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Abstract

Summary Identifying patients at risk of low bone mineral density (BMD) from X-rays presents an attractive approach to
increase case finding. This paper showed the diagnostic accuracy, reproducibility, and robustness of a new technology:
OsteoSight™., OsteoSight could increase diagnosis and preventive treatment rates for patients with low BMD.

Purpose This study aimed to evaluate the diagnostic accuracy, reproducibility, and robustness of OsteoSight™, an automated
image analysis tool designed to identify low bone mineral density (BMD) from routine hip and pelvic X-rays. Given the
global rise in osteoporosis-related fractures and the limitations of current diagnostic paradigms, OsteoSight offers a scalable
solution that integrates into existing clinical workflows.

Methods Performance of the technology was tested across three key areas: (1) diagnostic accuracy in identifying low BMD
as compared to dual-energy X-ray absorptiometry (DXA), the clinical gold standard; (2) reproducibility, through analysis of
two images from the same patient; and (3) robustness, by evaluating the tool’s performance across different patient demo-
graphics and X-ray scanner hardware.

Results The diagnostic accuracy of OsteoSight for identifying patients at risk of low BMD was area under the receiver operat-
ing characteristic curve (AUROC) 0.834 [0.789-0.880], with consistent results across subgroups of clinical confounders and
X-ray scanner hardware. Specificity 0.852 [0.783-0.930] and sensitivity 0.628 [0.538-0.743] met pre-specified acceptance
criteria. The pre-processing pipeline successfully excluded unsuitable cases including incorrect body parts, metalwork, and
unacceptable femur positioning.

Conclusion The results demonstrate that OsteoSight is accurate in identifying patients with low BMD. This suggests its util-
ity as an opportunistic assessment tool, especially in settings where DXA accessibility is limited or not recently performed.
The tool’s reproducibility and robust performance across various clinical confounders further supports its integration into
routine orthopedic and medical practices, potentially broadening the reach of osteoporosis assessment and enabling earlier
intervention for at-risk patients.
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Introduction over the age of 50 will experience an osteoporotic fracture,
resulting in loss of mobility, reduced quality of life, and
Osteoporosis is characterized by the progressive loss of bone  increased mortality [1]. Annual direct health costs of osteo-
mineral density (BMD) which increases the risk for fragility ~ porotic fractures are estimated at $57 billion in 2018 in the
and other fractures. One in five men and one in three women  USA [2]. It is estimated that fewer than 26% of people living
with osteoporosis have been diagnosed [3], despite strong
evidence that treatment can prevent fragility fractures and
< John J. Connell maintain an individual’s quality of life [4]. Identification
John.connell @naitive.com of those individuals at risk of osteoporosis is therefore a
) o . significant public health concern.
Department of Medicine, Mayo Clinic, Rochester, Osteoporosis diagnosis is typically supported using dual-
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energy X-ray absorptiometry (DXA), which is considered
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the reference standard test. The US Preventive Services Task
Force recommends screening for osteoporosis with DXA in
women of 65 years and over or younger women with cer-
tain clinical risk factors; insufficient evidence is available
for recommendations in men [5, 6]. Additional support for
screening has been voiced by the American Association of
Clinical Endocrinologists [7], Bone Health and Osteoporosis
Foundation [8], American College of Obstetrics & Gyne-
cology [9], and the Osteoporosis International clinician’s
guide [10]. Prioritizing preventive care using screening for a
“silent disease” is challenging. In a recent survey on barriers
to osteoporosis screening in the USA, physicians reported
visit time constraints and low prioritization against compet-
ing health concerns and a lack of awareness and/or timely
access to services and resources as key barriers to guideline
adherence for osteoporosis screening [11, 12]. Though the
benefits of screening are evident, screening rates are low,
with attendance at targeted programs as low as 1.7% for
men and 9.5% for women [13]. Case-finding of the many
individuals with low BMD, but who are not aware of the
fact, is a growing global unmet medical need.

One approach to addressing this is through the opportun-
istic assessment for signs of osteoporosis on X-rays that are
being collected for other indications. Advances in automated
image analysis and machine learning have made it possible
to evaluate patients at scale, cost-effectively, for multiple
indications [14]. These include breast cancer [15], cardio-
vascular disease [16], and increasingly lung cancer.

OsteoSight™ is a machine learning-based technology
that processes hip or pelvic digital X-ray images at scale.
OsteoSight receives images from a healthcare institution’s
picture archiving and communication system (PACS) and
assesses X-ray metadata for eligibility (aged 50 years and
over, AP X-rays of the hip or pelvis). OsteoSight performs a
series of image-based quality control checks to ensure that
images with prostheses or incorrect body parts (e.g., chest
X-ray) are not used to generate a result. An estimated BMD
is derived from the proximal femur, and if the patient is at
risk of low BMD, this is flagged to the physician interpreting
the X-ray, within their standard clinical workflow, who may
then include a recommendation for a bone health assessment
and DXA scan in their findings.

Gaining clinical acceptance of such a device requires
rigorous evaluation of the results compared to the current
clinical gold standard, as well as evidence that assures
robustness of results on repeat tests and specific X-ray
scanner hardware. Concerns regarding generalizability
of machine learning-based algorithms are considerable,
with regulatory agencies requiring that manufacturers of
such technologies demonstrate performance in independ-
ent test populations that are representative of the intended
use population. It is important that these test populations
are as realistic as possible and include common challenges
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encountered in the real world, such as cases of mislabeled
body parts, suboptimal patient positioning, and the pres-
ence of prostheses.

In this study, we evaluate the accuracy, reproducibility,
and robustness of OsteoSight, based on a DXA diagnosis of
low BMD, in an independent non-curated dataset from com-
munity imaging centers offering X-ray services.

Materials and methods

A series of performance tests of OsteoSight were performed
to evaluate: (i) the diagnostic accuracy of the device for pro-
viding a flag of low BMD; [2] the reproducibility of the
device to provide the same results on repeat tests of the same
patient; and [3] the impact of clinical confounders on the
diagnostic accuracy.

Study population

Data from a medical imaging broker, Gradient Health, was
collected from six US imaging centers and made available
for ethical research. Data was de-identified, complying with
HIPAA'’s safe harbor protocol; as the data is de-identified
and poses minimal risk to privacy and confidentiality, IRB
review was not deemed necessary [17]. Pre-specified inclu-
sion criteria based on the image metadata were applied to
data curation protocols: female and male individuals aged
50 years and over; a hip or pelvic anteroposterior (AP)
X-ray image; a DXA scan collected within + 12 months of
the X-ray; and minimal required demographic information
including age at time of first scan, ethnicity, and BMI.

Reference standard—DXA

The clinical reference standard for diagnosis of low BMD
is a T-score of less than — 1.0 standard deviations (SD) for
osteopenia and — 2.5 SD for osteoporosis, as measured with
DXA. In this study, individuals were classified as having low
BMD if they had a T-score less than — 1.0 SD at the femoral
neck (FN) as OsteoSight estimates BMD specifically at this
anatomical site. While osteoporosis diagnosis typically con-
siders the lowest T-score from multiple skeletal sites (e.g.,
FN, total hip, or lumbar spine), we selected the FN T-score
for classification to ensure a direct comparison between
OsteoSight’s eBMD estimates and DXA-derived BMD at the
same location. T-scores were derived from BMD measure-
ments by the DXA manufacturer on the de-identified DXA
report. All BMD values in this study were measured using
Hologic densitometers.
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X-ray pre-processing and BMD inference

OsteoSight comprises a sequence of image analysis steps
to ensure that only appropriate X-ray images are used to
estimate BMD, as the most common reasons for rejected
radiographs in clinical practice are due to mislabeling (22%)
and positioning (16%) [18]. First, clinically unsuitable
images are excluded, specifically in cases when metalwork
(e.g., implants and clothing accessories) is detected, or the
wrong body part is presented. Next, the algorithm attempts
to identify a suitable proximal femur region of interest for
analysis. An example AP hip X-ray that successfully passed
the pre-processing steps (Fig. 1) is shown, with the (green)
proximal femur segmentation indicated including the femo-
ral neck, greater trochanter, and the intertrochanteric region,
similar to region of interest methods used in DXA [19]. If
the femur is not fully contained within the field of view, or
it cannot be segmented accurately (e.g. due to suboptimal
image acquisition and gross anatomical morphologies), the
image is excluded.

Then the image is linearly normalized in preparation for
processing using a convolutional neural network (CNN)
which has been trained using X-ray images paired with cor-
responding DXA results using a fivefold cross-validation
method to generate an estimated BMD (eBMD) value.
The anonymized data used to train the CNN were acquired
between 2011 and 2021 from the Royal National Orthopedic
Hospital NHS Trust, UK. During training and pre-training,
it was ensured that no images from subjects in the test set
were in the training or validation sets.

Fig.1 Example AP hip X-ray image showing region of interest
(green) analyzed to estimate BMD following OsteoSight’s multi-step
image quality and verification processing pipeline

Statistical analyses

All statistical analyses were performed in R version 4.3.2
(Posit Software). For diagnostic accuracy studies, the eBMD
was compared to the presence of low BMD as measured by
DXA (femoral neck T-score < — 1.0 SD) and area under the
receiver operating characteristic curve (AUROC) were com-
puted, with 95% confidence intervals (CI) with a primary
endpoint pre-specified acceptance criteria of AUROC (lower
CI >0.75). To evaluate the performance of OsteoSight, sen-
sitivity and specificity were evaluated across the study popu-
lation with pre-specified acceptance criteria of specificity
(lower CI > 0.775) and sensitivity (lower CI >0.5) [20].

The 95% CI for the AUROC, sensitivity, and specific-
ity were calculated with 2000 stratified bootstrap replicates
using the pROC library [21]. A series of diagnostic accuracy
subgroup analyses were conducted, as above, to evaluate the
robustness of the results when considering the most relevant
clinical confounders of age, sex, ethnicity, BMI, and X-ray
scanner hardware manufacturer.

To evaluate the reproducibility of OsteoSight, a subset
of individuals were identified where two X-rays of the same
hip had been collected. The agreement of the OsteoSight flag
for the presence of low BMD was assessed using Cohen’s
Kappa test.

Sample size

The minimum sample size required to power the primary
endpoint was calculated [22] as 225 subjects, assuming
power =80%, alpha =0.025, estimating disease prevalence
=43.1%, and confidence interval full width =0.10.

Results

The performance of OsteoSight in removing unsuitable
X-ray images is outlined in Fig. 2. From an initial popula-
tion of 378 subjects, 22 cases were excluded due to a misla-
beled body part (i.e., not a hip or pelvic radiograph), O cases
were excluded due to the hip containing metalwork in the
region of interest (ROI), and 31 cases were excluded due
to their images not containing a suitable femoral ROI (e.g.,
proximal femur extends beyond field of view, anatomical
rotation as in the case of a frog leg lateral image, or gross
anatomical deformity due to a displaced fracture). Excluded
and included images were confirmed by manual inspection.
BMD estimation was then successfully completed for all
remaining cases successfully completed, and 325 cases
(86%) were included in the study population for subsequent
analyses to represent one case per patient, by selecting the
image closest in date to the reference DXA report. The
demographics of all individuals within the study population
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Initial cohort Rejected Images
Patients: 378
Images: 597 X-ray of other body part

| Patients: 22

l Images: 60
X-ray of Hip
Patients: 356
Images: 537 Metalwork in image

i Patients: 0

Images: 4

Absence of metalwork in hip
Patients: 356

UL No suitable ROI

Patients: 31
Images: 119

Suitable proximal femur ROI
Patients: 325

Images: 414
Failed BMD estimation
—_— Patients: 0
Images: 0
¢ . Multiple images per
>—

patient: 89

BMD Estimation
Patients: 325
Images: 325

Proximal femur extends
beyond field of view

Femur rotated from
standard AP view

Gross anatomical
deformity (e.g. fracture)

Fig.2 Consort diagram detailing OsteoSight’s multi-step image quality and verification processing pipeline. Region of interest (ROI), anteropos-

terior (AP), and bone mineral density (BMD)

Table 1 Study population demographics following the image quality
and verification processing pipeline. Standard deviation (SD); bone
mineral density measured using dual energy X-ray absorptiometry
(BMD)

Study population

N 325

Age (years, mean [SD]) 69.9 [10]

Sex female: male 310: 15

BMI (kg/m?, mean [SD]) 32.5[8.46]

Race Hispanic 141
White 134
Black or African American 36
Asian 14

X-ray scanner Konica Minolta 301
Siemens 24

Femoral neck BMD (g/cmz, mean
[SDD

0.708 [0.144]

are reported in Table 1. 64.6% of the study population had
a femoral neck T-score measured by DXA as lower than
—1.0SD.
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The diagnostic accuracy of OsteoSight for identify-
ing patients at risk of low BMD was AUROC 0.834
[0.789-0.880] (Fig. 3). At a model operating point (Fig. 3,
red point) selected to satisfy both pre-specified performance
acceptance criteria, the specificity was 0.852 [0.783-0.930],
and the sensitivity was 0.628 [0.538-0.743] indicating that
the primary and secondary endpoints of this study were met
(Table 2). A confusion matrix (Table 3) indicates that this
model operating point minimizes false positives (17/325 or
5%).

Subset analysis of clinically relevant confounders showed
a diagnostic accuracy of OsteoSight consistent across age
groups, sex, ethnicity, BMI, and all tested X-ray scanner
hardware (Table 4). The lower bound confidence interval
for individuals in the Siemens group, 18.5-25 BMI group,
and 70-79 and 80 + age groups were below the pre-specified
acceptance criteria of 0.75.

A subset of 81 individuals where two acceptable hip or
pelvic X-ray images of the same anatomical laterality ana-
lyzed by OsteoSight showed an 84% observed agreement,
resulting in a Cohen’s kappa of 0.68 (Table 5) reflecting
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Diagnostic Accuracy of OsteoSight
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AUC: 0.834 (95% CI: 0.789 - 0.880)

0.50 0.75
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Fig.3 Receiver operating characteristic (ROC) curve showing diag-
nostic accuracy of OsteoSight for predicting individuals with low
bone mineral density. Red dot indicates preferred operating threshold;
shaded region indicates sensitivity confidence intervals (CI). Area
under the curve (AUC)

Table 2 Performance of OsteoSight at a single operating threshold.
[95% confidence intervals]

Specificity Sensitivity

OsteoSight performance 0.852 [0.783-0.930]  0.628 [0.538-0.743]

Table 3 Confusion matrix for performance of OsteoSight

Actual
Predicted Negative Positive
Negative 98 78
Positive 17 132

substantial agreement [23]. There was an average of 128
days between repeat X-rays.

Discussion

The results shown here indicate that OsteoSight can identify
individuals who are at risk of low BMD from routine X-rays,
with a high level of diagnostic accuracy, reproducibility, and
robustness. The sensitivity and specificity of OsteoSight
support its use as an opportunistic assessment tool to detect
low BMD with performance metrics that align with those of

DXA [24, 25], and the diagnostic accuracy is equivalent to
systems that have previously been presented in the literature
using X-rays or CT scans [20, 26]. This is a promising devel-
opment, addressing at least some of the challenges asso-
ciated with DXA. By enabling the detection of low BMD
from X-rays, generally taken for some other clinical reason,
OsteoSight could significantly increase osteoporosis case
finding, particularly in resource-limited settings where DXA
access is unavailable, limited, or otherwise not performed.

We have also shown that the technology automatically
identifies and filters out incorrectly labeled X-ray images as
well as a number of artifacts and unsuitable images, aiming
to render the technology as a more reliable and explainable
Al solution. Many imaging technologies do not perform as
well as anticipated in real-world testing [27]. The technol-
ogy assessed here begins to address this issue as the test data
was sourced from hospitals’ PACS systems, where mislabe-
ling could happen, rather than from collected and curated
research datasets.

The reproducibility of OsteoSight was shown by the con-
sistent results for multiple X-ray images taken at different
times from the same individuals. The 84% observed agree-
ment aligns with BMD mis-classification estimates from
DXA of 10-50% [28]. This reproducibility is critical for
clinical adoption, ensuring that the tool’s output is depend-
able and that patients flagged by the system truly require
further evaluation.

Finally, the robustness of OsteoSight was tested across
different patient subgroups and clinical confounders and
across a range X-ray scanner hardware. This study popula-
tion was representative of the eventual target patient popu-
lation, despite some subgroups being underpowered. Indi-
viduals aged 50 and over were included in this study as this
is the youngest age at which individuals are considered for
osteoporosis screening in the USA [5]. The consistency of
results supports the applicability of OsteoSight deployment
in a wide range of clinical environments.

Clinical implications

The majority of hip X-rays are ordered by orthopedic sur-
geons [29], and they are generally interpreted either by radi-
ologists or orthopedic surgeons depending on the healthcare
setting [30]. However, the results are also relevant to pri-
mary care, geriatrics, endocrinology, gynecology/women’s
health, and rheumatology. OsteoSight can be deployed in
these diverse clinical settings enabling clinicians to (i) maxi-
mize specificity (false positives) and the associated risks
and costs of subsequent follow-up patient management while
retaining clinically acceptable sensitivity and/or (ii) mini-
mize the number of missed cases by maximizing sensitivity
while retaining clinically acceptable specificity.
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Table4 AUC values of

. . . Group Subgroup AUC Lower 95% CI Upper 95% CI Sample size

subgroups showing diagnostic

accuracy of OsteoSight for Race Hispanic 0.820 0.750 0.891 141

predicting individuals with Race White 0829 0756 0.902 134

low bone mineral density. Area ’ ’ ’

under the receiver operating Race Black or African  0.892 0.771 1.000 36

characteristic curve, AUC; American

confidence intervals, CI. Six Race Asian 1.000 1.000 1.000 14

individuals omitted with BMI Sex Female 0.824 0.776 0.872 310

<18.5 kg/m?; seven individuals

omitted with missing BMI data Sex Male 1.000 1.000 1.000 15
X-ray scanner Konica 0.833 0.785 0.881 301
X-ray scanner Siemens 0.829 0.660 0.997 24
Age (years) 50-59 0.810 0.693 0.928 54
Age (years) 60-69 0.865 0.795 0.936 104
Age (years) 70-79 0.788 0.693 0.882 104
Age (years) 80 + 0.778 0.624 0.933 61
BMI (kg/rn2) 18.5 <25 0.763 0.525 1.000 57
BMI (kg/mz) 25 <30 0.853 0.769 0.938 86
BMI (kg/m?) 30 + 0.811 0.746 0.876 169

Table 5 Agreement of repeat X-ray analyses by OsteoSight Limitations and future research

Metric Value

Observed agreement 84% (68/81)
Cohen’s kappa 0.68

The growing global burden of osteoporosis-related
fractures highlights the need for a scalable, cost-effec-
tive, and efficient alternative method that can be inte-
grated seamlessly into existing clinical workflows and
infrastructure. The integration of OsteoSight into routine
clinical practice and using X-rays collected for other indi-
cations (e.g., hip pain and rule out fracture) could facili-
tate earlier identification of patients at risk for osteoporo-
sis, thereby enabling timely intervention and potentially
reducing the incidence of osteoporotic fractures.

The missed opportunity to get the right patients onto
the right treatment pathways is a growing healthcare and
economic problem. The chronically poor rates of adher-
ence to screening programs have resulted in millions of
individuals receiving a diagnosis only after a fragility
fracture has occurred. The use of OsteoSight, as an oppor-
tunistic assessment tool to evaluate hip and pelvic X-rays
that are collected for other indications, has the potential to
significantly improve the case finding of osteoporosis and
osteopenia. Its successful integration into clinical prac-
tice could play a crucial role in addressing the growing
burden of osteoporosis by enabling earlier detection and
intervention, ultimately improving patient outcomes and
reducing healthcare costs.

@ Springer

While this study included a diverse patient population sourced
from multiple independent sites, it remains a single valida-
tion dataset. An increased sample size, particularly in the sub-
groups, would further reassure that the results are generalizable
to broader clinical settings. The training dataset was sourced
from an orthopedic hospital and may disproportionately reflect
patients undergoing an X-ray for osteoarthritis. Also, the study
did not assess the long-term outcomes of patients, which are
crucial for understanding the impact on patient management
and decisions around providing treatment options.

Future research should focus on prospective studies to
validate the findings presented here in real-world clini-
cal settings: assessing the impact of OsteoSight on patient
outcomes, including fracture rates and quality of life; and
exploring integration of OsteoSight with clinical decision
support systems to further enhance its utility in osteopo-
rosis management. Regardless of model performance, the
success of tools will be dependent on their implementation
within the broader care pathway in collaboration with clini-
cians. Ensuring that no patients are lost, from identification,
through diagnosis, to therapy, is critical.

Conclusions

This study demonstrates the potential utility of OsteoSight
as a clinical tool for early case finding of individuals at
risk of low BMD, using routine hip and pelvic X-rays.
The machine learning-based algorithm which underpins
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OsteoSight has high diagnostic accuracy when compared
to the ground truth and shows generalizability across clini-
cal confounders.

Data availability Data available upon reasonable request.
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