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Abstract
Objective  To develop and validate an artificial intelligence-based tool for the diagnosis of osteoporosis/osteopenia using 
hip radiographs. The tool aims to classify femurs into risk-based categories for osteoporosis/osteopenia, enabling patient 
prioritization, enhancing preventive medicine through incidental detection, and assisting clinicians’ diagnosis in general.
Materials and methods  The AI tool was designed to perform three preprocessing tasks before the osteoporosis/osteopenia 
prediction: (1) splitting images into single femurs, (2) identifying and discarding femurs with prostheses, and (3) cropping 
images to isolate the proximal femur. A total of 2691 anteroposterior hip radiographs from 1654 patients were included in the 
study. The osteoporosis/osteopenia prediction model was trained on 3227 single femur images and tested on 826. Addition-
ally, a final evaluation experiment was conducted on 313 new radiographs from 239 patients to assess the tool’s applicability.
Results  The tool demonstrated high performance in the preprocessing tasks, achieving 99.0% accuracy in classifying single 
vs. double femur images, 99.3% accuracy in identifying prosthetic femurs, and 99.2% pixel accuracy in delineating the proxi-
mal femur before cropping. The final prediction model achieved an area under the curve of 86.6% for detecting osteoporosis/
osteopenia in the test set and 81.0% in the final evaluation experiment.
Conclusions  The obtained results demonstrate the potential of the proposed AI-based pipeline for prediction of osteoporosis/
osteopenia using hip radiographs. This study suggests that a tool based on the proposed methods could support DXA triage, 
incidental osteoporosis detection, and clinical decision-making in settings with limited access to bone densitometry.
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Abbreviations
DXA	� Dual-energy X-ray absorptiometry
BMD	� Bone mineral density
CT	� Computer tomography
MRI	� Magnetic resonance imaging
AI	� Artificial intelligence
CNN	� Convolutional neural network

AUC​	� Area under the ROC curve
BMC	� Bone mineral content
ResNet	� Residual neural network
ROI	� Region of interest
ROC	� Receiver operating characteristic
PPV	� Positive predictive value
NPV	� Negative predictive value

Introduction

Osteoporosis is a chronic metabolic bone disease char-
acterized by decreased bone mineral density (BMD) and 
increased bone fragility, leading to a higher risk of frac-
tures. Osteoporosis is often asymptomatic until a fracture 
occurs, making early diagnosis essential [1]. The global 
prevalence is 18.3%, higher in women (23.1%) than in men 
(11.7%), and rises to 35.3% in the elderly [2, 3]. Fragility hip 
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fractures—one of its most serious consequences—occur in 
100–200 per 100,000 individuals annually, often leading to 
long-term disability and increased mortality [4–7].

Despite this, osteoporosis is preventable and manageable 
through early diagnosis and lifestyle modifications [1]. Nota-
bly, nearly half of fractures in individuals over 55 occur in 
those with osteopenia, the precursor to osteoporosis, high-
lighting the need for early detection [8]. Dual-energy X-ray 
absorptiometry (DXA) is the gold standard for diagnosis, 
based on T-scores below − 1 (osteopenia) and − 2.5 (osteo-
porosis) [9, 10]. While DXA has proven effective in reducing 
fracture and mortality rates [11–13], its limited availability, 
cost, and low awareness restrict its widespread use [11, 14].

Conventional radiographs, which are more accessible 
and frequently performed, hold promise for osteoporosis/
osteopenia detection, particularly when enhanced by artifi-
cial intelligence (AI). Integrating radiographs into screen-
ing strategies could enhance efficiency and broaden access 
to diagnostic tools, particularly in resource-limited settings 
[15]. Several studies have demonstrated the potential of 
AI models to detect osteoporosis from conventional hip 
radiographs, achieving accuracy rates ranging from 62.3 
to 98.1% and areas under the curve (AUC) values of up to 
97.0% [16–21]. However, these models typically focus only 
on osteoporosis, overlooking osteopenia—a key stage for 
early intervention—, as if it has been explored with other 
types of radiographs [22–25]. Furthermore, among the cited 
studies, only CI. Hsieh et al. [17] presents a fully end-to-
end automated pipeline suitable for integration into routine 
clinical workflows.

Therefore, this study aims to develop and validate an 
automated AI-based pipeline for detecting both osteoporosis 
and osteopenia using hip radiographs, designed to be robust 
and adaptable to real-world clinical conditions.

Materials and methods

The institutional review board of Hospital Universitario 
Ramón y Cajal in Madrid (Spain) approved this study (code 
329–21). Due to the study’s retrospective design, the insti-
tutional review board waived the need for informed patient 
consent.

Data collection

A retrospective collection of hip radiographs and corre-
sponding BMD measurements taken from November 2016 
to June 2023 (global study) and from June 2023 to April 
2024 (final evaluation set) were conducted at Hospital Uni-
versitario Ramón y Cajal.

The dataset included standard anteroposterior hip radio-
graphs of one or both sides of the pelvis. Radiographs in 

other projections (such as axial, lateral, oblique, or poster-
oanterior views) and low-quality images (poor acquisition 
parameters, digital artifacts, degraded digitized printed 
plates, excessive noise, incomplete visualization of the 
region of interest (ROI), or object superposition) were 
excluded by a clinical expert. Notably, images with other 
pathologies (apart from osteoporosis/osteopenia) have also 
been included in order to obtain a more complete tool. 
Images with prosthesis (or other metal implants) were used 
to train an algorithm to discard them in the final tool, but 
they were not used in the final prediction algorithm.

In total, 7051 radiographs were initially collected, of 
which 2691 images from 1654 patients were finally included 
in the global study for model development and internal 
testing (Fig. 1, top side). For the final evaluation, an inde-
pendent set of 313 validated images from 239 patients was 
used, after excluding images with other views or insufficient 
quality (Fig. 1, bottom side). This final evaluation set was 
employed to assess the fully developed system under condi-
tions simulating real-world deployment and also to com-
pare them with the prediction that clinicians would make by 
naked eye. Demographic data were collected for each patient 
of both sets (Table 1).

Imaging protocol

Radiographs were acquired using various digital radiogra-
phy systems, including Optimus 50 (Philips, Amsterdam, 
Netherlands), Medio 50 CP-H (Philips, Amsterdam, Neth-
erlands), DigitalDiagnost C90 (Philips, Amsterdam, Neth-
erlands), I-RAD/NET 400 (Toshiba, Tokio, Japan), Indico 
100 RAD (Toshiba, Tokio, Japan), SHF535 (Toshiba, Tokio, 
Japan), FDR D-EVO GL (Fujifilm, Tokio, Japan), and Ysio 
Max (Siemens, Berlin, Germany). Radiologic technologists 
followed established clinical guidelines to obtain all radio-
graphs using peak kilovoltage (kVp) values ranging from 
50 to 125.

Bone mineral density assessment

BMD measurements, along with bone mineral content 
(BMC), T-score, and Z-score, were obtained using DXA at 
the same institution. The DXA equipment included Hologic 
Horizon WI and Hologic Explorer densitometers (Hologic 
Inc., Marlborough, MA, USA). The DXA referred spe-
cifically to hip densitometry, and the parameters of BMC, 
T-score, and Z-score were measured at the femoral neck. 
These measurements were performed within a 2-year inter-
val relative to the date of the corresponding radiograph [28, 
29].

The radiographs were classified based on T-score in 
accordance with the World Health Organization criteria 
for diagnosing osteoporosis [30]: normal (T-score higher 
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or equal to − 1.0), osteopenia (T-score lower than − 1.0 
and higher than − 2.5), and osteoporosis (T-score lower 
or equal to − 2.5). In instances where radiographs 

included both femurs, but T-score was available for only 
one femur, the same classification was applied to both 
femurs [31].

Fig. 1   Flowchart illustrating the dataset processing pipeline, from initial image collection to final dataset distribution for training and testing (top 
side) and the final evaluation (bottom side). Exclusion criteria and preprocessing steps for osteoporosis/osteopenia prediction are included

Table 1   Patient characteristics. 
Mean data are expressed 
with standard deviations. P 
values are computed with 
Mann–Whitney U test [26] 
(age, weight, and days) and 
chi-squared test [27] (sex and 
BMD). (BMD, bone mineral 
density)

Characteristic Global study set Final evaluation set P value

No. of patients (no. of images) 1654 (2691) 239 (313)
Age (years) 72.9 ± 10.6 72.3 ± 11.3 0.81
Sex  < 0.052

Women 1499 (90.6%) 207 (86.6%)
Men 155 (9.4%) 32 (13.4%)

Weight (kg.) 66.3 ± 16.6 66.3 ± 15.2 0.82
Days between DXA and X-ray 138 ± 204.9 396.5 ± 98.5 0.98
BMD categories 0.216

Normal 203 (12.3%) 39 (16.3%)
Osteopenia 872 (52.7%) 120 (50.2%)
Osteoporosis 579 (35.0%) 80 (33.5%)
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Development of AI model

Processing pipeline

This study aimed to develop a deep learning-based tool to 
predict osteoporosis/osteopenia in hip X-rays, using a four-
step pipeline that includes three preprocessing stages (split 
the images in single femurs, discard femurs with prosthesis, 
and crop the images by the proximal extremity of the femur) 
and the final disease prediction (Fig. 2).

It is important to note that this section only describes the 
deep learning models used in the final tool. A wide range 
of models —including both segmentation and classification 
approaches—were initially explored, and those yielding the 
best performance were finally selected.

Division into two femurs

To obtain single-femur images, a deep learning model was 
trained to classify radiographs as showing one or both sides 
of the pelvis. Images with both sides were automatically split 
vertically into two separate images (right and left femur) 
of equal size, while those with only one femur were left 
unchanged. This process converted the entire dataset into 
standardized single-femur images.

To perform this classification task, a ResNet-18 (Resid-
ual Neural Network) [32] was trained with a set of images 
labeled as “one side” or “two sides” by technicians. Once 
trained, the resulting model was tested on another set of 
labeled images to see its classification performance. ResNets 
are CNNs pre-trained with ImageNet dataset [33]. For this 
purpose, the network was trained during ten complete passes 
through the dataset (epochs) with batches of 32 samples 

(batch size). Furthermore, softmax loss function [34], Adam 
optimization algorithm [35], and batch normalization [36] 
were also used.

Prosthesis detection

To prevent interference in the osteoporosis/osteopenia pre-
diction, a deep learning model was trained to automatically 
detect and discard femurs with prostheses by classifying 
each image as “prosthesis” or “non-prosthesis.”

To perform this classification task, another ResNet-18 
[32] was trained with a set of images (single femurs) labeled 
as “prosthesis” or “non-prosthesis” by technicians. Once 
trained, the resulting model was tested on another set of 
labeled images to see its classification performance. For this 
purpose, the network was trained with the same configura-
tion as the previous one: ten complete passes through the 
dataset, batches of 32 samples, softmax loss function [34], 
Adam optimization algorithm [35], and batch normaliza-
tion [36].

Femur cropping

To focus on the proximal extremity of the femur—where 
disease-related features are most evident—a deep learning 
model was trained to segment this region. Based on the seg-
mentation, each femur was automatically cropped using a 
rectangular area that encompassed the delineated region and 
its surroundings (Fig. 2, step 3).

To perform this delineation task, a DeepLab [37] CNN 
was trained with a set of delineations. Three specialists 
previously delineated manually the proximal extremity of 
some femur with an online graphical user interface created 

Fig. 2   Complete pipeline of the study composed of the final osteoporosis/osteopenia prediction and the three previous preprocessing steps: (1) 
split the images in single femurs; (2) discard femurs with prosthesis; and (3) crop the images by the proximal extremity of the femur
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by Transmural Biotech (Madrid, Spain) [38]. Once trained, 
the learning model was tested on another set of delineated 
images to see its segmentation performance. DeepLab CNN 
uses an ImageNet [33] pre-trained VGG [39] as its main fea-
ture extractor network. Data augmentation was also used to 
increase the amount of data to train the model and get better 
results, modifying the contrast, brightness, and saturation 
of the original images and also mirroring the images hori-
zontally. The CNN was trained during 40 complete passes 
through the dataset (epochs) with batches of 64 samples 
(batch size), and softmax loss function [34] and gradient 
descent optimization algorithm [40] were also used.

Osteoporosis/Osteopenia prediction

To finally predict osteoporosis/osteopenia, another deep 
learning algorithm was trained and tested with all the 
cropped images together with their corresponding femur 
outcome (normal, osteopenia, or osteoporosis). Femurs with 
fractures were manually selected and discarded from the 
train and test sets to avoid confusing the algorithm, as such 
cases are known to distort BMD estimation and are typically 
not suitable for clinical densitometry assessment [41]. Once 
the model will be trained, these particular images will also 
be tested on an independent set to observe its performance.

To account for variability in acquisition conditions, all 
cropped images were previously normalized using contrast 
limited adaptive histogram equalization (CLAHE) to stand-
ardize gray levels and enhance image contrast [42].

Finally, to perform this osteoporosis/osteopenia predic-
tion task, a DenseNet-169 CNN [43] was trained with 80% 
of the final dataset and tested on the remaining 20% to see 
its classification performance. No patient contributed images 
to both sets to prevent data leakage. For this purpose, the 
network was trained during 40 complete passes through the 
dataset (epochs) with batches of 32 samples (batch size). 
Furthermore, softmax loss function [34], Adam optimization 
algorithm [35], and batch normalization [36] were also used.

Statistical analysis

The performance of each of the steps was evaluated by 
comparing results of each experiment with the manual 
ground-truth on the test set images. Statistical analysis was 
performed using MATLAB R2023a.

To evaluate the two first experiments (“division into two 
femurs” and “prosthesis detection”), the accuracy (percent-
age of correct predictions) was computed. To assess the 
“femur cropping” experiment, pixel accuracy (percent of 
total pixels correctly classified) and Dice coefficient [44] 
were computed to compare the obtained automated ROIs 
with the manual ROIs made by our clinicians. Finally, to 
evaluate the osteoporosis/osteopenia prediction experiment, 

the receiver operating characteristic (ROC) curve and the 
typical classification metrics were computed: accuracy, 
sensitivity, specificity, positive predictive value (PPV), and 
negative predictive value (NPV).

To avoid providing a binary diagnosis and to increase 
the interpretability and flexibility of the model’s output, a 
5-class prediction system is proposed: class 1 corresponds 
to very high sensitivity (> 99%); class 2 to high sensitivity 
(> 80%); class 3 an intermediate balance between sensitivity 
and specificity; class 4 to high specificity (> 95%); and class 
5 to very high specificity (> 99%). This classification allows 
clinicians to interpret results in the context of their specific 
clinical priorities. For example, if the goal is to detect as 
many potential osteoporosis cases as possible (minimizing 
false negatives), then actions may be taken based on class 
1 alone or classes 1 and 2. In contrast, if the aim is to mini-
mize false positives, only classes 4 or 5 may be considered. 
The thresholds for these classes were determined by evalu-
ating the PPV and NPV in a simulated population with a 
prevalence matching the global prevalence of osteopenia and 
osteoporosis. Thresholds were selected considering the num-
ber of hip radiographs and DXA performed at our center, 
ensuring practicality and relevance from a cost-efficiency 
perspective.

Results

Preprocessing experiments

In the first experiment, the proposed classification learn-
ing method was used to classify the incoming images as 
“one femur” or “two femurs” images. One thousand eight 
hundred images were used to train the deep learning algo-
rithm, and 200 images (122 with two femurs and 78 with a 
single femur) were used to test its performance. The final 
model correctly classified 198 of the 200 images (99.0% 
of accuracy), misclassifying two images of single femur as 
two-femur images.

In the second experiment, the proposed classification 
learning method was used to classify the incoming images 
(single femurs) as “prosthesis” or “non-prosthesis”. Two 
thousand seven hundred images were used to train the deep 
learning algorithm, and 300 images (38 femurs with pros-
thesis and 262 without prosthesis) were used to test its per-
formance. The final model correctly classified 298 of the 
300 femur images (99.3% accuracy), failing to detect two 
femurs with prostheses.

In the third experiment, the proposed segmentation learn-
ing method was used to automatically delineate the proximal 
extremity of the femur from the incoming images (single 
femurs without any prosthesis). Two thousand two hundred 
fifty images were used to train the deep learning algorithm, 
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and 250 images were used to test its performance. The final 
model achieved a pixel accuracy of 99.2%, with a Dice coef-
ficient of 95.0%.

Osteoporosis/Osteopenia prediction

In the final experiment, the proposed classification learning 
method was used to predict osteoporosis/osteopenia disease 
from the incoming images (cropped proximal extremity of 
the femur). A total of 4172 images were used: 1563 with 
osteoporosis, 2051 with osteopenia, and 558 without any 
of these diseases (controls). From the total, 3227 images 
(77%) were used to train the deep learning algorithm and 
826 images (20%) to test its performance, maintaining the 
prevalence of each class. Finally, 119 femurs with fractures 
(3%) were also tested independently to see the performance 
over these special cases. Figure 1 (top side) shows the data-
set distribution for this final experiment.

Figure 3 shows the ROC curve obtained by the proposed 
classification learning method which achieved an AUC of 
86.6%. Figure 3 also shows the division of the curve into the 

five proposed classes. Table 2 shows the typical classifica-
tion metrics of each cutoff point of the ROC curve.

To observe the differences in results obtained when pre-
dicting cases with osteopenia and cases with osteoporosis, 
Fig. 4 shows two different ROC curves: green line shows the 
ROC curve obtained discarding osteopenia cases (the overall 
AUC rose to 93.6%) and yellow line the curve obtained dis-
carding osteoporosis cases (the AUC fell to 81.2%). Figure 4 
also shows the ROC curve obtained testing only the femurs 
with fractures which were isolated from the global test set 
(red line). In this case, the AUC achieved was 61.4%.

Final evaluation results

Once the results of each of the main tasks of our tool have 
been obtained, a final algorithm is built with the four AI 
models created (one for each task). This algorithm will 
automatically apply the four models one after the other, to 
obtain a final prediction for each new image. The results of 
the final evaluation of this algorithm for a set of 313 new 
images (acquired after the previous ones) from 239 patients 
are shown below.

Fig. 3   ROC curve obtained by the proposed method for prediction of 
osteoporosis/osteopenia on the test images with the division of the 
five proposed classes

Table 2   Classification metrics of the proposed method for prediction of osteoporosis/osteopenia at each cutoff point of the ROC curve of Fig. 3. 
(ACC​, accuracy; SENS, sensitivity; SPEC, specificity; PPV, positive predictive value; NPV, negative predictive value)

Cutoff point ACC​ SENS SPEC PPV NPV

Classes 4–5 34.3 (283/826) 24.5 (176/718) 99.1 (107/108) 99.4 (176/177) 16.5 (107/649)
Classes 3–4 55.5 (458/826) 49.4 (355/718) 95.4 (103/108) 98.6 (355/360) 22.1 (103/466)
Classes 2–3 80.0 (661/826) 80.1 (575/718) 79.6 (86/108) 96.3 (575/597) 37.6 (86/229)
Classes 1–2 88.6 (732/826) 98.9 (710/718) 20.4 (22/108) 89.2 (710/796) 73.3 (22/30)

Fig. 4   ROC curves obtained by the proposed method for prediction of 
osteoporosis/osteopenia. Blue line, global test set; green line, test set 
discarding osteopenia cases; yellow line, test set discarding osteopo-
rosis cases; red line, femurs with fractures subset
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Of the total set of 313 images, 277 were images contain-
ing both sides of the pelvis and 36 were images with a single 
femur. The algorithm automatically classified these images 
in one or two femurs, achieving an accuracy of 100% (all 
313 were correctly classified). Then, the algorithm divided 
the images of two femurs into two different images, resulting 
in 590 different images of single femurs.

Of these 590 resulting femurs, 87 had prosthesis. The 
algorithm automatically classified these femur images in 
“prosthesis” or “non-prosthesis,” achieving an accuracy 
of 99.3% (four femurs with some metal implants were not 
detected). Then, the algorithm discarded the femur images 
with prosthesis detected, resulting in 494 images.

Subsequently, the algorithm automatically segmented the 
ROI and cropped the proximal extremity of the femur. Of 
the 494 femur images, the algorithm correctly cropped 498 
images (98.2%); in eight images (1.6%), part of the proximal 
extremity of the femur was cut off, and one image (0.2%) had 
a totally incorrect cropping.

Finally, the algorithm predicted osteoporosis/osteope-
nia disease from the resulting images (without taking into 
account the 13 fractured femurs). Of the 494 cropped images, 
174 were images from femurs with osteoporosis, 220 from 
femurs with osteopenia and 100 femurs without any of these 
diseases (controls). Figure 5 shows the ROC curve obtained 
by the proposed algorithm on the final evaluation set, which 
reached an AUC of 81.0%. To compare the differences with 
the global results, Fig. 5 also shows the previous ROC curve 
obtained from the global test set (AUC of 86.6%).

To further validate these results, three clinicians with 
varying levels of experience were asked to provide a visual 

diagnosis of osteopenia/osteoporosis based solely on the 
radiographs of the 311 images. The resulting sensitivity/
specificity values per femur were 84.3%/31.7% (expert cli-
nician, 24 years of experience), 58.6%/65.0% (attending 
clinician, 2 years of experience), and 33.3%/86.7% (second 
year resident clinician). Figure 5 includes crosses represent-
ing these results for comparison with those obtained by the 
algorithm.

Discussion

This study presents an AI-based tool for osteoporosis/osteo-
penia prediction from hip radiographs, consisting of four 
automated steps: femur division, prosthesis filtering, proxi-
mal femur cropping, and disease classification.

The results obtained in the three preprocessing experi-
ments are outstanding, as evidenced by the high-per-
formance metrics achieved. The classification of input 
images in single or two femurs and the classification of 
femurs in prosthesis or non-prosthesis both achieved an 
accuracy of 99%, demonstrating that the applied learning 
methods are effective to perform automatically the tasks 
of splitting images in femurs and discarding prosthetic 
femurs. The observed errors were primarily associated 
with the presence of small intramedullary nails in pros-
thetic cases, and with atypically rotated images affecting 
femur count estimation. Further improving the model’s 
robustness should involve augmenting the training dataset 
including a greater variety of such edge cases. Addition-
ally, the automatic delineation of the proximal extrem-
ity of the femur obtained an accuracy of 99.2% and a 
Dice coefficient of 95.0%, indicating that the segmenta-
tion methods used are efficient enough to automatically 
delineate this femur region, ensuring a high-quality crop 
of the ROI.

Analyzing the main results for osteoporosis/osteopenia 
prediction, the ROC curve obtained with an AUC of 86.6% 
shows promising potential. Comparisons with similar stud-
ies are difficult, as most existing work focuses on predicting 
osteoporosis risk alone, rather than predicting both osteo-
porosis/osteopenia simultaneously. Among studies on dual 
osteoporosis/osteopenia detection [22–25], they reported 
AUC between 72.6 and 91.0%, using other types of radio-
graphs (lumbar spine, chest, and knees), marginally better 
than our results. Other studies report AUCs for only osteo-
porosis predictions that are in a comparable range to our 
study (between 70 and 97% [16–21]). More specifically, the 
study of S. Kim et al. [18] achieved an AUC of 96% with a 
sensitivity and specificity of 82% and 89% respectively, on 
an internal set of 457 radiographs. With a similar specificity 
(90.7%), the method proposed in our study achieved only a 

Fig. 5   ROC curves obtained by the proposed method for prediction 
of osteoporosis/osteopenia on the final evaluation set images (pur-
ple line) and the global test images (blue line). The crosses indicate 
the results obtained by the expert clinician (red), attending clinician 
(magenta), and resident clinician (cyan)
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57.9% of sensitivity, to predict osteoporosis/osteopenia on 
an internal set of 826 femurs.

Subgroup analysis shows that excluding osteopenia 
cases improves AUC, while excluding osteoporosis cases 
reduces performance, indicating the model is more effective 
at detecting osteoporosis. This aligns with expectations, as 
osteoporotic femurs are more radiographically distinguish-
able from healthy ones, whereas osteopenia represents a sub-
tler, intermediate stage, difficult to detect in X-ray images 
until a substantial amount of bone loss has already occurred 
[45]. Furthermore, the mild demineralization seen in osteo-
penia often overlaps radiographically with normal bone, 
both visually and algorithmically [46]. These subtleties 
limit the ability of AI models to reliably detect osteopenic 
changes, as also suggested in recent deep learning studies 
focused on hip radiographs [16].

Additionally, in the test carried out only on femurs with 
fractures, it can be observed that the results obtained are sig-
nificantly worse, indicating that fractured femurs —whether 
classified as positive or negative for the disease—may intro-
duce confusion to the system. Therefore, it seems reasonable 
to consider excluding this type of femurs in the final tool to 
enhance prediction reliability.

Finally, an analysis of the results obtained on the final 
evaluation set reveals consistency with those on the global 
test set. Classification accuracy for identifying one or two 
femurs and prosthesis femurs reached 100% and 99.3% 
respectively, and 98% of the ROI delineations were cor-
rectly completed. Additionally, the osteoporosis/osteopenia 
prediction showed a ROC curve comparable to the global 
test, with an AUC reduction of 6.3%. Moreover, in this final 
evaluation stage—which mirrors the way the tool would be 
used in real clinical practice—errors can propagate from one 
task to the next, potentially affecting the final osteoporosis 
classification. To mitigate this, the implemented tool gen-
erates a report that includes the femur division, prosthesis 
exclusion (if applicable), and the segmentation mask. This 
transparent reporting allows clinicians to visually inspect the 
intermediate results and identify any anomalies that might 
compromise the reliability of the final prediction (such as 
fracture inclusion). Lastly, the algorithm outperforms all 
three clinicians’ visual inspection across the entire ROC 
curve. Variability among clinicians is expected due to dif-
ferences in experience and the inherent limitations of radio-
graphic diagnosis, particularly given the high prevalence of 
osteopenia, which complicates visual assessment.

From a clinical standpoint, this study supports the 
idea that a tool with the proposed AI methods to predict 
osteoporosis/osteopenia could be highly useful in clini-
cal practice. Categorizing results into five distinct risk 
classes enhances the tool’s adaptability across diverse 
clinical uses, offering a level of stratification not com-
monly explored in other AI-based models for osteoporosis 

detection. This flexibility helps mitigate the impact of cer-
tain misclassifications, while reinforcing that the tool is 
intended solely as a clinical decision support system —not 
as a replacement for clinical judgment or a standalone diag-
nostic solution—. One of the primary applications is triage 
for DXA prioritization, particularly in healthcare settings 
with limited access to bone densitometry. In this approach, 
patients would be prioritized from the highest risk (class 5) 
to the lowest risk (class 1). This selective approach could 
improve the efficiency of osteoporosis screening in settings 
where routine DXA for all at-risk patients is not feasible. A 
second potential application is incidental detection, where 
osteoporosis/osteopenia is identified in patients undergoing 
hip radiography for unrelated indications. In this setting, 
patients classified in higher-risk classes would be strong 
candidates for confirmatory DXA testing to determine 
the need for pharmacological treatment. Each center may 
define which categories to consider high risk, depending 
on cost and DXA availability. Finally, the tool could assist 
clinicians in their diagnosis in general, for example when 
other diagnostic methods, such as DXA, are inaccessible. 
Clinicians could define a risk threshold (class) that best 
aligns with local healthcare priorities, optimizing sensi-
tivity or specificity based on the patient population and 
available treatment resources.

This study presents several strengths. First of all, all 
images were acquired during routine clinical practice by 
different operators using various machines, with no specific 
instructions. This approach closely simulates the future clin-
ical scenario that the final tool will likely encounter. Addi-
tionally, a final evaluation experiment has also been carried 
out to observe how the final tool’s performance would evolve 
across successive tasks. Secondly, unlike most studies, this 
work aims to predict osteopenia in addition to osteoporosis, 
allowing an early-stage prediction of the pathology. Finally, 
all components of the proposed system are fully automated. 
However, the current implementation still relies on manual 
exclusion of cases with hip fractures or low-quality images 
(either before or after reviewing the final report). Despite 
this limitation, the system is designed in a way that facili-
tates future integration into clinical software, with the goal 
of ultimately requiring the operator solely to perform image 
acquisition.

The main limitation of the study lies in the single-center 
design and the robustness of the acquired data. Although 
X-rays from clinical practice were used with different 
machines, a multicenter study encompassing diverse popu-
lations was not conducted. The final evaluation experiment 
was not tested either on an external database or with pro-
spective data, which reduces the reliability of replicating the 
results in other clinical environments. Future work should 
aim to perform external validation through a multicenter 
study.
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In conclusion, the obtained results demonstrate the poten-
tial of the proposed AI methods for the prediction of osteo-
porosis/osteopenia using hip radiographs. This study sug-
gests that a tool with the proposed methods could improve 
the clinical practice in different clinical uses or scenarios. 
However, further multicenter studies are necessary to con-
firm the tool’s reliability and applicability in diverse clinical 
settings.

Acknowledgements  The authors would like to thank all the clinicians 
from Hospital Universitario Ramón y Cajal who participated in this 
study, for their invaluable contributions. In particular, we are especially 
grateful to radiologist Elisa Antolinos Macho and resident Oihane 
Lodeiro Moreno for their contribution to the reader study carried out 
at the request of the reviewers.

Author contributions  The authors of this publication were José Acosta-
Batlle, David Coronado-Gutiérrez,

Javier Soto, Jaime Moujir, Carlos López, Carlos Suevos Ballesteros, 
Mónica Vázquez.

Díaz, María del Prado Orduña Díez, David Fernández, and Javier 
Blázquez Sánchez.

The individual contributions of each author are as follows:
Conceptualization: Javier Blázquez Sánchez, José Acosta-Batlle, 

David. Fernández.
Methodology: David Coronado-Gutiérrez, Carlos López, Javier 

Soto, Jaime Moujir.
Software: Carlos López, David Coronado-Gutiérrez.
Validation: José Acosta-Batlle, Carlos Suevos Ballesteros, Mónica 

Vázquez Díaz, María del Prado Orduña Díez.
Formal analysis: David Coronado-Gutiérrez, Carlos López.
Investigation: José Acosta-Batlle, David Coronado-Gutiérrez, Javier 

Soto, Jaime Moujir.
Resources: Javier Soto, Jaime Moujir, Carlos López, David 

Coronado-Gutiérrez.
Data acquisition: José Acosta-Batlle, Javier Soto, Jaime Moujir.
Data Curation: David Coronado-Gutiérrez, Javier Soto, Jaime 

Moujir.
Writing—Original draft: José Acosta-Batlle, David Coronado-

Gutiérrez, Javier. Soto, Jaime Moujir, Carlos López.
Writing—Review and editing: Carlos Suevos Ballesteros, Mónica 

Vázquez Díaz, María del Prado Orduña Díez, David Fernández, Javier 
Blázquez Sánchez.

Visualization: David Coronado-Gutiérrez, Javier Soto, Jaime 
Moujir.

Supervision: David Fernández, Javier Blázquez Sánchez.
Project Administration: David Coronado-Gutiérrez, Javier Soto.
In addition, all authors approved the final version to publish in this 

journal and agree to be accountable for all aspects of the work.

Data availability  Due to confidentiality agreements, the data support-
ing this study are not available for public access.

Declarations 

Ethics approval and consent to participate  All procedures performed 
in studies involving human participants were in accordance with the 
ethical standards of the institutional and/or national research commit-
tee and with the 1964 Helsinki declaration and its later amendments 
or comparable ethical standards. The institutional review board of 
Hospital Universitario Ramón y Cajal in Madrid (Spain) approved 
this study (code 329–21). Due to the study’s retrospective design, the 
institutional review board waived the need for informed patient consent 
to participate.

Conflict of interest  David Coronado-Gutiérrez, Carlos López, and Da-
vid Fernández are employees of Transmural Biotech S.L. The remain-
ing authors have no conflict of interest.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

	 1.	 Sozen T, Ozisik L, Calik Basaran N. An overview and manage-
ment of osteoporosis. Eur J Rheumatol. 2017;4:46–56.

	 2.	 Salari N, Ghasemi H, Mohammadi L, Behzadi M, Rabieenia 
E, Shohaimi S, et  al. The global prevalence of osteoporosis 
in the world: a comprehensive systematic review and meta-
analysis. J Orthop Surg Res. 2021. https://​doi.​org/​10.​1186/​
s13018-​021-​02772-0.

	 3.	 Salari N, Darvishi N, Bartina Y, Larti M, Kiaei A, Hemmati 
M, et al. Global prevalence of osteoporosis among the world 
older adults: a comprehensive systematic review and meta-
analysis. J Orthop Surg Res. 2021. https://​doi.​org/​10.​1186/​
s13018-​021-​02821-8.

	 4.	 Kanis JA, Odén A, McCloskey EV, Johansson H, Wahl DA, 
Cooper C. A systematic review of hip fracture incidence and prob-
ability of fracture worldwide. Osteoporos Int. 2012;23:2239–56.

	 5.	 Johnell O, Kanis JA. An estimate of the worldwide prevalence and 
disability associated with osteoporotic fractures. Osteoporos Int. 
2006;17:1726–33.

	 6.	 Morri M, Ambrosi E, Chiari P, Orlandi Magli A, Gazineo D, D’ 
Alessandro F, et al. One-year mortality after hip fracture surgery 
and prognostic factors: a prospective cohort study. Sci Rep. 2019. 
https://​doi.​org/​10.​1038/​s41598-​019-​55196-6.

	 7.	 LeBlanc ES, Hillier TA, Pedula KL, Rizzo JH, Cawthon PM, 
Fink HA, et al. Hip fracture and increased short-term but not 
long-term mortality in healthy older women. Arch Intern Med. 
2011;171:1831–7.

	 8.	 Schuit SCE, Van Der Klift M, Weel AEAM, De Laet CEDH, 
Burger H, Seeman E, et al. Fracture incidence and association 
with bone mineral density in elderly men and women: the Rot-
terdam study. Bone. 2004;34:195–202.

	 9.	 El Maghraoui A, Roux C. Dxa scanning in clinical practice. QJM. 
2008;101:605–17.

	10.	 Guglielmi G, Muscarella S, Bazzocchi A. Integrated imaging 
approach to osteoporosis: state-of-the-art review and update. 
Radiographics. 2011;31:1343–64.

	11.	 Curry SJ, Krist AH, Owens DK, Barry MJ, Caughey AB, David-
son KW, et al. Screening for osteoporosis to prevent fractures: 
US preventive services task force recommendation statement. 
JAMA. 2018;319:2521–31.

	12.	 Kanis JA, WHO Study Group. Assessment of fracture risk and 
its application to screening for postmenopausal osteoporosis: 
synopsis of a WHO report. Osteoporos Int. 1994;4:368–81.

	13.	 Tosteson ANA, Melton LJ, Dawson-Hughes B, Baim S, Favus 
MJ, Khosla S, et  al. Cost-effective osteoporosis treatment 

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s13018-021-02772-0
https://doi.org/10.1186/s13018-021-02772-0
https://doi.org/10.1186/s13018-021-02821-8
https://doi.org/10.1186/s13018-021-02821-8
https://doi.org/10.1038/s41598-019-55196-6


424	 Skeletal Radiology (2025) 55:415–424

thresholds: the United States perspective. Osteoporos Int. 
2008;19:437–47.

	14.	 Overman RA, Farley JF, Curtis JR, Zhang J, Gourlay ML, Deal 
CL. DXA utilization between 2006 and 2012 in commercially 
insured younger postmenopausal women. J Clin Densitom. 
2015;18:145–9.

	15.	 Lin C, Tsai DJ, Wang CC, Chao YP, Huang JW, Lin CS, et al. 
Osteoporotic precise screening using chest radiography and arti-
ficial neural network: the OPSCAN randomized controlled trial. 
Radiology. 2024. https://​doi.​org/​10.​1148/​radiol.​231937.

	16.	  Jang R, Choi JH, Kim N, Chang JS, Yoon PW, Kim CH. Pre-
diction of osteoporosis from simple hip radiography using deep 
learning algorithm. Scientific Reports. 2021;11:1–9.

	17.	  Hsieh CI, Zheng K, Lin C, Mei L, Lu L, Li W, et al (2021) Auto-
mated bone mineral density prediction and fracture risk assess-
ment using plain radiographs via deep learning. Nature Commu-
nications. 2021;12:1–9.

	18.	 Kim S, Kim BR, Chae HD, Lee J, Ye SJ, Kim DH, et al. Deep 
radiomics-based approach to the diagnosis of osteoporosis using 
hip radiographs. Radiology: Artificial Intelligence. 2022. https://​
doi.​org/​10.​1148/​ryai.​210212.

	19.	 Chen YP, Chan WP, Zhang HW, Tsai ZR, Peng HC, Huang SW, 
et al. Automated osteoporosis classification and T-score predic-
tion using hip radiographs via deep learning algorithm. Ther Adv 
Musculoskelet Dis. 2024. https://​doi.​org/​10.​1177/​17597​20X24​
12378​72.

	20.	 Yamamoto N, Sukegawa S, Kitamura A, Goto R, Noda T, Nakano 
K, et al. Deep learning for osteoporosis classification using hip 
radiographs and patient clinical covariates. Biomolecules. 
2020;10:1–13.

	21.	 Sapthagirivasan V, Anburajan M. Diagnosis of osteoporosis by 
extraction of trabecular features from hip radiographs using sup-
port vector machine: an investigation panorama with DXA. Com-
put Biol Med. 2013;43:1910–9.

	22.	 Zhang B, Yu K, Ning Z, Wang K, Dong Y, Liu X, et al. Deep 
learning of lumbar spine X-ray for osteopenia and osteoporo-
sis screening: a multicenter retrospective cohort study. Bone. 
2020;140:115561.

	23.	 Sato Y, Yamamoto N, Inagaki N, Iesaki Y, Asamoto T, Suzuki T, 
et al. Deep learning for bone mineral density and T-score predic-
tion from chest x-rays: a multicenter study. Biomedicines. 2022. 
https://​doi.​org/​10.​3390/​biome​dicin​es100​92323.

	24.	 Wani IM, Arora S. Osteoporosis diagnosis in knee X-rays by trans-
fer learning based on convolution neural network. Multimed Tools 
Appl. 2023;82:14193–217.

	25.	 Xie H, Gu C, Zhang W, Zhu J, He J, Huang Z, et al. A few-shot 
learning framework for the diagnosis of osteopenia and osteopo-
rosis using knee X-ray images. J Int Med Res. 2024. https://​doi.​
org/​10.​1177/​03000​60524​12745​76.

	26.	 Mann HB, Whitney DR. On a test of whether one of two random 
variables is stochastically larger than the other. Ann Math Stat. 
1947;18:50–60.

	27.	  F.R.S. KP. X. On the criterion that a given system of deviations 
from the probable in the case of a correlated system of variables 
is such that it can be reasonably supposed to have arisen from ran-
dom sampling. The London, Edinburgh, and Dublin Philosophical 
Magazine and Journal of Science. 1900;50:157–75.

	28.	 White VanGompel EC, Franks P, Robbins JA, Fenton JJ. Inci-
dence and predictors of repeat bone mineral densitometry: a 
longitudinal cohort study. J Gen Intern Med. 2017;32:1090–6.

	29.	 Riancho JA, Peris P, González-Macías J, Pérez-Castrillón JL. 
Guías de práctica clínica en la osteoporosis postmenopáusica, 

glucocorticoidea y del varón (actualización 2022). Rev Osteo-
poros Metab Miner. 2022;14:13–33.

	30.	 Dimai HP. Use of dual-energy X-ray absorptiometry (DXA) for 
diagnosis and fracture risk assessment; WHO-criteria, T- and 
Z-score, and reference databases. Bone. 2017;104:39–43.

	31.	 Yang RS, Tsai KS, Chieng PU, Liu TK. Symmetry of bone min-
eral density at the proximal femur with emphasis on the effect 
of side dominance. Calcif Tissue Int. 1997;61:189–91.

	32.	  He K, Zhang X, Ren S, Sun J. Deep residual learning for 
image recognition. Proceedings of the IEEE Computer Soci-
ety Conference on Computer Vision and Pattern Recognition. 
2016;2016-December:770–8.

	33.	 Deng J, Dong W, Socher R, Li L-J, Kai Li, Li Fei-Fei. "Ima-
geNet: a large-scale hierarchical image database," 2009 IEEE 
Conference on Computer Vision and Pattern Recognition, 
Miami, FL, USA, 2009;248–255. https://​doi.​org/​10.​1109/​CVPR.​
2009.​52068​48.

	34.	 Goodfellow I, Bengio Y, Courville A. 6.2.2.3 Softmax units for 
multinoulli output distributions. Deep Learning. MIT Press; 
2016;180–4. 

	35.	  Kingma DP, Ba JL. Adam: a method for stochastic optimiza-
tion. 3rd International Conference on Learning Representations, 
ICLR 2015 - Conference Track Proceeding. 2014.

	36.	  Ioffe S, Szegedy C. Batch normalization: accelerating deep 
network training by reducing internal covariate shift. 32nd 
International Conference on Machine Learning, ICML 2015. 
2015;1:448–56.

	37.	 Chen LC, Papandreou G, Kokkinos I, Murphy K, Yuille AL. 
Deeplab: semantic image segmentation with deep convolutional 
nets, atrous convolution, and fully connected CRFs. IEEE Trans 
Pattern Anal Mach Intell. 2017;40:834–48.

	38.	  Transmural Biotech – Innovación Tecnológica [Internet]. 
[cited 2025 Feb 26].

	39.	  Simonyan K, Zisserman A. Very deep convolutional networks for 
large-scale image recognition. 3rd International Conference on 
Learning Representations, ICLR 2015 - Conference Track Proceed-
ings. 2014.

	40.	 Ruder S. An overview of gradient descent optimization algorithms. 
2016. [Preprint]. arXiv.  https://​doi.​org/​10.​48550/​arXiv.​1609.​04747

	41.	 Garg M, Kharb S. Dual energy X-ray absorptiometry: pitfalls in 
measurement and interpretation of bone mineral density. Indian J 
Endocrinol Metab. 2013;17:203.

	42.	 Zuiderveld K. Contrast limited adaptive histogram equalization. 
Graphics gems. 1994;474–85.

	43.	  Huang G, Liu Z, Van Der Maaten L, Weinberger KQ. Densely 
connected convolutional networks. Proceedings - 30th IEEE Con-
ference on Computer Vision and Pattern Recognition, CVPR 2017. 
2016;2017-January:2261–9.

	44.	 Dice LR. Measures of the amount of ecologic association between 
species. Ecology. 1945;26:297–302.

	45.	 Messina C, Maffi G, Vitale JA, Ulivieri FM, Guglielmi G, Scon-
fenza LM. Diagnostic imaging of osteoporosis and sarcopenia: a 
narrative review. Quant Imaging Med Surg. 2018;8:86–99.

	46.	 Crim J. Bone radiographs: sometimes overlooked, often difficult to 
read, and still important. Skeletal Radiol. 2024;53:1687–98.

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1148/radiol.231937
https://doi.org/10.1148/ryai.210212
https://doi.org/10.1148/ryai.210212
https://doi.org/10.1177/1759720X241237872
https://doi.org/10.1177/1759720X241237872
https://doi.org/10.3390/biomedicines10092323
https://doi.org/10.1177/03000605241274576
https://doi.org/10.1177/03000605241274576
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.48550/arXiv.1609.04747

	An AI-based pipeline for osteoporosisosteopenia prediction using hip radiographs
	Abstract
	Objective 
	Materials and methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Data collection
	Imaging protocol
	Bone mineral density assessment
	Development of AI model
	Processing pipeline
	Division into two femurs
	Prosthesis detection
	Femur cropping
	OsteoporosisOsteopenia prediction
	Statistical analysis


	Results
	Preprocessing experiments
	OsteoporosisOsteopenia prediction
	Final evaluation results

	Discussion
	Acknowledgements 
	References


