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Objectives: To evaluate an AI tool for opportunistic osteoporosis 
screening using chest radiographs (CXRs), focusing on its diagnostic 
accuracy against dual-energy x-ray absorptiometry (DXA) and associ
ations with long-term risks of fracture and mortality.
Materials and Methods: This retrospective, external validation study 
included a health checkup cohort with same-day CXR-DXA pairs and a 
chronic obstructive pulmonary disease (COPD) cohort with available 
CXRs. We evaluated a commercialized AI tool (InceptionV3 backbone, 
trained with 55,600 CXR-DXA pairs) designed to identify osteoporosis 
from a single frontal CXR. Diagnostic performance was assessed against 
DXA using the area under the receiver operating characteristic curve 
(AUC). Associations between AI results and subsequent fractures or all- 
cause mortality were investigated using multivariable Cox proportional- 
hazard regression, adjusted for sex, age, low body mass index, and 
COPD stage. Mediation analyses were conducted to examine whether 
these associations were mediated by a diagnosis of osteoporosis.
Results: In total, 8618 (male-to-female ratio, 2882:5736; mean age, 58 y; 
median follow-up, 2868 d) and 4941 (male-to-female ratio, 4110:831; 
mean age, 69 y; median follow-up, 2656 d) patients were included in the 
health checkup and COPD cohorts, respectively. The AI achieved AUCs 
of 0.94 (95% CI: 0.93-0.95) and 0.81 (95% CI: 0.76-0.87) for osteoporosis 
identification in the health checkup and COPD cohorts, respectively. 
Higher AI-predicted osteoporosis probability was associated with sub
sequent fracture and mortality in both cohorts (Ps < 0.05). Mediation 
analyses showed that indirect effects of AI scores on fracture or mor
tality mediated through DXA-defined or clinically diagnosed osteopo
rosis were not significant (Ps > 0.05), suggesting that AI may identify 
fracture risk in individuals not yet clinically diagnosed with 
osteoporosis.
Conclusions: AI could identify osteoporosis from chest radiographs, and 
AI results were associated with subsequent fracture and mortality.
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O steoporosis, characterized by reduced bone mineral density 
(BMD) and microarchitectural deterioration, poses a sig

nificant global health burden.1 It predisposes individuals to 
fragility fractures, which can lead to chronic pain, disability, 
reduced quality of life, and increased mortality.2–4 Early iden
tification is therefore paramount to prevent adverse outcomes.

Currently, the diagnosis of osteoporosis primarily relies on 
dual-energy x-ray absorptiometry (DXA), while equipment 
costs, radiation exposure, and the need for specialized techni
cians limit its accessibility.2 Consequently, a substantial pro
portion of at-risk individuals remain undiagnosed. Among 
Medicare beneficiaries aged > 65 years, BMD assessment using 
DXA was performed in only 30% of women and 4% of men.5
Furthermore, before experiencing a fragility fracture, only 
10.2% of women and 6% of men underwent BMD testing.4

Chest radiography (CXR) is the most frequently performed 
imaging modality.6 Given its widespread availability and routine 
inclusion of the thoracic skeleton, CXR-based assessment 
presents a compelling opportunity for opportunistic osteopo
rosis screening. Several studies have demonstrated the feasibility 
of identifying osteoporosis using AI analysis of CXRs,7–13 with 
a recent meta-analysis reporting pooled sensitivity of 0.85 and 
specificity of 0.83.14 A recent randomized controlled trial also 
showed that directing DXA screening to high-risk individuals 
identified by AI-enabled CXRs improves the detection of 
osteoporosis.7 However, the association with long-term out
comes, such as fracture and mortality, has not been sufficiently 
investigated.

In this study, we externally validated a previously devel
oped deep learning–based AI for the identification of osteopo
rosis from CXRs,15 evaluating its accuracy against DXA as well 
as its association with long-term risks of fractures and mortality 
in 2 consecutive cohorts of asymptomatic adults undergoing 
health checkups and patients with chronic obstructive pulmo
nary disease (COPD). We hypothesized that the AI could 
identify osteoporosis from CXRs in both cohorts, and the AI 
analysis results would be associated with subsequent fracture 
and mortality.

MATERIALS AND METHODS
This single-center, retrospective study was approved by the 
Institutional Review Board of Seoul National University 
Hospital (approval number: 2308-141-1459), and the require
ment for written informed consent was waived.
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Study Population
For this study, we retrospectively collected data from 2 distinct 
consecutive cohorts: asymptomatic individuals undergoing 
health checkups (health checkup cohort) and patients diagnosed 
with COPD (COPD cohort). The health checkup cohort 
included adults ( ≥ 19 y) who underwent erect posteroanterior 
CXRs and same-day DXA scans from 2014 to 2017. For the 
COPD cohort, we included adult patients diagnosed with COPD 
who underwent erect posteroanterior CXRs and pulmonary 
function tests within a 1-month period between 2011 and 2018 at 
the same institution (Fig. 1).

Data Collection
All CXRs were obtained in the posteroanterior projection with 
the patients in an erect position at full inspiration using various 
ceiling-type fixed radiography scanners.

BMD data were collected using a single DXA scanner 
(Lunar Prodigy Advance, GE Healthcare). BMD values were 
measured at the lumbar spine and right proximal femur, and t- 
scores were obtained based on the BMD of young Korean 
adults aged 20 to 40 years as a reference population. Based on 
the lowest t-score, all results were categorized into 3 categories: 
osteoporosis (t-score ≤ −2.5), osteopenia (t-score between −2.5 
and −1.0), and normal (t-score ≥ −1.0).16

AI Identification of Osteoporosis From CXR
A commercially available AI tool (PROS CXR: OSTEO, 
Promedius Inc.) was used to analyze the CXRs. This tool was 
designed to identify the diagnosis of osteoporosis using a single- 
input frontal CXR. Further information for the development of 
the AI is described in a previous study15 and Appendix S1, 
Supplemental Digital Content 1, http://links.lww.com/RLI/ 
B119. The AI tool provided a probability score (0% to 100%) 
for each input CXR to have osteoporosis. This tool was 
approved for clinical use by the Ministry of Food and Drug 
Safety of Korea.

Accuracy of AI Against DXA
We evaluated the discriminative accuracy of the AI in both 
cohorts. All CXRs in the health checkup cohort and those with 
available DXA results within 90 days in the COPD cohort were 
included in the evaluation. We evaluated the accuracy of AI in 
identifying individuals with (1) osteoporosis and (2) osteopo
rosis or osteopenia. We conducted an additional analysis 
restricted to COPD patients who underwent DXA within 
30 days of their CXR.

To evaluate the test-retest reliability of the AI analysis, we 
included pairs of CXRs obtained within 7 days from the COPD 
cohort.

FIGURE 1. Participant flow diagram. COPD, chronic obstructive pulmonary disease; CXR, chest radiograph; DXA, dual-energy x-ray 
absorptiometry.
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Associations With Fracture and Mortality Risk
AI-identified osteoporosis was linked to national insurance 
claims from 2013 to 2022 and the death registry through 
December 2023 to identify fractures and all-cause mortality. 
Fracture occurrence was defined as the first health care claim 
with a fracture diagnosis recorded after the index CXR. Three 
claims-based fracture outcomes were evaluated: any-site frac
ture, hip fracture (proximal femur), and vertebral fracture, with 
a sensitivity analysis limited to hospitalizations with a fracture 
diagnosis code. Only the first CXR per individual was analyzed 
(Appendix S2, Supplemental Digital Content 1, http://links.lww. 
com/RLI/B119).

Statistical Analysis
The discriminative accuracy of the probability score was 
evaluated using the area under the receiver operating character
istic curves (AUCs), and compared using the DeLong test. We 
evaluated sensitivity, specificity, and positive and negative 
predictive values across multiple probability thresholds. The 
thresholds of 10%, 20%, and 30% were selected a priori as 
illustrative operating points to demonstrate performance across 
a range of sensitivity-specificity tradeoffs and were not intended 
to represent manufacturer-recommended or clinically validated 
decision thresholds. The calibration of the AI tool was evaluated 
using a calibration plot and Spiegelhalter Z-test.17

To provide a nonimaging baseline for osteoporosis detec
tion, logistic regression models incorporating age, sex, and body 
mass index (BMI) were developed. In the COPD cohort, an 
additional model including Global Initiative for Obstructive 
Lung Disease (GOLD) stage was evaluated. To assess the 
incremental value of the AI score beyond clinical variables, 
combined models incorporating both clinical variables and the 
AI score were constructed and compared using DeLong’s test. 
Age-stratified and sex-stratified ROC analyses were additionally 
performed in the health-screening cohort. Furthermore, a 
guideline-based screening criterion corresponding to women 
aged 65 years or above, as recommended by the US Preventive 
Services Task Force,18 was evaluated and compared with AI- 
based screening thresholds. To evaluate the clinical utility of the 
AI probability score, decision curve analysis was performed. 
The AI score was analyzed both as a continuous variable and as 
a binary variable using predefined thresholds (10%, 20%, and 
30%), and net benefit was compared against treat all and treat 
none strategies across a range of threshold probabilities. In the 
COPD cohort, an exploratory subgroup analysis was performed 
according to COPD severity. Patients were categorized into 
GOLD stage 1 to 2 and GOLD stage 3 to 4 groups, and the 
diagnostic performance of the AI model for identifying DXA- 
defined osteoporosis was evaluated separately in each subgroup.

Test-retest reliability of AI analysis was evaluated using the 
intraclass correlation coefficient for the continuous score, and 
using Cohen kappa coefficients for binary results with thresh
olds of 10%, 20%, and 30%.

For the evaluation of the association between AI analysis 
and risk of fracture or mortality, we conducted Kaplan-Meier 
analyses with log-rank tests stratified by threshold probability 
scores of 10%, 20%, and 30%. Absolute 5-year event risks 
stratified by AI probability threshold were also estimated. 
Multivariable Cox proportional hazards regression analyses 
were conducted to investigate the association between AI-iden
tified osteoporosis and the risk of fracture or mortality. Con
tinuous AI probability scores and binary results with threshold 
probability scores of 10%, 20%, and 30% were investigated 
separately as independent variables. Covariates of the analyses 

included biological sex, age grouped by 10-year intervals, and 
low BMI ( < 18.5 kg/m2). The age distributions of the fracture 
and mortality analysis populations are presented in Table S1, 
Supplemental Digital Content 1, http://links.lww.com/RLI/B119
and the age distributions according to AI-score categories are 
provided in Table S2, Supplemental Digital Content 1, http:// 
links.lww.com/RLI/B119. The GOLD stage was also regarded 
as a covariate in the COPD cohort. Model fit was evaluated 
using Harrell C-index and the likelihood ratio test. The pro
portional hazard assumption was confirmed using Schoenfeld 
residuals (all P > 0.05).

To investigate whether the association between the AI score 
and fracture or mortality is mediated by DXA-defined or clin
ically diagnosed osteoporosis, we conducted mediation analyses. 
First, in the health checkup cohort, osteoporosis defined by 
DXA was assessed as a mediator between the AI score and 
fracture occurrence or all-cause mortality. Subsequently, in both 
cohorts, we evaluated osteoporosis-naïve individuals to deter
mine whether clinically diagnosed osteoporosis identified via 
insurance claims following the AI assessment mediated the 
association between AI scores and subsequent fractures 
(Appendix S3, Supplemental Digital Content 1, http://links.lww. 
com/RLI/B119).

To assess whether the AI score adds predictive value for 
fracture or mortality beyond clinical covariates and DXA- 
defined osteoporosis, we conducted net reclassification 
improvement (NRI) analyses using 5-year risk estimates from 
time-to-event models (Appendix S4, Supplemental Digital 
Content 1, http://links.lww.com/RLI/B119).

All statistical analyses were performed using SAS Enter
prise Guide (version 7.1; SAS Institute Inc.), SPSS (version 29.0; 
IBM Corp.), and R (version 4.4.1; R Project for Statistical 
Computing). Statistical significance was set at P < 0.05.

RESULTS

Baseline Characteristics
We included 10,412 CXRs from 8618 individuals [5736 women 
and 2882 men; mean age at initial CXR, 58 y (SD, 9 y)] in the 
health checkup cohort and 17211 CXRs from 4941 patients [831 
women and 4110 men; mean age at initial CXR, 69 years (SD, 
10 y)] in the COPD cohort (Table 1).

TABLE 1. Baseline Characteristics of the Participants

Characteristic
Health Checkup 

Cohort (n = 8618)
COPD Cohort 

(n = 4941)

Biological sex
Female 5736 (66.6) 831 (16.8)
Male 2882 (33.4) 4110 (83.2)

Age (y) 58 ± 9 69 ± 11
BMI (kg/m²) 23 ± 3 23 ± 3

Low BMI ( < 18.5 kg/ 
m²)

330 (3.8) 444 (9.0)

GOLD stage of COPD
Stage 1 Not applicable 2365 (47.9)
Stage 2 Not applicable 1898 (38.4)
Stage 3 Not applicable 588 (11.9)
Stage 4 Not applicable 66 (1.3)

Data are reported as mean ± SD, number (percentage)
BMI, body mass index; GOLD, Global Initiative for Obstructive Lung Dis

ease; COPD, chronic obstructive pulmonary disease.
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Accuracy of AI Against DXA
All 10,412 CXRs with the same-day DXA scans in the health 
checkup cohort and 238 CXRs from 198 patients with available 
DXA scans obtained within 90 days in the COPD cohort were 
included in the accuracy analyses (Fig. 1).

In the health checkup cohort, 440 (4.3%) and 4385 (42.1%) 
CXRs were classified as osteoporosis and osteopenia, respec
tively, by DXA results. For the identification of osteoporosis, 
the AI tool showed an AUC of 0.94 (95% CI: 0.93-0.95). For the 
identification of osteoporosis or osteopenia, the AI tool showed 
an AUC of 0.88 (95% CI: 0.87-0.88) (Fig. 2). Compared with a 
clinical model incorporating age, sex, and BMI (AUC, 0.78; 95% 
CI: 0.76-0.80), the AI tool demonstrated significantly higher 
discrimination for identifying DXA-defined osteoporosis 
(P < 0.001). A combined model incorporating age, sex, BMI, 
and the AI score achieved an AUC of 0.94 (95% CI: 0.93-0.95), 
representing a significant improvement over the clinical model 
alone (P < 0.001). In contrast, adding age, sex, and BMI to the 
AI model did not significantly improve discrimination 
(P = 0.401) (Fig. 3).

In age-stratified and sex-stratified analyses, the AI model 
maintained excellent discrimination across all subgroups. The 

AUC was 0.94 (95% CI: 0.93-0.95) among individuals younger 
than 65 years and 0.91 (95% CI: 0.89-0.92) among those aged 
65 years or older. Similarly, the AUC was 0.93 (95% CI: 0.92- 
0.94) in females and 0.95 (95% CI: 0.93-0.97) in males (Fig. S1, 
Supplemental Digital Content 1, http://links.lww.com/RLI/ 
B119).

A guideline-based screening criterion reflecting current 
recommendations for routine osteoporosis screening in women 
aged 65 years or above demonstrated a sensitivity of 43.6%, 
specificity of 83.5%, positive predictive value of 10.4%, and 
negative predictive value of 97.1% for identifying DXA-defined 
osteoporosis. In comparison, an AI threshold of 30% achieved a 
sensitivity of 90.0% at a comparable specificity of 83.6%, indi
cating substantially improved case detection while maintaining a 
similar false-positive rate.

Decision curve analysis demonstrated that the AI proba
bility score provided clinical utility across a range of threshold 
probabilities, with positive net benefit over both treat all and 
treat none strategies. Among the predefined thresholds, the AI 
threshold of 30% showed the widest range of clinical applic
ability, maintaining net benefit up to a threshold probability of 

FIGURE 2. Receiver operating characteristic (ROC) curves of the deep learning–based artificial intelligence (AI) tool for the identification of 
osteoporosis and osteopenia. A, ROC curve for identifying osteoporosis in the health-screening cohort. The area under the curve (AUC) was 0.94 
(95% CI: 0.93-0.95). B, ROC curve for identifying osteoporosis or osteopenia in the health-screening cohort. The AUC was 0.88 (95% CI: 0.87- 
0.88). C, ROC curve for identifying osteoporosis in the chronic obstructive pulmonary disease (COPD) cohort. The AUC was 0.81 (95% CI: 0.76- 
0.87). D, ROC curves for identifying osteoporosis or osteopenia in the COPD cohort. The AUC was 0.90 (95% CI: 0.85-0.95). AUC, area under 
receiver operating characteristic curve.
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~22% (Fig. S2, Supplemental Digital Content 1, http://links.lww. 
com/RLI/B119).

In the COPD cohort, 82 (34.5%) and 107 (45.0%) CXRs were 
classified as osteoporosis and osteopenia, respectively, by DXA 
results. The AI tool showed an AUC of 0.81 (95% CI: 0.76-0.87) 
for the identification of osteoporosis. For the identification of 
osteoporosis or osteopenia, the AI tool showed an AUC of 0.90 
(95% CI: 0.85-0.95) (Fig. 2). A sensitivity analysis restricted to 
patients who underwent DXA within 30 days of CXR yielded 
similar results, with AUCs of 0.78 (95% CI: 0.70-0.86) for 
osteoporosis and 0.87 (95% CI: 0.80-0.94) for osteoporosis or 
osteopenia, supporting the robustness of the findings despite the 
temporal interval allowed in the primary analysis (Fig. S3, Sup
plemental Digital Content 1, http://links.lww.com/RLI/B119). In 
the COPD cohort, a clinical model incorporating age, sex, and 
BMI achieved an AUC of 0.73 (95% CI: 0.66-0.79), which 
increased to 0.75 (95% CI: 0.69-0.82) after inclusion of GOLD 
stage. A combined model incorporating age, sex, BMI, GOLD 
stage, and the AI score demonstrated the highest discrimination, 
with an AUC of 0.87 (95% CI: 0.82-0.92). The combined model 
significantly outperformed both the clinical model including 
GOLD stage (P < 0.001) and the AI model alone (P = 0.008) 
(Fig. 3). In an exploratory subgroup analysis, the AI model 
demonstrated an AUC of 0.84 (95% CI: 0.78-0.90) in patients with 
GOLD stage 1 to 2 disease and 0.73 (95% CI: 0.56-0.91) in those 
with GOLD stage 3 to 4 disease. Although discrimination tended 
to be lower in patients with more severe COPD, the difference was 
not statistically significant (P = 0.27) (Fig. S4, Supplemental 
Digital Content 1, http://links.lww.com/RLI/B119).

The AUCs in the COPD cohort were significantly lower 
than those in the health checkup cohort (Ps < 0.001, DeLong 

test). The sensitivity, specificity, and positive and negative pre
dictive values of the AI tool at different probability scores are 
shown in Table 2. The probability score of the AI tool tended to 
overestimate the probability of osteoporosis in both the health 
checkup cohort (calibration slope, 0.892; calibration intercept, 
−2.354; P < 0.001 by Spiegelhalter Z-test) and the COPD cohort 
(calibration slope, 0.511; calibration intercept, −0.687; P < 0.001 
by Spiegelhalter Z-test, Fig. 4).

In the test-retest reliability assessment with 5138 pairs of 
CXRs from 878 COPD patients, the intraclass correlation 
coefficient of the AI probability score was 0.85 (95% CI: 0.84- 
0.86). Cohen kappa coefficients at threshold probability scores 
of 10%, 20%, and 30% were 0.62 (95% CI: 0.60-0.64), 0.69 (95% 
CI: 0.67-0.71), and 0.72 (95% CI: 0.70-0.74), respectively.

Association With Fracture Risk
To evaluate the subsequent occurrence of fractures, 7064 and 
3773 CXRs from unique individuals were included in the health 
checkup and COPD cohorts, respectively (Fig. 1). In the health 
checkup cohort, fractures at any site, fractures of the proximal 
femur, and fractures of the spine occurred in 1270 (18.0%), 65 
(0.9%), and 279 (4.0%) individuals, with median overall follow- 
up durations of 2436 (IQR, 2040 to 2831), 2557 (IQR, 2222 to 
2922), and 2526 (IQR, 2191 to 2891) days, respectively. In the 
Kaplan-Meier analyses, higher probability scores were associ
ated with higher risks for all 3 types of fractures (Ps < 0.001) 
(Fig. 5 and Fig. S5, Supplemental Digital Content 1, http://links. 
lww.com/RLI/B119). The 5-year risk of any fracture was 9.55% 
(95% CI: 8.70%-10.39%) in AI-negative and 19.54% (95% CI: 
17.94%-21.11%) in AI-positive individuals at the 10% threshold 
(Table S3, Supplemental Digital Content 1, http://links.lww. 

FIGURE 3. Comparison of the diagnostic performance of AI-based, clinical, and combined models for identifying osteoporosis. A, ROC curves of 
the AI model, clinical model, and combined model in the health-screening cohort. The area under the curve (AUC) was 0.94 (95% CI: 0.93-0.95) 
for the AI model, 0.78 (95% CI: 0.76-0.80) for the clinical model, and 0.94 (95% CI: 0.93-0.95) for the combined model. B, ROC curves of the AI 
model, clinical model, clinical model including Global Initiative for Chronic Obstructive Lung Disease (GOLD) stage, and combined model in the 
COPD cohort. The AUC was 0.81 (95% CI: 0.76-0.87) for the AI model, 0.73 (95% CI: 0.66-0.79) for the clinical model, 0.75 (95% CI: 0.69-0.82) 
for the clinical model including GOLD stage, and 0.87 (95% CI: 0.82-0.92) for the combined model. AUC, area under receiver operating 
characteristic curve; GOLD, Global Initiative for Chronic Obstructive Lung Disease.
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com/RLI/B119). In the Cox proportional hazard regression 
analyses, higher probability scores were associated with all 3 
types of fracture after adjustment of covariates (Ps ≤ 0.045) 
(Table 3).

In the COPD cohort, fractures at any site, fractures of the 
proximal femur, and fractures of the spine occurred in 922 
(24.4%), 152 (4.0%), and 338 (9.0%) patients, with median 
overall follow-up durations of 2710 (IQR, 1918 to 3471), 3044 
(IQR, 2252 to 3593), and 2983 (IQR, 2160 to 3562) days, 
respectively. In the Kaplan-Meier analyses, higher probability 
scores were associated with higher risks for all 3 types of frac
tures (Ps < 0.001) (Fig. 5 and Fig. S6, Supplemental Digital 
Content 1, http://links.lww.com/RLI/B119). The 5-year risk of 
any fracture was 11.52% (95% CI: 9.75%-13.25%) in AI-negative 
and 20.95% (95% CI: 19.33%-22.54%) in AI-positive patients at 
the 10% threshold (Table S3, Supplemental Digital Content 1, 
http://links.lww.com/RLI/B119). In the Cox proportional haz
ard regression analyses, higher probability scores were asso
ciated with all 3 types of fractures after adjusting for covariates 
(Ps < 0.001) (Table 4). The sensitivity analysis with restriction of 
fracture events to those with hospitalization led to consistent 
results (Table S4, Supplemental Digital Content 1, http://links. 
lww.com/RLI/B119).

Mediation analyses showed that indirect effects of AI 
scores on fractures mediated by DXA-defined osteoporosis were 
insignificant (Ps > 0.05, Table S5, Supplemental Digital Content 
1, http://links.lww.com/RLI/B119) in the health checkup cohort. 
Similarly, in the analysis of osteoporosis-naive individuals, the 
indirect effect mediated by subsequent clinical diagnosis of 
osteoporosis was also insignificant (Ps > 0.05, Table S6, Sup
plemental Digital Content 1, http://links.lww.com/RLI/B119).

For 5-year fracture risk, overall risk reclassification 
improved with the addition of the AI score, with total NRI 
values ranging from 4.39% to 13.82% in the health checkup 
cohort and 9.74% to 16.44% in the COPD cohort (Appendix S5, TA
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FIGURE 4. Calibration plots for the identification of osteoporosis 
using the artificial intelligence analysis of chest radiographs. The AI 
tended to overestimate the probability of osteoporosis in both the 
health checkup cohort and the chronic obstructive pulmonary disease 
patient cohort. COPD, chronic obstructive pulmonary disease.
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Tables S7, S8, and S9, Supplemental Digital Content 1, http:// 
links.lww.com/RLI/B119).

Association With Mortality Risk
In the all-cause mortality analyses, 8167 and 4900 CXRs from 
unique individuals were included in the health checkup and 
COPD cohorts, respectively (Fig. 1). In the health checkup 
cohort, 227 (2.8%) deaths were observed, with a median follow- 
up duration of 2868 (IQR, 2526 to 3228.5) days. Kaplan-Meier 
analyses revealed that higher probability scores were associated 
with a higher risk of all-cause mortality (Ps < 0.001) (Fig. 5). The 
5-year mortality risk was 1.02% (95% CI: 0.75%-1.29%) in AI- 
negative and 2.10% (95% CI: 1.57%-2.64%) in AI-positive 
individuals at the 10% threshold (Table S10, Supplemental 
Digital Content 1, http://links.lww.com/RLI/B119). In the Cox 
proportional hazard regression analyses, higher probability 
scores were associated with all-cause mortality after adjusting 
for covariates (Ps ≤ 0.016) (Table 3).

In the COPD cohort, 2064 (42.1%) deaths were observed, 
with a median follow-up duration of 2656 (IQR, 1768-3597) 
days. In the Kaplan-Meier analyses, higher probability scores 
were associated with a higher risk of all-cause mortality (Ps < 
0.001) (Fig. 5). The 5-year mortality risk was 20.08% (95% CI: 
18.16%-21.95%) in AI-negative and 28.63% (95% CI: 27.04%- 
30.18%) in AI-positive patients at the 10% threshold (Table S10, 
Supplemental Digital Content 1, http://links.lww.com/RLI/ 
B119). In the Cox proportional hazard regression analyses, 

higher probability scores were associated with all-cause mor
tality after adjusting for covariates (Ps ≤ 0.002) (Table 4).

Sensitivity analyses using continuous age instead of decade- 
based age categories yielded materially similar results in both 
cohorts (Table S11, Supplemental Digital Content 1, http:// 
links.lww.com/RLI/B119).

Mediation analyses showed that the indirect effect of AI 
scores on mortality mediated by DXA-defined osteoporosis was 
not significant (Ps > 0.05, Table S5, Supplemental Digital Con
tent 1, http://links.lww.com/RLI/B119) in the health checkup 
cohort.

For 5-year all-cause mortality, category-free NRI analyses 
showed a trend toward reclassification improvements in both 
cohorts, though more limited than for fracture outcomes (health 
checkup cohort, 0.20% to 0.33%; COPD cohort, 0.14% to 
0.22%) (Table S12, Supplemental Digital Content 1, http://links. 
lww.com/RLI/B119).

Representative images are presented in Figures 6 and 7.

DISCUSSION
In this study, a deep learning–based artificial intelligence (AI) 
tool was used to accurately identify individuals with osteopo
rosis from chest radiographs (CXRs) of asymptomatic individ
uals undergoing health checkups and patients with chronic 
obstructive pulmonary disease. Furthermore, AI-identified 
osteoporosis was associated with subsequent fracture and all- 
cause mortality in both cohorts. Mediation analyses showed that 

FIGURE 5. Kaplan-Meier curves for time to any-site fracture and all-cause mortality according to AI tool–identified osteoporosis probability scores 
at different thresholds in the health screening and COPD cohorts. A, Kaplan-Meier curve stratified by a 10% threshold in the health screening 
cohort. B, Kaplan-Meier curve stratified by a 20% threshold in the health screening cohort. C, Kaplan-Meier curve stratified by a 30% threshold in 
the health screening cohort. D, Kaplan-Meier curve stratified by a 10% threshold in the COPD cohort. E, Kaplan-Meier curve stratified by a 20% 
threshold in the COPD cohort. F, Kaplan-Meier curve stratified by a 30% threshold in the COPD cohort.
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the effect of AI prediction had a direct effect on fracture and 
mortality rather than being indirectly mediated by a diagnosis of 
osteoporosis. However, the association beyond the known 
fracture-mortality relationship was not demonstrated.

An important finding of this study is that the AI model 
provided substantial diagnostic value beyond basic demographic 
predictors and conventional clinical risk factors. In the health- 
screening cohort, the AI model significantly outperformed a 
clinical model based on age, sex, and BMI and maintained 
excellent discrimination across age and sex subgroups, suggest
ing that its performance cannot be explained solely by recog
nition of demographic characteristics. Furthermore, comparison 
with a guideline-based screening criterion of women aged 

≥ 65 years demonstrated substantially improved case detection at 
a similar level of specificity. In the COPD cohort, the combi
nation of clinical variables, GOLD stage, and the AI score 
yielded the highest diagnostic performance, indicating that AI- 
derived imaging information and conventional clinical pre
dictors provide complementary information for osteoporosis 
risk assessment.

The accuracy of AI against DXA-defined osteoporosis in 
the COPD cohort needs to be interpreted with caution due to 
potential verification bias, as only a subset of COPD patients 
underwent DXA, likely based on clinical suspicion. This limi
tation may affect the representativeness of the study population 
and should be considered when interpreting the results. In 

FIGURE 6. Representative cases in which the AI tool assessed the likelihood of osteoporosis from chest radiograph (CXR) with corresponding 
Gradient-weighted Class Activation Mapping (Grad-CAM) visualizations. A, Chest radiograph of an 84-year-old woman who underwent a routine 
health checkup. No abnormal findings were observed in either lung field. The AI-identified osteoporosis probability score was 96.54, which 
corresponded well with a dual-energy x-ray absorptiometry (DXA) t-score of −3.3, indicating osteoporosis. B, The accompanying Grad-CAM 
heatmap illustrates the image regions contributing most strongly to the model’s prediction, indicating that areas of bilateral upper ribs and 
lumbar spine mainly contributed to the prediction of osteoporosis. C, Chest radiograph of a 70-year-old woman who underwent a routine health 
checkup. No abnormal findings were observed in either lung field. The AI tool assigned an osteoporosis probability score of 0, indicating a low 
likelihood of osteoporosis. Consistent with this prediction, DXA demonstrated normal bone density with a t-score of −0.7. D, The corresponding 
Grad-CAM heatmap highlights the image regions used by the model in generating its prediction.
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addition, DXA was performed within 90 days of CXR in the 
primary analysis, potentially introducing a temporal mismatch. 
However, a sensitivity analysis restricted to patients who 
underwent DXA within 30 days of CXR yielded similar diag
nostic performance, suggesting that temporal mismatch had a 
limited impact on the results. The lower diagnostic accuracy 
observed in the COPD cohort compared with the health- 
screening cohort may partly reflect the higher prevalence of 
radiographic abnormalities in patients with COPD. Supporting 
this possibility, an exploratory subgroup analysis demonstrated 
a trend toward lower discrimination in patients with GOLD 
stage 3 to 4 disease compared with those with GOLD stage 1 to 
2 disease, although the difference was not statistically sig
nificant. These findings suggest that disease-related factors 
associated with COPD may influence AI performance and 
warrant further investigation in larger cohorts. Nevertheless, 
given the increased risk of secondary osteoporosis in patients 
with COPD19,20 and the frequent use of CXRs in this pop
ulation, AI-enabled opportunistic screening may still provide a 
practical approach for identifying patients who could benefit 
from DXA evaluation. In this context, it is notable that the AI 
maintained similar sensitivity across both cohorts, even though 
specificity was reduced in the COPD cohort at the same 
thresholds, suggesting that the model may retain its utility as a 
screening tool despite the inherent challenges of this patient 
population.

Mediation analyses suggested that the effects of AI results 
on fractures and mortality were primarily direct, with non
significant indirect effects through DXA-defined or clinically 
diagnosed osteoporosis. However, these findings require cau
tious interpretation, given the susceptibility of observational 
mediation analysis to unmeasured confounding and model 
misspecification. Nevertheless, these results raise the possibility 

that AI may identify fracture risk in individuals not yet clinically 
diagnosed with osteoporosis. Consistent with this, the reclassi
fication for fracture risk improved with the addition of the AI 
score beyond DXA-defined osteoporosis, suggesting that AI 
results have added value for identifying high-risk individuals for 
fracture compared with DXA-defined osteoporosis alone.

Although higher AI probability scores were significantly 
associated with mortality and showed a significant direct effect 
in mediation analysis, whether the effect of AI results extends 
beyond the known fracture-mortality relationship could not be 
definitively established. The mediating role of fractures in the 
association between AI-identified osteoporosis and mortality 
could not be assessed due to the lack of linked, time-sequenced 
data. Consistently, reclassification improvement of the mortality 
risk with the addition of AI results was limited compared with 
the fracture risk. Our findings align with existing evidence that 
highlights the link between skeletal fragility, fracture events, and 
increased mortality risk.21–24 Fracture-associated mortality can 
be explained by underlying health factors, including dementia, 
multiple comorbidities, frailty, physical weakness, and low bone 
mass.25–28 Opportunistic CT-based BMD assessment has sim
ilarly shown strong associations between low BMD and adverse 
outcomes across various clinical settings,29–34 with recent 
advances including novel photon-counting detector CT further 
expanding technical approaches for opportunistic BMD 
quantification.35 Given this established relationship between 
osteoporosis, fracture, and mortality, identification of low BMD 
is clinically relevant for long-term outcomes, and AI-based 
opportunistic detection from routine CXRs may represent a 
scalable approach to identifying at-risk individuals.

A recent randomized controlled trial demonstrated that AI 
analysis of CXRs led to increased referral for DXA and higher 
rates of osteoporosis diagnosis and treatment,7 and a real-world 

FIGURE 7. Representative case in which the AI tool accurately identified osteoporosis, followed by a subsequent fracture and death. A, Chest 
radiograph of a 76-year-old woman who had undergone a routine health checkup. No abnormal findings were observed in either lung field. The 
AI-identified osteoporosis score was 96.12, which corresponded well with a DXA t-score of –2.9, indicating accurate identification of osteoporosis. 
B, A femoral neck fracture (arrow) occurred 5 years later, followed by death one year after the fracture.

Lee et al Investigative Radiology � Volume 00, Number 00, ’’ 2026

10 | www.investigativeradiology.com Copyright © 2026 Wolters Kluwer Health, LLC. All rights reserved.

Copyright © 2026 Wolters Kluwer Health, LLC. Unauthorized reproduction of this article is prohibited.



study similarly showed that AI integration into radiology 
workflow nearly doubled initial DXA assessments with higher 
diagnostic yield than standard-of-care practice.12 Furthermore, 
economic modeling studies have suggested that this approach is 
cost-effective across multiple countries.36–39 Our findings extend 
this by suggesting that AI-enabled CXR analysis may help 
identify high-risk individuals among those who have not yet 
undergone DXA, enabling timely diagnosis and treatment that 
could reduce the long-term risk of fracture and mortality. 
Although clinically actionable thresholds for AI-guided DXA 
referral remain to be established, lower thresholds may be pre
ferred for opportunistic screening to maximize sensitivity. In our 
study, the 10% threshold achieved the highest sensitivity while 
maintaining reasonable specificity, suggesting potential utility as 
a trigger for DXA referral, whereas higher thresholds may be 
appropriate when greater specificity is desired. Furthermore, 
given the observed overestimation of osteoporosis probability, 
the AI score should not be interpreted as an absolute estimate of 
osteoporosis risk. Prospective studies are needed to determine 
optimal implementation strategies, including threshold selec
tion, and to evaluate the impact of AI-guided screening on DXA 
referral, treatment initiation, fracture prevention, health care 
resource utilization, and cost-effectiveness. Multicenter external 
validation across diverse populations will also be necessary to 
ensure generalizability, as emphasized by a recent Asia-Pacific 
expert consensus on AI in osteoporosis screening.40

This study has limitations. First, as a retrospective, single- 
center analysis, it may be subject to selection bias and limited 
generalizability. Prospective multicenter external validation is 
warranted to confirm the generalizability of our findings. Sec
ond, only a small subset of COPD patients had DXA results, 
introducing potential verification bias. Third, covariate adjust
ment was limited due to the limited availability of medical 
records, precluding a fully independent interpretation of the AI 
score’s prognostic associations. Fourth, the fracture-mortality 
linkage was unavailable, precluding mediation analysis of frac
tures on mortality and assessment of competing risks. Fifth, 
fracture events defined by insurance claim data carry a risk of 
misclassification. Sixth, detailed scanner-level information was 
unavailable, precluding evaluation of performance variability 
across different radiography systems. Finally, the classification 
of DXA results was based on Korean reference data.

In conclusion, a deep learning–based artificial intelligence 
(AI) tool could accurately identify osteoporosis from chest 
radiographs, and AI-identified osteoporosis was associated with 
an increased risk of fractures and mortality. AI may help 
identify high-risk individuals, potentially reducing the under
diagnosis of osteoporosis and enabling timely intervention to 
mitigate long-term adverse outcomes.
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