T-score < —2.5).'"® A confusion matrix was created
between osteoporosis classifications derived from

observed T-scores and those based on estimated T-scores.

(d)

The 4 images excluded due to invalid BMD estimation. The vertebrae were not properly detected due to nonverte-

bral structures (a, b) or metal implants (c, d).
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Table 1
Patient Characteristics.

Overall Female Male p-value
Patients, n (%) 323 (100) 253 (78.3) 70 (21.7)
Images, n (%) 328 (100) 258 (78.7) 70 (21.3)
Diagnosis, n (%)
- Normal 126 (38.4) 86 (68.3) 40 (31.7)
- Osteopenia 118 (36.0) 94 (79.7) 24 (20.3)
- Osteoporosis 84 (25.6) 78 (92.9) 6(7.1)
Age, median (IQR), years 70.0 (60.0-77.0) 70.0 (60.0-77.0) 67.0 (60.0-73.0) 0.87
BMI, median (IQR), kg/m? 23.68 (21.02-26.45) 24.25 (21.50-26.80) 23.55 (21.00-26.00) 0.40
BMD, median (IQR), g/lem®  0.93 (0.79-1.07) 0.90 (0.80-1.00) 1.09 (1.00-1.15) < 0.001
T-score, median (IQR) —1.41 (—2.80 to —0.24) —1.79 (—2.80 to —0.30) —0.02 (—1.00 to 1.00) < 0.001

Note: Median values were compared between groups using the Wilcoxon rank-sum test. Osteoporosis classifications were defined
according to the World Health Organization criteria: normal (T-score > —1.0), osteopenia (—2.5 < T-score < —1.0), and osteopo-
rosis (T-score < —2.5). Abbreviations: IQR, interquartile range; BMI, body mass index; BMD, bone mineral density.
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Fig. 2. Performance for BMD Estimation.

The scatter plot of bone mineral density (BMD)
assessed by dual-energy X-ray absorptiometry (observed
BMD) and BMD estimated from frontal lumbar spine X-
ray (FLS-X) using DeepXray™ Spina (estimated BMD).
The red line with the light red shaded area indicates the
regression line for observed BMD and estimated BMD,
along with the 95% confidence interval. The black dashed
line shows the line of identity.

Fig. 3. Confusion Matrix for Osteoporosis Classification.
Confusion matrix comparing predictions and ground
truth.

328 images from 323 patients were analyzed. The cohort
consisted of 253 female and 70 male patients, with ages
ranging from 13 to 91 years, and a mean age of 67.1 years.

Based on the confusion matrix, accuracy, sensitivity, spec-
ificity, and Cohen’s kappa were calculated according to
the one-vs-rest strategy. In addition, the quadratic-
weighted Cohen’s kappa was calculated for multi-class
agreement.

Results

Patient characteristics

A total of 332 images from 327 patients were included,
as 5 patients had two images that met the inclusion crite-
ria. Due to invalid BMD estimation, 4 images correspond-
ing to 4 patients were excluded (Fig. 1). Consequently,
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Among them, 126 were classified as normal, 118 as osteo-
penia, and 84 as osteoporosis (Table 1). There were 15
patients aged 40 years or younger, who are generally con-
sidered to have a low risk of primary osteoporosis; 7
patients were taking corticosteroids, and 6 patients had
diseases that can lead to secondary osteoporosis.

Evaluation of estimation performance

The PCC and NRMSE were 0.901 and 0.070 between
the observed BMD and estimated BMD (Fig. 2). The pre-
dictive performance of osteoporosis classification was cal-
culated based on the confusion matrix (Fig. 3); the
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Table 2
Predictive Performance of Osteoporosis Classification.
Classification Accuracy Sensitivity Specificity Cohen’s kappa Quadratic-weighted
Cohen’s kappa

Normal 0.902 1.000 0.842 0.803 0.884

Osteopenia 0.854 0.729 0.924 0.673

Osteoporosis 0.951 0.810 1.000 0.863

Note: T-scores estimated by DeepXray™ Spina were converted to osteoporosis classifications following the World Health Organi-
zation criteria: normal (T-score > —1.0), osteopenia (—2.5 < T-score < —1.0), and osteoporosis (T-score < —2.5). For each cate-
gory, accuracy, sensitivity, specificity, and Cohen’s kappa for prediction were calculated according to the one-vs-rest strategy.

accuracy, sensitivity, specificity, and Cohen’s kappa were
as follows: 0.902, 1.000, 0.842, and 0.803 for normal; 0.854,
0.729, 0.924, and 0.673 for osteopenia; 0.951, 0.810, 1.000,
and 0.863 for osteoporosis. The quadratic-weighted
Cohen’s kappa was 0.884 (Table 2).

Discussion

This study evaluated the performance of DeepXray™
Spina in predicting osteoporosis. In BMD estimation
from FLS-X, the PCC and NRMSE were 0.901 and 0.070,
respectively, between the observed BMD and estimated
BMD. In osteoporosis classification, the quadratic-
weighted Cohen’s kappa was 0.884.

This study assessed the ability of DeepXray™ Spina
to estimate BMD from FLS-X. The PCC and the
NRMSE demonstrated a very strong correlation
between the observed BMD and the estimated BMD.
The Cohen’s kappa demonstrated substantial agree-
ment in osteoporosis classification for normal and oste-
oporosis categories. These findings indicate that the
software has the potential to be useful for osteoporosis

comparable or superior performance to previous
reports (Table 3). Thus, the software is a reliable tool
for predicting osteoporosis with high performance.

This study assessed the ability of DeepXray™ Spina to
generalize across different populations. External valida-
tion often results in significantly lower accuracy due to
domain shifts caused by variations in imaging devices,
imaging protocols, and patient characteristics.'’”' The
software was originally developed using approximately
15,000 DXA scans from four medical institutions in Tai-
wan, and its generalizability across different populations
has not been evaluated. This study demonstrated that the
software achieved high predictive performance in the Jap-
anese cohort. Thus, the software is a reliable tool for pre-
dicting osteoporosis with high robustness.

The fact that DeepXray'™ Spina requires only X-rays is
an essential advantage. X-rays are widely implemented
and highly accessible. Therefore, the software may provide
screening opportunities to patients who visit hospitals for
unrelated purposes to osteoporosis (opportunistic screen-
ing). Also, X-rays can be performed using portable devices.
In the future, the software may provide screening opportu-

screening. Indeed, the software demonstrated  nities to patients who may have difficulty accessing medical
Table 3
Osteoporosis Prediction from X-ray using Al
Author (Year) Site PCC NRMSE Predictive Performance of Osteoporosis Reference
Classification
Normal Osteopenia Osteoporosis
Hsieh et al. (2021) Lumber 090 NA NA NA NA lf
Boonrod et al. (2025) Lumber 0.63 NA NA NA 0.696, 0.797,0.665 *°
Nguyen et al. (2025) Lumber 0.87 NA NA NA NA H
Moro et al. (2025) Lumber 0.89 NA NA 0.850, 0.864,0.841 0.924,0.717,0.947 *°

Current study Lumber 0.901 0.070

0.902, 1.000, 0.842 0.854,0.729,0.924 0.951, 0.810, 1.000 -

Note: “Site” refers to the anatomical location of the X-ray. “Predictive performance of osteoporosis classification for each cat-
egory” includes accuracy, sensitivity, and specificity. Abbreviations: PCC, Pearson’s correlation coefficient; NRMSE, normalized

root mean squared error; NA, not available.
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facilities due to transportation issues or physical
limitations.”>** Thus, the software is a practical tool for
predicting osteoporosis and may provide screening oppor-
tunities for patients in various medical settings.

This study has two limitations. First, it had a retrospective
design. The reliability of the software was evaluated only in
patients who had already undergone DXA scans; therefore,
its reliability for screening candidates was not directly dem-
onstrated. A future study with a prospective design involv-
ing a diverse general population would further enhance the
reliability of the software as a screening tool. Second, we
used the NHANES database to calculate T-scores because
DeepXray™ Spina was developed based on the same data-
base, and we aimed to ensure consistency with it. The use of
reference values or databases specific to Japanese individu-
als may provide more appropriate clinical evaluation.

Conclusion

This study evaluated the performance of DeepXray™
Spina in predicting osteoporosis from FLS-X. The soft-
ware is a practical and reliable tool for predicting osteo-
porosis, with high performance and robustness. It may
provide screening opportunities for patients in various
medical settings and contribute to extending healthy life
expectancy among the elderly through early detection.

Data availability
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ethical restrictions, which are available on request from
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