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A B S T R A C T

Objectives: Osteoporosis is often undiagnosed due to the shortcomings of conventional screening, resulting in 
missed chances for early treatment. Advances in artificial intelligence (AI), particularly deep learning applied to 
chest X-rays, offer a new opportunity for opportunistic screening. This study assesses the cost-effectiveness of this 
approach in Japanese women aged ≥ 50 years.
Methods: An economic model estimated the cost per quality-adjusted life year (QALY) gained (in 2024 Japanese 
Yen, ¥) for a strategy involving AI-assisted chest X-ray screening followed by treatment, compared to no 
screening. Patient trajectories were modeled using the AI system’s diagnostic performance and aligned with the 
Japanese osteoporosis guidelines. Analyses were conducted for Japan overall, in Kure City (a high-fracture- 
incidence area), and in a lower-incidence scenario. Real-world medication persistence, the probabilities of 
dual-energy X-ray absorptiometry examination after screening detection, and treatment initiation rates were 
incorporated.
Results: Nationwide in Japan, the cost per QALY gained from opportunistic osteoporosis screening was estimated 
at ¥189,713 for women aged ≥ 50, substantially lower than the accepted cost-effectiveness threshold of ¥5 
million. In Kure City, opportunistic screening was dominant (lower total costs for more QALYs). In the lower- 
incidence scenario, 25% below the national average, the cost per QALY was ¥1,055,095, remaining below the 
threshold. Results were robust across all age-specific populations and in sensitivity analyses.
Conclusions: Leveraging AI-assisted chest X-rays for incidental osteoporosis detection demonstrates strong eco
nomic viability for older Japanese women. This approach also proves to be a dominant strategy in areas with 
elevated fracture rates.

1. Introduction

Japan is one of the few countries that recommend universal 
screening for lung cancer [1]. Given the routine use of chest radiographs 
in such programs, there is growing interest in exploring their potential 
for additional applications, such as osteoporosis screening. While chest 
radiographs are currently not used for osteoporosis screening, they 
present a valuable opportunity to help address the growing burden of 
osteoporosis and fragility fractures. Recent advancements in artificial 
intelligence (AI), and deep learning models in particular, offer a prom
ising avenue for opportunistic screening, by utilizing existing imaging 

resources and expanding access without requiring separate screening 
initiatives. Deep learning models have demonstrated the potential to 
assess bone health through radiographs, providing a scalable and 
potentially cost-effective alternative for opportunistic osteoporosis 
screening [2,3].

In Japan, population-based osteoporosis screening is currently 
offered only every five years to select age groups, with low participation 
rates, although comprehensive national data are limited. In contrast, 
nearly 50% of adults aged 40–69 reported participating in lung cancer 
screening in 2022, which included methods such as chest X-ray and 
sputum tests [4]. At the same time, chest X-rays are almost universally 
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performed across the population through workplace health checkups, 
national cancer screening programs, and comprehensive medical ex
aminations, as well as routinely prior to hospital admissions or surgery. 
The widespread use of chest radiographs in Japan creates a unique op
portunity to expand screening efforts to include osteoporosis, a condi
tion that remains significantly underdiagnosed despite its substantial 
public health impact. An estimated 13–15 million people in Japan, 
approximately 10% of the total population, are affected by osteoporosis 
[5], yet only 20% receive treatment [6]. Each year, about 200,000 hip 
fractures are reported [7], leading to an estimated annual healthcare 
expenditure of USD $2.99 billion [8]. Improving osteoporosis diagnosis 
is therefore critical to reducing this burden. Although dual-energy X-ray 
absorptiometry (DXA) is recommended by the Japanese guideline for 
assessing bone mineral density (BMD) [5], limited accessibility and 
associated cost remain barriers to widespread screening.

Evaluating the cost-effectiveness of alternative screening approaches 
is increasingly important in public health decision-making, as it helps 
determine suitability for large-scale adoption and supports the optimal 
use of healthcare resources. While similar cost-effectiveness studies of 
opportunistic AI-assisted osteoporosis screening using chest radiographs 
have recently been conducted in the United States and Germany [9,10], 
the Japanese context presents distinctive features that justify a separate 
analysis. Japan is experiencing the fastest demographic transition 
worldwide, with more than 29% of its population aged 65 years or older. 
This unprecedented pace of aging, combined with one of the highest 
incidences of hip fractures globally, not only results in a growing clinical 
burden but also has significant implications for cost-effectiveness, 
highlighting the economic importance of evaluating AI-assisted 
screening strategies in Japan. In addition, the Japanese healthcare sys
tem, characterized by universal National Health Insurance with na
tionally regulated drug prices and monitoring costs, differs substantially 
from Western systems. These structural differences influence adherence, 
and the economic value of osteoporosis treatment, potentially 
improving the cost-effectiveness of preventive interventions. Further
more, economic evaluations in Japan follow distinct methodological 
guidelines, including a lower discount rate of 2% for both costs and 
health outcomes, which increases the relative weight of long-term 
benefits and favors early detection and treatment. Taken together, Ja
pan’s demographic profile, high fracture burden, unique healthcare and 
cost structure, and methodological framework uniquely shape both the 
clinical and economic consequences of opportunistic AI-assisted 

screening. Accordingly, this study evaluates the cost-effectiveness of 
using deep learning models applied to chest radiographs for osteoporosis 
screening and treatment in Japan, compared to no intervention. To 
provide granular and policy-relevant insights, we additionally conduct 
age-stratified analyses in 10-year groups, as well as regional analyses 
across both high-incidence areas such as Kure City in Hiroshima Pre
fecture and districts with lower fracture incidence, thereby capturing 
variation across demographic and epidemiologic contexts.

2. Methods

2.1. Economic model and interventions

In this study, we compared opportunistic AI-assisted detection of 
osteoporosis through deep learning analysis of chest radiographs, fol
lowed by treatment, to a scenario without screening and treatment. Our 
analysis does not propose chest radiographs as a primary screening tool 
or a replacement for DXA, but as an opportunistic adjunct using images 
obtained for other clinical reasons. Since these are not ordered for 
osteoporosis screening, comparison to “no screening” reflects real-world 
settings as formal programs are often absent, leaving many people un
diagnosed. This allows evaluation of the added value of this pragmatic 
approach.

In the opportunistic AI-assisted screening strategy, all patients 
received AI-enhanced chest radiographs (Fig. 1). Patients were classified 
according to the tool’s sensitivity and specificity. A portion of those 
suspected of osteoporosis proceeded to DXA scanning for confirmation. 
Those with a positive DXA result were eligible to begin medication, 
following real-world treatment initiation and persistence levels.

A dual-component model was developed with TreeAge Pro 2024 
R1.0 software (TreeAge Pro Inc., Williamstown, MA): a decision tree to 
outline the screening pathways followed by a microsimulation Markov 
model to project fracture events at the hip, vertebrae, or non-hip non- 
vertebral (NHNV) sites and simulate costs and QALYs over a lifetime 
horizon, terminating at age of 105 years [11–13].

The study adhered to established standards for conducting and 
reporting economic evaluations, including guidelines from the European 
Society for Clinical and Economic Aspects of Osteoporosis, Osteoar
thritis and Musculoskeletal Diseases (ESCEO) and the International 
Osteoporosis Foundation (IOF) (ESCEO-IOF) [12], the 2022 Consoli
dated Health Economic Evaluation Reporting Standards (CHEERS) 

Fig. 1. Decision tree for opportunistic AI-assisted osteoporosis screening and treatment pathways in Japanese women aged 50 years and over. 
DXA, dual-energy X-ray absorptiometry.
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statement [14] and the Japanese economic evaluation guideline [15]. 
The completed CHEERS 2022 checklist, together with the ESCEO-IOF 
osteoporosis checklists, are available in Appendix A.

To confirm the model’s reliability, multiple validation steps were 
performed, including review and approval of the protocol by a Japanese 
clinical expert prior to analysis. Additionally, sensitivity analyses using 
alternative parameters and assumptions were conducted to verify that 
observed changes followed expected trends. Model parameters are 
summarized in Table 1.

2.2. Population and transitions probabilities

Analyses were conducted in Japanese women aged 50 years and 
over. The Japanese population estimates by age are sourced from Sta
tistics of Japan via e-Stat, the official portal for Japanese Government 
Statistics (2023 data). This study focused on women due to the higher 
prevalence of osteoporosis and fracture incidence among older women, 
as well as the availability of robust, sex-specific epidemiological and cost 
data in Japan. The osteoporosis prevalence aligns with that of the gen
eral Japanese population. Specifically, osteoporosis prevalence (occur
ring in femoral neck or L2–L4) in Japanese women is derived from the 
fourth survey of the Research on Osteoarthritis/Osteoporosis Against 
Disability (ROAD) study (data from 2015 to 2016) and estimated at 
13.2% (50 years), 22.8% (60 years), 31.1% (70 years) and 56.2% in 
those aged over 80 years [16]. Consistent with the 2015 Japanese 
guideline [5], osteoporosis was defined as a T-score ≤ − 2.5 or a BMD ≤
70% of the young adult mean (YAM), as measured by DXA.

In the base case, for overall Japan, the incidence of hip fractures is 
derived from Tamaki et al. [17], using data from the National Health 
Insurance Claim Database for the years 2012–2015, the average inci
dence over this period was calculated and utilized for analysis. Verte
bral, and NHNV fracture rates for each age were determined using risk 
equations derived from a previous economic evaluation based on Jap
anese epidemiological survey data and curving fitting techniques [18]. 
In line with the same study, 30% of vertebral fractures were considered 
clinical and therefore included in the analysis. We also conducted 
analysis using data from the city of Kure, located in Hiroshima Prefec
ture, which has the advantage of having estimates of the incidence of hip 
and clinical vertebral fractures in a large population [19]. This Hir
oshima Prefecture has been considered as one associated with high 
fracture incidence in Japan [7]. Finally, to explore generalizability, we 
conducted a scenario analysis assuming a lower-incidence setting, with 
fracture rates 25% below the national average.

The increased fracture risk in women with BMD T-score ≤ − 2.5 was 
calculated using a previously validated method [20]. Additionally, the 
elevated risk of fractures due to a fracture was modeled using data from 
a large Swedish study. This study provided estimates of subsequent 
fracture risk based on the time elapsed since a fracture and the number 
of prior fractures [21]. An increased risk was assumed after a fracture 
occurred during the simulation, with the magnitude of risk elevation 
depending on the time since the initial fracture, as described by Sor
eskog et al. [22].

The most recent age specific mortality rate from the Japanese Na
tional Institute of Population and Social Security research were used as 
baseline mortality (year 2022). Consistent with previous economic an
alyses, the model included elevated mortality rates following hip and 
vertebral fractures [13,22,23], attributing 25% of the excess mortality to 
fracture events [24,25].

2.3. Costs and quality of life impact of fractures

We followed the public healthcare payer’s perspective, in accor
dance with Japan’s economic evaluation guidelines. All costs were 
adjusted to year 2024 values in Japanese Yen (¥) using the official 
Japanese Consumer Price Index. Fracture-related costs included direct 
medical expenses. Cost estimates for hip fractures were based on the 

study by Mori et al. [8], which analyzed data from 113,493 Japanese 
women aged 60 and older within the nationwide health insurance claims 
database. For vertebral and NHNV fractures, estimates were derived 
from Taguchi et al. [26], using insurance claims data. These cost esti
mates are comparable to those used in a recent economic evaluation of 
osteoporosis in Japan [27]. Long-term care costs were considered for hip 
fractures, reflecting the proportion of patients requiring nursing home 

Table 1 
Model parameters.

Parameter Data
Fracture incidence rate (per 100) – Japanese Population
Hip 0.012 (50–54), 0.024 (55–59), 0.048 (60–64), 0.077 

(65–69), 0.164 (70–74), 0.384 (75–79), 0.867 (80–84), 
1.602 (85–89), 2.352 (90–94), 2.484 (95+)

Vertebral 0.130 (50–54), 0.194 (55–59), 0.292 (60–64), 0.437 
(65–69), 0.656 (70–74), 0.984 (75–79), 1.476 (80–84), 
2.215 (85–89), 3.322 (90–94), 4.983 (95+)

NHNV 0.198 (50–54), 0.250 (55–59), 0.304 (60–64), 0.359 
(65–69), 0.415 (70–74), 0.470 (75–79), 0.524 (80–84), 
0.578 (85–89), 0.630 (90–94), 0.681 (95+)

Fracture incidence rate (per 100) – Kure City
Hip 0.022 (50–54), 0.043 (55–59), 0.085 (60–64), 0.140 

(65–69), 0.290 (70–74), 0.620 (75–79), 1.640 (80–84), 
3.230 (85–89), 4.120 (90–94), 4.120 (95+)

Vertebral 0.184 (50–54), 0.276 (55–59), 0.413 (60–64), 0.390 
(65–69), 0.690 (70–74), 1.620 (75–79), 3.680 (80–84), 
4.480 (85–89), 3.630 (90–94), 3.630 (95+)

NHNV 0.354 (50–54), 0.448 (55–59), 0.544 (60–64), 0.657 
(65–69), 0.735 (70–74), 0.758 (75–79), 0.991 (80–84), 
1.165 (85–89), 1.103 (90–94), 1.129 (95+)

Elevated relative risk associated with osteoporosis
Hip 5.659 (50–59), 3.390 (60–69), 2.250 (70–79), 1.570 

(80+)
Vertebral 2.680 (50–59), 2.176 (60–69), 1.772 (70–79), 1.514 

(80+)
NHNV 2.250 (50–59), 1.902 (60–69), 1.610 (70–79), 1.416 

(80+)
Elevated risk of subsequent fractures following a fracture
First fracture 2.1 (0–6M), 2.0 (7–12M), 1.9 (13–18M), 1.7 (19–24M), 

1.6 (25–36M), 1.5 (37–48M), 1.5 (49M+)
Second and more fracture 2.4 (0–6M), 2.1 (7–12M), 1.8 (13–18M), 1.7 (19–24M), 

1.7 (25–36M), 1.5 (37–48M), 1.5 (49M+)
Mortality excess [12,44]
Hip (0–6M/7–12M/subs. 

yrs)
4.54 (3.56–5.88)/1.76 (1.43–2.16)/1.78 (1.33–2.39)

Vertebral (0–6M/7–12M/ 
subs. yrs)

4.54 (3.56–5.88)/1.76 (1.43–2.16)/1.78 (1.33–2.39)

% attributable to Fx 25%
Fracture costs (estimated in ¥2024)
Hip 2,747,971
Vertebral 460,991
NHNV 514,104
Utility values
Baseline utility 0.928 (50–59Y), 0.899 (60–69Y), 0.853 (70–74Y), 

0.771 (75–79Y), 0.769 (80–84Y), 0.684 (85+)
After hip fracture 1st year RR 0.775 (0.719–0.831); subsequent years RR 

0.855 (0.819–0.891)
After vertebral fracture 1st year RR 0.848 (0.810–0.886); subsequent years RR 

0.950 (0.938–0.963)
After NHNV fracture 1st year RR 0.902 (0.878–0.927); subsequent years RR 

1.00
​ ALN ZOL
Persistence rate 56.6% (year 1), 46.3% 

(year 2), 30% (year 5)
70.3% (year 1), 51.7% 
(year 2), 30% (year 5)

Drug cost (¥ per week) 229 1307
Relative risk reduction of fractures by medications compared to placebo
Hip 0.67 (0.48–0.96)
Vertebral 0.45 (0.31–0.65)
NHNV 0.81 (0.68–0.97)
Sensitivity and specificity 86.16%; 74.19%
Cost of AI-tool (¥) 1350
% DXA after OP suspected 50%
Treatment initiation after 

OP diagnosed
50%

ALN, alendronate; M, months; NHNV, nonhip nonvertebral; OP, osteoporosis; 
SUBS, subsequent; RR, relative reduction; Y, year; ZOL, zoledronic acid.
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admission. Among patients aged 75 years and older, 26.6% were 
assumed to enter institutional care, with an estimated cost of ¥4950 per 
day (based on 2020 values from Mori et al. [8]) until death. For in
dividuals younger than 75 years, expert opinion and international 
literature suggest that 10% require nursing home care.

Health outcomes are quantified in QALYs, which capture the effects 
of fractures on both lifespan and quality of life. Calculating QALYs re
quires health utility values that range from 0 (equivalent to death) to 1 
(representing perfect health). Health utilities for patients in the ’base
line’ states were based on Japanese population norms for EQ-5D-5L 
scores [28]. Since this study did not provide specific estimates for the 
very elderly, we utilized the estimates from Nawata et al. for individuals 
aged 75 years and older [29]. The effects of fractures on utility is similar 
to a recent cost-effectiveness analysis in Japan [27], using health related 
quality of life data after fractures in Japan with the same lead author 
[30].

In cases of multiple fractures, only the highest incremental cost and 
the greatest impact on utility from a single fracture were considered, 
without incorporating additional costs or utility decrements from mul
tiple fractures in the analysis.

2.4. Interventions

The sensitivity and specificity of AI-enhanced chest radiographs are 
estimated at 86.16% and 74.19%, respectively. These estimates are 
derived from the external test of Jang et al. [2] using a predefined 
threshold of 0.5, based on the Asan osteoporosis cohort dataset from 
South Korea with 1089 chest radiographs between 2010 and 2017. 
While absolute BMD levels vary among populations, multi-ethnic studies 
consistently demonstrate that the association between low BMD and 
fracture risk is stable across ethnic groups [31,32]. Because our AI model 
relies on radiograph-derived structural features rather than absolute 
BMD values, its applicability is expected to extend across diverse 
populations.

Based on Japanese expert opinion, it was assumed that 50% of pa
tients suspected of having osteoporosis would undergo a DXA exami
nation, and that 50% of those with a positive DXA result would initiate 
osteoporosis treatment. In line with the Japanese guideline for osteo
porosis, alendronate therapy was assumed as base case treatment for a 
duration of maximum 5 years. Alendronate is among the most widely 
prescribed first-line therapies due to its established efficacy, safety 
profile, and cost-effectiveness, making it an appropriate reference 
treatment for modeling. To test the robustness of our results, we addi
tionally conducted a sensitivity analysis using zoledronic acid as an 
alternative treatment.

The treatment effects are based on the latest meta-analysis of the 
National Institute for Health and Care Excellence (NICE) [33], which 
indicates comparable efficacy for alendronate and zoledronic acid. A 
linear reduction in treatment effects is assumed over a time period 
equivalent to the therapy duration, consistent with previous economic 
analyses of bisphosphonates [34,35]. The drug costs are derived from 
the Japanese Medical fee Schedule (2024) of the Japan Ministry of 
Health, Labor, and Welfare. The base case analysis uses the cost of 
generic alendronate, priced at ¥229 per week. Sensitivity analyses 
included the cost of the branded version, priced at ¥237.5 per week, as 
well as the lowest generic price (¥204.9). Medications for osteoporosis 
are typically associated with minimal or mild, transient side effects, 
which have a limited impact on both costs and quality of life. In our 
analysis, we conservatively included an additional cost of ¥500 during 
the first six months of alendronate therapy and ¥250 for each subsequent 
six-month period. These estimates are based on previous economic an
alyses and NICE appraisals, which accounted for occasional additional 
general practitioner consultations and the use of proton-pump in
hibitors. No adverse events or associated costs were assumed for zole
dronic acid therapy in line with previous economic evaluation.

Monitoring costs were based on clinical expert recommendations and 

included a physician visit every two months, along with a follow-up DXA 
measurement and blood test every six months. For patients receiving 
zoledronic acid, two physician visits per year were assumed, as well as 
DXA measurement and blood test every six months. The costs for 
physician visits (¥2910 for the initial visit and ¥750 for follow-up visits) 
along with blood tests (¥2770) and DXA measurements (¥4500), were 
derived from the Japanese Medical Fee Schedule (2024). The DXA costs 
include both the bone density scan and femoral bone imaging.

Real-world medication persistence was incorporated into the base 
case analysis. Persistence rates for alendronate were derived from a 
study by Nakatoh et al. [36], which analyzed continuation rates for 
osteoporosis treatments using medical insurance data from the National 
Database of Health Insurance Claims and Specific Health Checkups of 
Japan, covering the period from April 2012 to March 2019. The study 
reported persistence rates of 56.6% in the first year and 46.3% in the 
second year. For zoledronic acid, persistence was estimated at 70.3% 
over two years and 51.7% over three years, based on another study [37]. 
Additionally, clinical expert opinion was used to estimate persistence at 
30% after five years, assuming a linear decline from the last available 
data point. Costs, treatment effectiveness, and offset periods of medi
cations were adjusted proportionally to patient persistence.

In the base case, the cost of the AI-screening is assumed to be 30% of 
the cost of a DXA (ie, ¥1350).

2.5. Analyses

Based on 5,000,000 individual simulations, the model estimated 
healthcare costs, fracture events, life years, and QALYs for both oppor
tunistic AI-assisted osteoporosis screening and no intervention. The 
main outcome was the incremental cost-effectiveness ratio (ICER), 
calculated as the difference in total costs between the screening strategy 
and no intervention (in 2024; ¥1 equals approximately €0.0061 and US 
$0.0068 as of May 2025), divided by the difference in their cumulative 
QALYs. The ICER is reported as cost per QALY gained. In Japan, an 
intervention with an ICER below ¥5 million is considered cost-effective 
[38]. In situations where the screening strategy is associated with lower 
total healthcare costs and higher QALY gained, it is considered as a 
dominant intervention.

Analyses were conducted for Japan nationwide, Kure City and a 
lower-incidence setting assuming fracture rates 25% below the national 
average. Furthermore, age–specific analyses in 10-year intervals were 
performed to provide more detailed, policy-relevant insights across 
different age cohorts. To further verify the reliability of the findings, 
various sensitivity analyses were performed. One-way sensitivity ana
lyses involved varying individual parameters in both screening and no- 
screening scenarios. Screening-related inputs were adjusted to reflect 
uncertainty, including altering by ±50% the proportion of patients 
receiving DXA after osteoporosis detection, the prevalence of osteopo
rosis, and rates of treatment initiation. Alternative sensitivity and 
specificity figures derived from the internal test from Jang et al. [2] were 
also tested. Additional scenarios considered full medication adherence 
and a 50% decrease in non-persistence. Screening costs were varied from 
10% to 50% of the cost of DXA. Non-screening parameters were also 
modified, including fracture-related costs (±25%), and fracture impact 
on health utilities (±25%). Other factors tested included discount rates 
(ranging from 0% to 5%), mortality rates after fractures (±25%), 
anti-fracture treatment efficacy (±25%), and drug pricing (±25%).

To assess the uncertainty across model variables, a probabilistic 
sensitivity analysis (PSA) was performed. In each of the 200 iterations, 
which included 250,000 microsimulations per iteration, random values 
were drawn for nearly all model variables based on their probability 
distributions: beta distributions for fracture risk and the impact of 
fractures on utilities; log-normal distributions for all increased risks, 
including excess mortality; and normal distributions for costs. The PSA 
results were reported on a cost-effectiveness plane and through a cost- 
effectiveness acceptability curve, showing the percentage of 
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simulations where opportunistic AI-assisted osteoporosis screening was 
cost-effective at various thresholds per QALY gained.

3. Results

3.1. Base-case analysis

Table 2 presents healthcare costs, fracture events, life years, QALYs, 
and the ICER (expressed in ¥ per QALY gained) for opportunistic AI- 
assisted osteoporosis screening followed by treatment, compared to no 
intervention, among Japanese women aged 50 and above. Results are 
shown for the national population, Kure City in Hiroshima Prefecture 
(high-incidence), and a lower-incidence scenario (25% below the na
tional average).

Nationwide, per 1000 women screened, the incremental lifetime cost 
was ¥496,000. This reflected healthcare savings of ¥3,815,000, offset by 
treatment expenses of ¥4,311,000. Opportunistic AI-assisted screening 
prevented 3.9 fractures and resulted in a gain of 2.6 QALYs, resulting in 
an ICER of ¥189,713 per QALY gained, largely below the ¥5 million cost- 
effectiveness threshold, highlighting the strong economic value of 
opportunistic AI-assisted screening.

In Kure City, treatment costs of ¥4,324,000 were entirely offset by 
healthcare savings (¥9,407,000), leading to total net savings of 
¥5,083,000. The screening strategy prevented 8.1 fractures and resulted 

in a gain of 3.2 QALYs, and was therefore dominant. In the lower- 
incidence scenario, the cost per QALY gained of opportunistic AI- 
assisted screening was estimated at ¥1,055,095 per QALY gained, also 
below the ¥5 million cost-effectiveness threshold.

Across all age-group sensitivity analyses, the cost per QALY gained 
remained below the ¥5 million Japanese cost-effectiveness threshold 
(see Fig. 2). Cost-effectiveness improved with increasing age and was 
generally dominant in individuals aged 70 years and older.

3.2. Sensitivity analyses

Results from sensitivity analyses reinforced the economic value of 
opportunistic AI-assisted osteoporosis screening (Table 3). In all sce
narios tested, the cost per QALY gained remained below 
¥2,000,000—thus largely below the cost-effectiveness threshold—even 
under conservative assumptions, such as a 25% reduction in treatment 
efficacy, fracture costs, or fracture incidence. When zoledronic acid was 
used, cost-effectiveness also remained favorable, with an ICER of 
¥1,260,699 per QALY gained.

Follow-up after screening also influenced cost-effectiveness. For 
example, increasing treatment initiation by 50%, improving DXA utili
zation after osteoporosis detection, or reducing medication non- 
persistence by 50% resulted in screening being a dominant strategy. 
Notably, variations in specificity and sensitivity based on internal test 
data had minimal impact on cost-effectiveness.

Figure 3 presents the cost-effectiveness acceptability curves, which 
confirm the cost-effectiveness of opportunistic AI-assisted osteoporosis 
screening. At a threshold of ¥5,000,000 per QALY gained, the proba
bility of cost-effectiveness was 95% for Japan overall, 100% for Kure 
City and 87% for the lower-incidence scenario. The probabilities of 
dominance, represented by the proportion of simulations in which the 
screening strategy was cost-saving (ie, cost-effective at a threshold of ¥0 
per QALY gained), were 35% for Japan, 92% for Kure City and 7% for 
the lower-incidence scenario.

4. Discussion

Deep learning models have recently demonstrated significant po
tential in assessing bone health through chest radiographs [2,3]. Given 
the costs associated with screening and potential treatment, it is crucial 
to evaluate the cost-effectiveness of this approach, as decision-makers 
increasingly rely on economic data to guide funding and coverage de
cisions. Our study suggests that opportunistic AI-assisted osteoporosis 
screening using chest radiographs enhanced with deep learning is highly 

Table 2 
(Incremental) lifetime costs, QALYs, fracture events, and ICER of opportunistic 
AI-assisted osteoporosis screening vs. -> vs no screening and treatment in Jap
anese women aged ≥ 50, including nationwide, Kure City (high-incidence), and 
a lower-incidence scenario (~25% below national average).

​ Opportunistic 
AI-assisted 
osteoporosis 
screening

No 
screening 
and 
treatment

Incremental 
per women

Incremental 
per 1000 
women

Nationwide
Total costs 866,606 866,110 496 496,000

Healthcare 
costs

862,295 866,110 − 3815 − 3,815,000

Treatment 
costs

4311 0 +4311 +4,311,000

Fracture 
events

0.5817 0.5856 − 0.0039 3.9

Life years 15.4982 15.4956 0.0026 2.6
QALY 9.5216 9.5189 0.0026 2.6
ICER of opportunistic AI-assisted screening (¥ per 

QALY)
¥ 189,713

Kure city (High-incidence)
Total costs 1,657,864 1,662,947 − 5083 − 5,083,000

Healthcare 
costs

1,653,541 1,662,947 − 9406 − 9,406,000

Treatment 
costs

4323 0 +4323 +4,323,000

Fracture 
events

1.1842 1.1922 − 0.0080 8.0

Life years 15.2863 15.2837 0.0026 2.6
QALY 9.3279 9.3247 0.0032 3.2
ICER of opportunistic AI-assisted screening (¥ per 

QALY)
Dominant (¥ -1,571,632)

Lower-incidence scenario (~25 % below national average)
Total costs 648,411 646,140 2271 2,271,000

Healthcare 
costs

644,090 646,140 − 2050 − 2,050,000

Treatment 
costs

4321 0 +4321 +4,321,000

Fracture 
events

0.4314 0.4285 − 0.0029 2.9

Life years 15.5563 15.5540 0.0023 2.3
QALY 9.5793 9.5772 0.0021 2.1
ICER of opportunistic AI-assisted screening (¥ per 

QALY)
¥ 1,055,095

¥1 equals approximately €0.0061 and US$0.0068 (as of May 2025).
ICER, Incremental cost-effectiveness ratio; QALY, quality-adjusted life years.
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Fig. 2. Cost-effectiveness of opportunistic AI-assisted osteoporosis screening vs 
no screening in women from Japan and Kure City: age-group sensitivity ana
lyses (¥ per QALY gained). 
¥1 equals approximately €0.0061 and US$0.0068 (as of May 2025). 
QALY, quality-adjusted life-years.
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cost-effective for Japanese women aged 50 and older. The ICER was 
estimated at ¥189,713 per QALY gained, largely below Japan’s 
cost-effectiveness threshold of ¥5 million. In the city of Kure from Hir
oshima Prefecture, which is associated with a high fracture incidence, 
opportunistic AI-assisted osteoporosis screening was even dominant, 
meaning that the costs of screening and treatment were outweighed by 
the savings from prevented fractures. In a lower-incidence scenario, 
assuming fracture rates 25% below the national average, the cost per 
QALY increased to ¥1,055,095 but remained below the threshold, 
demonstrating that opportunistic AI-assisted screening remains 
economically attractive across regions with varying fracture risk. Taken 
together with age-stratified analyses, these findings highlight both the 
robustness and the generalizability of this strategy, providing nuanced 
evidence to inform national and regional policy decisions.

Notably, the base case analysis incorporated real-world estimates 
based on clinical expert opinion regarding screening follow-up. It is 
unexpected that all patients suspected of having osteoporosis would 
receive a DXA scan, and that all patients undergoing DXA would begin 
treatment. Despite uncertainties regarding these variables, the base case 
analysis was conservative, and sensitivity analyses with even more 
conservative assumptions did not alter the conclusions. To further 
enhance cost-effectiveness and ensure substantial economic benefits, 
efforts should focus on optimizing screening follow-up, treatment 
initiation, and medication adherence.

Our findings are particularly relevant within the Japanese healthcare 
system, which is characterized by universal coverage and relatively high 
fracture incidence among older women. Nevertheless, the potential 
applicability of opportunistic AI-assisted osteoporosis screening extends 
beyond Japan. Similar modeling studies conducted in the United States 
and Germany have demonstrated favorable cost-effectiveness of 
opportunistic screening strategies in their respective healthcare contexts 
[9,10]. These reports, together with our results, suggest that AI-based 
opportunistic screening may be a broadly promising approach across 
diverse systems, with even improved economic results in Japan. This 
may be partially attributed to Japan’s aging population, reduced dis
count rates, and comparatively low drug costs. Our study highlights that 
an even older population, lower drug costs, and low discount rates 
magnify the potential benefit of opportunistic AI screening, even leading 
to dominance in some districts with high fracture risk. These findings 
underscore the importance of country-specific modeling rather than 
assuming generalizability across settings. The degree of benefit is likely 
to vary according to fracture incidence, baseline screening practices, 
healthcare costs, and reimbursement structures. In countries with lower 
fracture incidence or different screening infrastructures, the 
cost-effectiveness observed in our study may not be directly generaliz
able. Therefore, while our findings contribute to a growing international 
body of evidence, future research should assess implementation in other 
healthcare environments.

Another cost-effectiveness study found that opportunistic AI-assisted 
screening for osteoporotic vertebral compression fractures using exist
ing radiographs was cost-effective from a societal perspective [39], 
reinforcing the growing evidence for the value of AI in osteoporosis 
screening. Given the growing global burden of osteoporosis in aging 
societies, particularly in super-aged countries such as Japan, South 
Korea, and several EU member states, the cost-effectiveness of 
AI-enhanced chest radiograph screening may have far-reaching impli
cations beyond the Japanese context.The findings of this study are 
particularly relevant in the context of Japan, one of the few countries 
with a nationwide lung cancer screening program. This existing imaging 
infrastructure offers a unique opportunity to reach a broad segment of 
the population without requiring additional resources for dedicated 
osteoporosis screening. As such, it is essential for policymakers, hospital 
administrators, and clinicians to consider integrating opportunistic 
AI-assisted osteoporosis screening into routine chest radiograph assess
ments, especially in regions where osteoporosis remains under
diagnosed. The affordability and scalability of this approach make it a 
compelling strategy to improve public health outcomes and reduce the 
clinical and economic burden of osteoporotic fractures in aging pop
ulations. The evidence presented here can support policy efforts to 
secure reimbursement and funding for AI-based screening, ultimately 
improving accessibility and reducing long-term healthcare costs. 
Furthermore, AI-enhanced screening may contribute to reducing 
healthcare disparities, particularly in underserved populations with 
limited access to DXA scanning and specialized osteoporosis care.

To translate opportunistic AI-assisted screening into clinical practice, 
we outline a regionally adaptable referral protocol. Patients identified as 
high-risk by the AI model on routine chest radiographs could be referred 
for DXA scanning at the nearest accessible facility, with treatment 
initiation following current Japanese osteoporosis guidelines. The pro
tocol is designed to accommodate regional differences in DXA 

Table 3 
Sensitivity analyses of cost-effectiveness (¥ per QALY gained) comparing 
opportunistic AI-assisted osteoporosis screening followed by treatment versus no 
screening and treatment in Japanese women aged ≥ 50.

Cost per QALY gained

Base case ¥ 189,713
Treatment non-initiation +50%, − 50% ¥ 948,751 Dominant
Prevalence osteoporosis +50%, − 50% Dominant ¥ 794,758
% DXA after osteoporosis detected +50%, − 50% ¥ 16,719 ¥ 680,119
Screening cost: 10%DXA, 50%DXA Dominant ¥ 533,974
Specificity/Sensitivity Internal Test ¥ 141,148
Full medication adherence Dominant
Medication non-persistence 50% lower ¥ 68,767
Lowest generic price ALN ¥ 14,881
Branded price ALN ¥ 249,430
Zoledronic acid ¥ 1,260,699
Treatment efficacy +25%, − 25% Dominant ¥ 1,664,392
Fracture incidence +25%, − 25% Dominant ¥ 1,055,095
Fracture costs +25%, − 25% Dominant ¥ 890,635
Discount rates 0%, 4% Dominant ¥ 577,619
Fracture effects on mortality +25%, − 25% ¥ 119,126 ¥ 236,234
Treatment costs +25%, − 25% Dominant ¥ 383,432
Fracture effects on utilities +25%, − 25% ¥ 142,196 ¥ 367,539
ICUROS quality of life ¥ 182,142

Dominant indicates higher QALY for lower costs. ¥1 equals approximately 
€0.0061 and US$0.0068 (as of May 2025).
DXA, dual-energy X-ray absorptiometry; NHNV, non-hip non-vertebral; QALY, 
quality-adjusted life-years; VHR, very-high risk.
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Fig. 3. Probabilistic sensitivity analysis of opportunistic AI-assisted osteopo
rosis screening: cost-effectiveness results in Japan, Kure City and the lower- 
incidence scenario. The cost-effectiveness acceptability curve depicts the like
lihood that opportunistic osteoporosis screening is cost-effective across various 
cost-per-QALY thresholds, representing the percentage of simulations where 
screening outperforms no screening and treatment. 
¥1 equals approximately €0.0061 and US$0.0068 (as of May 2025). 
QALY, quality-adjusted life-years.
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availability and healthcare infrastructure, ensuring feasibility across 
both high-incidence areas, such as Kure City, and districts with lower 
fracture incidence. While not yet implemented, this framework illus
trates a practical approach for integrating AI screening into real-world 
care and informs future implementation studies.

Real-world implementation of opportunistic AI-assisted screening 
will face several potential challenges. Variations in DXA availability, 
differences in healthcare infrastructure, and the need for provider 
training must be addressed to ensure effective integration into clinical 
practice. In addition, notable regional disparities in osteoporosis 
awareness and screening rates may affect uptake and equity of screening 
programs. Furthermore, reimbursement policies and legal frameworks 
governing national screening programs may require reform to support 
systematic adoption. Recognizing and planning for these logistical, 
educational, and policy-related barriers will be essential to realize the 
full clinical and economic potential of AI-based osteoporosis screening 
in Japan.

This economic evaluation is grounded in the diagnostic performance 
of the AI-assisted screening model developed by Jang et al. [2] which 
was trained on paired data with 13,026 chest radiographs and corre
sponding DXA results from the Health Screening and Promotion Center 
of Asan Medical Center (2012–2019) and an external test with 1089 
radiographs (2010–2017) was also conducted. Validation in the Japa
nese population would be important to confirm the technical repro
ducibility of the AI model, originally developed and tested in a South 
Korean cohort, as well as its real-world clinical utility and 
cost-effectiveness within the Japanese healthcare system. Although 
several other AI-based tools have been created for osteoporosis detection 
using standard radiographs [3,40,41], the cost-effectiveness results 
presented here are specific to the model evaluated and may not be 
applicable to other tools due to differences in diagnostic accuracy and 
implementation costs—both of which influence economic outcomes. 
Direct comparison is further complicated by the fact that the tools have 
been developed in different populations and settings. Similarly, com
parison with other diagnosis tests such as DXA, REMS, QCT, and QUS, 
that have also been shown to be cost-effective in some populations [13,
42], is challenging given the variability in study populations, the 
severity of osteoporosis assessed, and methodological approaches. 
Importantly, AI-based screening using chest radiographs is inherently 
opportunistic: it leverages images acquired for other clinical reasons and 
does not require dedicated appointments or additional imaging. This 
makes direct comparisons with primary screening tools like DXA, REMS 
and QUS, which involve specific visits, less appropriate. Given the sig
nificant treatment gap, such tools should be seen as complementary, 
contributing to a broader, integrated screening strategy.

The results of this economic evaluation should be viewed in light of 
certain limitations. One key area of uncertainty involves the follow-up 
process after initial screening—specifically, the percentage of in
dividuals identified as likely osteoporotic who proceed to DXA confir
mation and begin treatment thereafter. These estimates were based on 
expert input, and the use of real-world data in future analyses would 
improve precision. Nevertheless, extensive sensitivity analyses were 
carried out to explore these uncertainties, and the findings consistently 
supported the cost-effectiveness of the screening strategy. Additionally, 
our screening pathway may be seen as simplified and therefore 

conservative. The model assumed no treatment for patients with 
osteopenia, although guidelines might recommend treatment for those 
with additional risk factors or a FRAX® score ≥ 15% [43]. This con
servative choice reflects a lack of published data on the sensitivity and 
specificity of the intervention for osteopenia and the uncertainty around 
how many osteopenia patients would effectively receive treatment.

5. Conclusions

Opportunistic AI-assisted osteoporosis screening through chest ra
diographs offers substantial economic value for Japanese women aged 
50 and above in practical healthcare settings. In regions with elevated 
fracture rates, this strategy proves to be dominant. These results high
light the public health benefit of utilizing existing imaging resources to 
enhance early diagnosis and help close the diagnostic gap in osteopo
rosis management.
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Appendix A 

Table 1 
CHEERS 2022 Checklist.

Topic No. Item Location where item is 
reported

Title
Abstract 1 Identify the study as an economic evaluation and specify the interventions being compared. Title

2 Provide a structured summary that highlights context, key methods, results, and alternative 
analyses.

Abstract

Introduction
Background and objectives 3 Give the context for the study, the study question, and its practical relevance for decision 

making in policy or practice.
Introduction

Methods
Health economic analysis plan 4 Indicate whether a health economic analysis plan was developed and where available. Methods
Study population 5 Describe characteristics of the study population (such as age range, demographics, 

socioeconomic, or clinical characteristics).
Methods

Setting and location 6 Provide relevant contextual information that may influence findings. Methods
Comparators 7 Describe the interventions or strategies being compared and why chosen. Methods
Perspective 8 State the perspective(s) adopted by the study and why chosen. Methods
Time horizon 9 State the time horizon for the study and why appropriate. Methods
Discount rate 10 Report the discount rate(s) and reason chosen. Methods
Selection of outcomes 11 Describe what outcomes were used as the measure(s) of benefit(s) and harm(s). Methods
Measurement of outcomes 12 Describe how outcomes used to capture benefit(s) and harm(s) were measured. Methods
Valuation of outcomes 13 Describe the population and methods used to measure and value outcomes. Methods
Measurement and valuation of resources and 

costs
14 Describe how costs were valued. Methods

Currency, price date, and conversion 15 Report the dates of the estimated resource quantities and unit costs, plus the currency and year 
of conversion.

Methods

Rationale and description of model 16 If modelling is used, describe in detail, and why used. Report if the model is publicly available 
and where it can be accessed.

Methods

Analytics and assumptions 17 Describe any methods for analysing or statistically transforming data, any extrapolation 
methods, and approaches for validating any model used.

Methods

Characterising heterogeneity 18 Describe any methods used for estimating how the results of the study vary for subgroups. Methods
Characterising distributional effects 19 Describe how impacts are distributed across different individuals or adjustments made to 

reflect priority populations.
Methods

Characterising uncertainty 20 Describe methods to characterise any sources of uncertainty in the analysis. Methods
Approach to engagement with patients and 

others affected by the study
21 Describe any approaches to engage patients or service recipients, the public, communities, or 

stakeholders (such as clinicians or payers) in the design of the study.
Methods

Results
Study parameters 22 Report all analytic inputs (such as values, ranges, references) including uncertainty or 

distributional assumptions.
Results

Summary of main results 23 Report the mean values for the main categories of costs and outcomes of interest and 
summarise them in the most appropriate overall measure.

Results

Effect of uncertainty 24 Describe how uncertainty about analytic judgments, inputs, or projections affect findings. 
Report the effect of choice of discount rate and time horizon, if applicable.

Results

Effect of engagement with patients and others 
affected by the study

25 Report on any difference patient/service recipient, public, community, or stakeholder 
involvement made to the approach or findings of the study

Not reported

Discussion
Study findings, limitations, generalizability, 

and current knowledge
26 Report key findings, limitations, ethical or equity considerations not captured, and how these 

could affect patients, policy, or practice.
Discussion

Other relevant information
Source of funding 27 Describe how the study was funded and any role of the funder in the identification, design, 

conduct, and reporting of the analysis
Funding

Conflicts of interest 28 Report authors conflicts of interest according to journal or International Committee of Medical 
Journal Editors requirements.

Conflicts of interest

From: Husereau D, Drummond M, Augustovski F et al. Consolidated Health Economic Evaluation Reporting Standards 2022 (CHEERS 2022) Explanation and Elab
oration: A Report of the ISPOR CHEERS II Good Practices Task Force. Value Health 2022; 25:10–31.

Table 2 
IOF-ESCEO Osteoporosis-specific checklist.

Item No. Recommendation Reported

Transition probabilities 1 Report the transition probabilities and how they were estimated (including increased fracture risk) Methods
Excess mortality after fractures 2 Describe approaches and data sources used for the excess mortality after fractures Methods
Fractures costs 3 Describe approaches and data sources used for fractures costs Methods
Fractures effects on utility 4 Describe approaches and data sources used for the effects of fractures on utility Methods
Treatment effect during treatment 5 Describe fully the methods used for the identification, selection and synthesis of clinical effectiveness data (per fracture 

site)
Methods

Treatment effect after 
discontinuation

6 Describe fully the methods used for the treatment effect after discontinuation Methods

Medication adherence 7 Describe approaches and data sources used for modelling medication adherence Methods
Treatment costs 8 Describe approaches and data sources used for therapy costs Methods
Treatment side effects 9 Describe approaches and data sources used for costs and utilities effects of adverse events Methods

J.-Y. Reginster et al.                                                                                                                                                                                                                            Osteoporosis and Sarcopenia 11 (2025) 127–136 

134 



IOF, the International Osteoporosis Foundation; ESCEO, the European Society for Clinical and Economic Aspects of Osteoporosis, Osteoarthritis and Musculoskeletal 
Diseases.

Table 3 
IOF-ESCEO checklist for the design and conduct of an economic evaluation in osteoporosis.

Type of economic evaluation Status

• Cost-utility analysis using QALY as outcome YES
Method for the conduct of economic evaluation
• A model based economic evaluation YES
Modelling technique
• Lifetime horizon YES
• Markov model is appropriate (6 months/1 year cycle length) YES (6 months)
• Avoid hierarchy of fractures and restrictions after fracture events YES
• Hip, clinical vertebral and non-vertebral non-hip fracture YES
Base-case analysis and population
• Multiple scenarios: age range, BMD and fracture risk scenarios YES
• At least a scenario including a 10-year risk of a major osteoporotic fracture equal to 20% or with a BMD T-score ≤ -2.5 with or without fractures YES
• The FRAX® or GARVAN® tools can be used to model fracture risk NA
• Increased risk after fracture events within the model YES
Mortality
•An additional effect (on ciosts and/or utility) after multiple fractures YES
• Excess mortality after hip fractures YES
• Proportion attribute to the fracture (eg., 25–30%) YES
Fracture costs and utility
• Societal and/or healthcare payor perspective YES
Acute fracture costs
• Long-term costs after hip fracture (attributable to the fracture) YES
• First year and subsequent years effects of fractures on disutility YES
• National ICUROS data if available YES (whole ICUROS study)
Treatment characteristics
• Treatment duration similar to guidelines or RCTs YES
• Comparators: no treatment and relevant active osteoporotic agent(s) YES
• Sequential therapy may be considered as intervention/comparators YES
• Efficacy data from RCTs, (network) meta-analysis YES
• In the absence of hip/wrist specific efficacy data, use of non-vertebral or clinical fracture efficacy data YES
• Treatment effects after discontinuation depending on treatment YES
• Medication adherence as sensitivity analysis YES (base case)
• Drug costs and administration/monitoring costs YES
• Adverse events YES

IOF, the International Osteoporosis Foundation; ESCEO, the European Society for Clinical and Economic Aspects of Osteoporosis, Osteoarthritis and Musculoskeletal 
Diseases.
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