
484  www.e-enm.org

Endocrinol Metab 2025;40:484-497
https://doi.org/10.3803/EnM.2024.2211
pISSN 2093-596X  ·  eISSN 2093-5978

Original
Article

Synthetic Data-Enhanced Classification of Prevalent 
Osteoporotic Fractures Using Dual-Energy X-Ray 
Absorptiometry-Based Geometric and Material Parameters
Luca Quagliato1,*, Jiin Seo1,*, Jiheun Hong1, Taeyong Lee1,2, Yoon-Sok Chung3,4

1Division of Mechanical and Biomedical Engineering, Ewha Womans University; 2Division of Mechanical and Biomedical 
Engineering, Graduate Program in System Health Science and Engineering, Ewha Womans University, Seoul; 3Department of 
Endocrinology and Metabolism, Ajou University School of Medicine, Suwon; 4Ajou Institute on Aging, Ajou University 
Medical Center, Suwon, Korea

Background: Bone fracture risk assessment for osteoporotic patients is essential for implementing early countermeasures and pre-
venting discomfort and hospitalization. Current methodologies, such as Fracture Risk Assessment Tool (FRAX), provide a risk as-
sessment over a 5- to 10-year period rather than evaluating the bone’s current health status.
Methods: The database was collected by Ajou University Medical Center from 2017 to 2021. It included 9,260 patients, aged 55 to 
99, comprising 242 femur fracture (FX) cases and 9,018 non-fracture (NFX) cases. To model the association of the bone’s current 
health status with prevalent FXs, three prediction algorithms—extreme gradient boosting (XGB), support vector machine, and multi-
layer perceptron—were trained using two-dimensional dual-energy X-ray absorptiometry (2D-DXA) analysis results and subsequently 
benchmarked. The XGB classifier, which proved most effective, was then further refined using synthetic data generated by the adap-
tive synthetic oversampler to balance the FX and NFX classes and enhance boundary sharpness for better classification accuracy.
Results: The XGB model trained on raw data demonstrated good prediction capabilities, with an area under the curve (AUC) of 0.78 
and an F1 score of 0.71 on test cases. The inclusion of synthetic data improved classification accuracy in terms of both specificity 
and sensitivity, resulting in an AUC of 0.99 and an F1 score of 0.98.
Conclusion: The proposed methodology demonstrates that current bone health can be assessed through post-processed results from 
2D-DXA analysis. Moreover, it was also shown that synthetic data can help stabilize uneven databases by balancing majority and 
minority classes, thereby significantly improving classification performance. 
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INTRODUCTION

Assessing bone health is crucial for preventing costly medical 
treatments, patient discomfort from immobilization, muscle 
loss, and extended rehabilitation [1,2]. With increasing life ex-
pectancy [3,4] and widespread sedentary lifestyles [5,6], skele-
tal health, particularly in the lower limbs, has emerged as a sig-
nificant concern [7,8]. Effective prevention [9-12] and treatment 
strategies [13-16] are necessary for osteopenia and osteoporosis, 
underscoring the importance of prompt interventions. Tools 
such as Fracture Risk Assessment Tool (FRAX) (World Health 
Organization, Geneva, Switzerland)  have been developed for 
predicting long-term fracture risks [17-19] but fall short in as-
sessing real-time bone health and immediate fracture risk.

Conventional methods for assessing bone health focus on 
bone mineral density (BMD) and patient data, often overlook-
ing the bone geometry information that can be obtained through 
two-dimensional dual-energy X-ray absorptiometry (2D-DXA). 
While computed tomography (CT) enables a detailed analysis 
of bone geometry, it is both expensive and time-consuming. It is 
crucial to implement timely interventions to maintain BMD and 
prevent functional loss, as delays can lead to increased risk of 
complications and costly post-fracture care [20,21]. Techniques 
such as finite element analysis [22] and statistical models 
[23,24] have improved predictions of fracture risk by incorpo-
rating 2D-DXA data.

Machine learning (ML) has revolutionized fracture risk as-
sessment with its superior predictive capabilities. Early studies 
that employed support vector machines (SVMs) with radial ba-
sis function (RBF) kernels achieved accuracy levels of up to 
90% in analyzing hip 2D-DXA scans [25,26]. However, this ac-
curacy decreased to 76.7% when applied to fully Korean co-
horts [27]. Other ML models, such as linear regression, random 
forest, gradient boosting, extreme gradient boosting (XGB) [27-
29], and artificial/deep neural networks [27,28,30], have also 
been utilized to predict BMD. Nonetheless, BMD alone is in-
sufficient for predicting fracture risk, necessitating the incorpo-
ration of additional medical data.

Recent studies have demonstrated the potential of using ex-
panded datasets. For instance, modified gradient boosting algo-
rithms such as CatBoost have outperformed FRAX in predict-
ing bone fragility within a 7.5-year cohort [31]. Additionally, ar-
tificial neural network models have successfully classified os-
teoporotic risk levels into normal, medium, or high categories 
[32], with simpler architectures featuring five hidden layers 
showing superior performance [33]. Despite these advance-

ments, many studies still rely on CT or 2D-DXA image-based 
methods [34], including the use of convolutional neural net-
works [35-37]. These methods often restrict the size of training 
datasets [38-40]. The high computational demands underscore 
the advantages of array-based ML models, which allow efficient 
training on large datasets and enable accurate modeling of com-
plex scenarios [41].

This study addresses these limitations by developing an ML 
algorithm that performs binary classification of osteoporotic 
fracture risk based on 2D-DXA-derived geometry and material 
parameters. The dataset, which includes 9,260 patients from the 
Ajou Cohort (2017–2021, AC_17-21), was initially evaluated 
using three classifiers: XGB [42], SVM [27], and multilayer 
perceptron (MLP) [43]. The XGB algorithm demonstrated su-
perior and more balanced performance. Subsequently, the XGB 
model was employed in conjunction with a balanced dataset 
achieved through ADASYN (Adaptive Synthetic Sampling Ap-
proach for Imbalanced Learning) oversampling [44,45]. This 
method facilitates a rapid and accurate assessment of whether 
the current status of the bone indicates a predisposition for os-
teoporotic fracture, providing physicians with real-time tools to 
assess bone health and implement timely preventive measures.

METHODS

Database composition
The database employed in this research, defined as Ajou Cohort 
2017–2021 (AC_17-21), is based on a retrospective dataset of 
2D-DXA scans of 9,260 patients, approximately 90% female 
and 10% male, with a mean age of 64.12±8.96 years (range, 50 
to 99). To minimize potential confounding biases related to 
medication, only subjects who had discontinued bone health-re-
lated medications for at least 3 months were included. Addition-
ally, environmental factors such as smoking habits, exercise 
patterns, and lifestyle were considered in the analysis. Among 
the 9,260 scans, 242 were from patients who sustained a frac-
ture in the femur, specifically between the middle of the shaft 
and the head. The remaining scans were from patients who did 
not experience any fractures and underwent 2D-DXA as a pre-
ventive measure. For those with fractures, the 2D-DXA scans 
were performed post-fracture. Importantly, no patients had data 
that belonged to both the fracture (FX) and non-fracture (NFX) 
categories, referred to here as those with prevalent fractures. 
The FX category also included patients who either had a history 
of osteoporotic fractures or were diagnosed with osteoporosis at 
the time of the DXA examination. Conversely, patients with no 
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fractures or history of osteoporotic fractures at the time of ex-
amination were classified into the NFX category. Due to the 
privacy concerns, the dataset is not publicly available.

The data used to create the training dataset for the ML models 
were collected during a predefined observation period, with no 
further follow-up information available beyond this timeframe. 
As the data are limited to this specific period, any health events, 
such as fractures or changes in bone health that occurred after 
the data collection ended, are considered unobserved. There-
fore, any outcomes that happened after this observation period 
are unknown, constituting censored data. Additionally, since the 
dataset was compiled by the hospital, details about patient drop-
out or missed follow-ups during the data collection phase were 
not accessible.

All patient examinations were conducted using the Prodigy 
BMD machine (GE Healthcare, Madison, WI, USA) at Ajou 
University Hospital in Suwon, South Korea. The data were then 
post-processed using the advanced hip assessment (AHA) soft-
ware provided by the GE Lunar Company’s Seoul, Korea branch. 
The resulting database comprises 22 scalar values, as shown in 
Fig. 1, and a binary output (FX or NFX). Although the sex of the 
patients was recorded, it was not included as a feature in the 
analysis. Due to its binary nature, representing sex would require 
conversion to a 0/1 or –1/1 format, as it is categorical data. To 
prevent overfitting issues that could arise from including a binary 

feature, the analysis was limited to bone-related features and pa-
rameters.

As shown in Table 1, the mean values and standard deviations 
for many of the 22 features are remarkably similar, suggesting 
the need to employ synthetic data to balance the classes and 
thus sharpen their reciprocal boundaries.

The data collection for this study received approval from the 
Institutional Review Board of Ajou University Hospital (Ap-
proval number: AJOUIRB-MDB-2021-299). No direct experi-
ments were conducted on patients; instead, the raw data used in 
this research were derived from medical examinations per-
formed in accordance with applicable guidelines and regula-
tions. Informed consent was obtained from all participants or 
their legal guardians. Details of the modeling process described 
in subsequent sections of this paper are included in the supple-
mentary material provided with this study.

Prevalent fracture risk modeling 
The AC_17-21 database was used to train three supervised ML 
classifiers: XGB, SVM, and MLP. The training dataset, derived 
from the results of post-processed 2D-DXA scans and referred 
to as RAW DB, included 242 FX cases and an equal number of 
randomly selected NFX cases. No synthetic data was introduced 
into RAW DB, and the classes were balanced by limiting the 
size of the NFX class to match that of the FX class. Random 

Fig. 1. Definition for the parameters in the Ajou Cohort 2017 to 2021 (AC_17-21) database is shown. XGB, extreme gradient boosting.
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sampling was conducted without explicit stratification for de-
mographic variables. However, during the resampling process, 
the distribution of key demographic characteristics such as age 
and body mass index (BMI) between the FX and NFX classes 
was checked to ensure representativeness. All three models—
XGB, SVM, and MLP—were trained using the same database, 
which consisted of 22 scalar features and one binary output 
variable, either FX or NFX. Of the 484 cases, 30 were set aside 
as a test set, while the remaining 454 were divided into 90% for 
training and 10% for validation using a k=5 cross-validation 
method. The 30 test cases were not used at any stage of the 

training process and served as a real benchmark scenario.
To identify the best-performing hyperparameters for each 

model, the GridSearch method was employed. This approach 
involved systematically evaluating various combinations of hy-
perparameters to select the configuration that maximized per-
formance metrics on the validation set. 

Afterward, the ADASYN technique was applied to the entire 
database of 9,260 2D-DXA cases and used to train the XGB 
classifier, which demonstrated the best balance of area under the 
curve (AUC) and F1 scores across validation and test sets. Us-
ing ADASYN, synthetic data was generated to increase the size 
of the minority class (FX) until it equaled that of the majority 
class (NFX), thus balancing the dataset between the classes. To 
investigate further the impact of specific features from the 2D-
DXA scans, the ADASYN-balanced database was divided into 
two sub-models: geometry-based features (sub-model #1) and 
material-based features (sub-model #2). Each sub-model associ-
ated the output class (FX or NFX) with a distinct set of features, 
aiming to determine which feature set most significantly influ-
enced the prediction of osteoporotic fracture risk.

Supervised learning classifiers 
In this study, we employed two well-established classifier archi-
tectures and one relatively new model to predict fracture risk 
associated with osteopenia and osteoporosis, using data from 
2D-DXA scans. We provide a brief theoretical background for 
the three models used: XGB [3,4], SVM, and MLP. Equation (1) 
shows the XGB model objective function where each new tree 
fm (x) aims at reducing the difference between predicted (ŷi) and 
true (yi) values and Ω (f) is the regularization term that penalizes 
complexity.

 						      (1)

Considering a generic t-iteration, a new tree is added to the 
existing structure, resulting in Equation (2) where the indicator 
function is 1 if the input feature x belongs to the j-leaf in the t-
tree and 0 if otherwise.

 				�     (2)

For hyperparameter optimization, colsample by tree (col), 
(0.7, 0.8, 0.9, 1.0), gamma (γ), (0.0, 0.1, 0.2), learning rate (η), 
(0.1, 0.2, 0.3), and max depth (mdep), (10, 11, 12, 13), were 
considered. The col parameter controls the fraction of features 
to consider when constructing each tree, γ is the minimum loss 
reduction required to make a further partition on a leaf node of 
the tree, η refers to the contribution of each tree to the final pre-

Table 1. Mean Values and Standard Deviations for the 21 Pre-
dictor Variables in the AC_17-21 Database

Parameter NFX FX

Age, yr 63.83±8.78 69.67±9.72

BMI, kg/m2 24.12±3.49 24.08±3.55

HAL, mm 101.85±6.61 102.19±7.75

Strength index 1.55±0.35 1.58±0.38

Buckling ratio 3.77±1.41 3.89±1.53

Section modulus, MPa 453.44±115.82 462.17±131.67

CSMI (×103), mm4 7.44±2.37 7.71±2.68

CSA, mm2 114.42±20.93 115.44±24.18

d1, mm 15.12±2.88 14.74±3.10

d2, mm 47.66±4.45 47.30±4.80

d3, mm 31.19±2.36 31.50±2.62

y, mm 16.27±1.55 16.50±1.72

Alpha, ° –0.13±1.98 –0.12±2.17

Theta, ° 124.51±3.40 124.65±5.06

Cortical width at the neck, mm 4.85±1.66 4.82±1.73

Cortical ratio at the neck, mm 16.86±5.67 16.60±5.89

Cortical width at the calcar, mm 3.53±1.21 3.60±1.36

Cortical ratio at the calcar, % 6.99±2.26 7.03±2.40

Cortical width at the shaft, % 4.80±1.02 4.80±1.20

Cortical ratio at the shaft, % 16.62±3.29 16.45±3.53

Neck BMD, g/cm3 0.79±0.12 0.77±0.14

Total BMD, g/cm3 0.84±0.14 0.84±0.15

Values are expressed as mean±standard deviation.
NFX, non-fracture; FX, fracture; BMI, body mass index; HAL, hip axis 
length; CSMI, cross-sectional moment of inertia; CSA, cross-sectional 
area; d1, distance from the femoral head center to section of minimum 
CSMI along neck axis; d2, distance along the neck axis from the center 
of the femoral head to the neck/shaft axis intersection; d3, average di-
ameter of the femoral neck; y, distance from the center of mass to the 
superior neck margin; alpha, angle of shaft axis to the vertical axis; the-
ta, shaft-neck angle; BMD, bone mineral density.
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(6), where h(l) is the activation of the l-layer, W(l) the weight ma-
trix, b(l) the bias vector, and σ the activation function.

 					�      (6)

The activation function was considered as a hyperparameter, 
and the three formulations included in Equation (7)—namely 
rectified linear unit (ReLU), tanh, and logistic—were consid-
ered during the tuning process. Due to the nature of the binary 
classification problem at hand, the binary cross-entropy func-
tion of Equation (8) was considered.

 			�    (7)

 				�     (8)

In addition, adaptive moment estimation (adam) and stochas-
tic gradient descent (sgd) as solvers, the learning rate (constant 
and adaptive), and the maximum number of iterations (max_
iter) (500, 1,000, and 5,000) were considered. For the constant 
learning rate, we tested levels of 0.001, 0.01, and 0.1. For the 
adaptive learning rate, initial values were set at 0.01 and 0.1. 
Additionally, the maximum number of iterations (max_iter) was 
set at 500, 1,000, and 5,000. To manage computational demands 
effectively, only two network configurations were included in 
the tuning process: (22, 50, 100, 150, 200, 150, 100, 50, 1) and 
(22, 100, 100, 100, 100, 100, 100, 100, 100, 1).

ADASYN oversampler
To improve the classification capabilities of the XGB algorithm, 
the ADASYN technique was employed. ADASYN was chosen 
for this study because it dynamically adjusts the creation of syn-
thetic samples according to the classification challenges faced 
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Fig. 2. Synthetic data oversampling principle of (A) the adaptive synthetic (ADASYN) sampling technique and (B) example of the synthetic 
data generation and resulting improved balance in binary classification cases. The dataset was enhanced using sampling techniques and vali-
dated for improvement of balance between classes. KNN, k-nearest neighbors algorithm.
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diction and influences the step size during the gradient descent 
optimization process, and mdep specifies the depth of each tree 
in the ensemble. The tree-based architecture inherently captures 
complex feature interactions and non-linear relationships, which 
are crucial for distinguishing subtle differences in fracture-relat-
ed features. Additionally, it can handle imbalanced data through 
an integrated weighting mechanism that prioritizes the learning 
of minority classes.

For the SVM model, the decision function is defined in Equa-
tion (3) where w·x+b=0 is the equation of the hyperplane that 
delineates the classes’ separation, defined by the weight vector 
(w) and the bias (b). In this scenario, the objective function is 
defined in Equation (4) and aims at norm w, while the regular-
ization parameter C controls the trade-off between maximizing 
the margin and minimizing the classification error. 

  					�      (3)

 				�     (4)

To map the input features from the database into the higher-
dimensional space where the hyperplane is defined, the kernel 
function shown in Equation (5) was employed and both linear 
and RBF kernels were considered during the tuning process. 
For the SVM classifier, C, kernel type (linear and RBF), and the 
γ parameter of the RBF kernel were tuned.

 				�     (5)

The third considered model, MLP, is defined as a feedforward 
artificial neural network, defined by an input layer with a size 
equal to the number of features, an L number of layers, and an 
output layer with a tunable neuron size, as shown in Equation 
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by minority class instances, with a particular focus on areas near 
class boundaries. In contrast, methods like synthetic minority 
oversampling technique (SMOTE) implement uniform overs-
ampling for all minority samples, potentially resulting in the 
production of redundant or less informative data [46].

The ADASYN algorithm [47] considers the distributions of 
both majority and minority classes and focuses on adding syn-
thetic data near the class boundaries. Initially, the density distri-
bution used to generate synthetic data is calculated, taking into 
account the class imbalance di (Fig. 2A), as shown in Equation 
(9).

  					     � (9)

Afterward, the synthetic points are generated considering one 
minority instance at the time and one of the k-nearest neighbors 
of x1, represented by the green circles in Fig. 2A, as in Equation 
(10). The number of synthetic samples is chosen by the user. In 
this research, it was set to match the size of the majority (NFX) 
class.

 						�       (10)

According to this rationale, the synthetic data points generat-
ed by the ADASYN algorithm do not introduce any new infor-
mation beyond what is already present in the raw data features. 
However, they do facilitate clearer classification at the boundar-
ies between classes, as illustrated in Fig. 2B. Specifically, the 
increased number of data points at these boundaries enables the 
classifier algorithm to more effectively learn and determine 
which combinations of features correspond to each of the two 
or more output classes. This enhancement in boundary defini-
tion leads to improved classification accuracy, measurable in 
terms of both specificity and sensitivity. In this research, most 
of the predictors used follow a Gaussian distribution. Conse-
quently, as demonstrated in the ‘Results’ section, the ADASYN 
oversampling technique yielded excellent performance on the 
AC_17-21 database.

RESULTS

Fracture risk modeling performances on RAW DB
First, as shown in Fig. 3A, the pre-conditioned AC_17-21 data-
base exhibits a strong correlation among its features, including 
both proportional and inversely proportional relationships. 
However, the correlation between the output class (FX/NFX) 
and the input features is relatively lower, highlighting the com-
plexity of the modeling when only the ‘RAW’ database is used, 

without the addition of synthetic data. Regarding the training 
process, the XGB, SVM, and MLP models were trained, tuned, 
and subsequently benchmarked. A dataset of 484 cases, evenly 
split between 50% FX and 50% NFX cases, was utilized for all 
three models, with no synthetic data included.

For all three models, tuning was conducted using the Grid-
Search algorithm, exploring a total of 720, 1,160, and 1,080 pa-
rameter combinations for each of the k=5 folds in the cross-val-
idation process. The optimal hyperparameters identified were as 
follows: for XGB, col=0.8, γ=0.1, η=0.1, and mdep=12; for 
SVM, C=0.1, γ=1, and kernel=linear; for MLP, the activation 
function was ReLU, α=0.1, the learning rate type is adaptive, 
η0=0.1, max_iter=500, and the solver was sgd. The architecture 
of the layers was configured as 22, 50, 100, 150, 200, 150, 100, 
50, 1.

The shapley additive explanations (SHAP) feature analysis, 
as shown in Fig. 3B, represents the average derived from k=5 
folds, normalized from 0 to 1. It identified age as the most influ-
ential parameter, a finding that is also highlighted in the correla-
tion heatmap of Fig. 3A. After age, BMI was identified as an-
other critical factor, commonly used alongside age in existing 
algorithms for assessing fracture risk, such as FRAX® [17-19]. 
Regarding the receiver operating characteristic (ROC) curve 
and AUC, both XGB (Fig. 3C) and SVM (Fig. 3D) demonstrat-
ed promising performance across both validation and test sets. 
The XGB model exhibited a more balanced performance, with 
AUCs of 0.78 and 0.77, respectively. In contrast, the SVM mod-
el showed slightly higher accuracy on the test set than on the 
validation set, with AUCs of 0.74 and 0.8, respectively.

This is particularly interesting when examining the confusion 
matrices, which indicate flawless training for the XGB model, 
while the SVM model struggles with both false positive (FP) 
and false negative (FN) cases, despite both models undergoing 
similar tuning processes. Regarding the MLP model, as shown 
in Fig. 3E, although it has a higher structural complexity, its 
performance in terms of ROC and AUC is comparable to those 
of XGB and SVM. However, the confusion matrices reveal a 
tendency towards FN overfitting in the MLP model, with an 
FN/FP ratio close to 2, which is suboptimal for fracture risk 
modeling. Additionally, it is important to note that the complete 
training, validation, tuning, and testing phases for the XGB, 
SVM, and MLP models took approximately 45, 345, and 415 
minutes, respectively. Furthermore, as shown in Fig. 3C-E, the 
F1 scores align with the trends of the AUC values, supporting 
the interpretation that XGB outperformed SVM and MLP in 
this dataset.
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Fig. 3. Database without synthetic data (RAW DB) extreme gradient boosting (XGB) model: (A) Correlation heatmap between the output 
class and features and (B) normalized mean absolute shapley additive explanation (SHAP) values for the XGB, support vector machine 
(SVM), and multilayer perceptron (MLP) models. Receiver operating characteristic (ROC) curves and confusion matrices were drawn for 
training, validation, and test sets over 30 repetitions for the (C) XGB, (D) SVM, and (E) MLP models for RAW DB (242 fracture and 242 
non-fracture cases). BMI, body mass index; HAL, hip axis length; CSMI, cross-sectional moment of inertia; CSA, cross-sectional area; d1, 
distance from the femoral head center to section of minimum CSMI along neck axis; d2, distance along the neck axis from the center of the 
femoral head to the neck/shaft axis intersection; d3, average diameter of the femoral neck; y, distance from the center of mass to the superior 
neck margin; alpha, angle of shaft axis to the vertical axis; theta, shaft-neck angle; BMD, bone mineral density; AUC, area under the curve.
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When the results of Fig. 3C-E are analyzed collectively, the 
XGB algorithm demonstrates the most balanced and promising 
performance compared to the other two options investigated. 
However, in the validation and test datasets, the AUC values are 
estimated at 0.78 and 0.77, respectively. These values indicate a 
loss in both specificity and sensitivity compared to the training 
set. This suggests that balancing for the minority class may lead 
to a loss of information, or in other words, that relying solely on 
the 484 RAW cases is insufficient for effective training. To ad-
dress this issue, the entire AC_17-21 database was utilized, and 
balance was achieved by augmenting the majority class with 
synthetic data obtained using the ADASYN method, as detailed 
in the subsequent section.

ADASYN-augmented full-database XGB model 
Considering the relationship between the output class (FX or 
NFX) and the features, the ADASYN method was employed to 
generate synthetic FX data to add to the RAW AC_17-21 data-
base to match the number of NFX cases. These data were sub-
sequently used to train the same XGB model. This was done to 
sharpen the boundary between FX and NFX classes while 
maintaining the majority-minority classes’ reciprocal distribu-
tion throughout the latent space and across features. As shown 
in Fig. 4A, the addition of synthetic data for the minority class 

(FX) revealed the importance of information that was previous-
ly hidden within other features in the dataset, such as ‘cortical 
width of calcar’ and ‘cortical width of shaft.’

It should be noted that the importance plot of features in Fig. 
4A is derived from the tree structure of the XGB algorithm, 
rather than the SHAP function shown in Fig. 3B, and that 
‘AUG’ refers to the XGB model trained with the ADASYN-
augmented data, contraposed to the ‘RAW’ results in Fig. 3C. 
Although the XGB model trained only with raw data was al-
ready effective, the addition of synthetic data to balance the ma-
jority class led to a substantial improvement in its prediction ca-
pability in terms of AUC, sensitivity, and specificity, as shown 
in Fig. 4B. The very high scores across the training, validation, 
and test sets show that the ADASYN-XGB model was properly 
trained and cross-validated. Moreover, the results demonstrate 
robust performance on new data, although the new data inher-
ently shared the same feature distribution as the training and 
validation sets.

ADASYN-augmented database XGB sub-models 
To further investigate the influence of geometry and material 
predictors on training the XGB classifier, two sub-models were 
developed. Both models utilized the same XGB architecture but 
were based on two distinct databases, each augmented using the 

Fig. 4. (A) Feature importance comparison between database without synthetic data (RAW DB) and augmented data (AUG DB) when em-
ployed to train the extreme gradient boosting (XGB) model and (B) receiver operating characteristic (ROC) curves for validation and test 
datasets for the AUG-XGB model together with sensitivity, specificity, and accuracy on training, validation, and test datasets. A ROC curve 
of the augmented database was drawn based on the XGB model (validation set [red] and test set [blue]). BMI, body mass index; HAL, hip 
axis length; CSMI, cross-sectional moment of inertia; CSA, cross-sectional area; d1, distance from the femoral head center to section of 
minimum CSMI along neck axis; d2, distance along the neck axis from the center of the femoral head to the neck/shaft axis intersection; d3, 
average diameter of the femoral neck; y, distance from the center of mass to the superior neck margin; alpha, angle of shaft axis to the verti-
cal axis; theta, shaft-neck angle; BMD, bone mineral density; AUC, area under the curve; TP, true positive; TN, true negative; FP, false posi-
tive; FN, false negative.
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ADASYN scheme prior to training. The raw data for each data-
base included the age and BMI features, which were paired with 
geometry predictors in sub-model #1 and material predictors in 
sub-model #2. 

Sub-model #1 incorporated a range of parameters including 
the hip axis length, strength index, buckling ratio, section modu-
lus, cross-sectional moment of inertia, cross-sectional area, d1, 
d2, d3, and the distance from the center of mass to the superior 
neck margin of the femur. In contrast, sub-model #2 utilized dif-
ferent metrics such as cortical width at the neck, cortical ratio at 
the neck, cortical width at the calcar, cortical ratio at the calcar, 
cortical width at the shaft, cortical ratio at the shaft, the BMD at 
the femur neck, and the average BMD of the femur in the entire 
2D-DXA image analyzed. The shaft-neck angle and shaft axis 
angle were deliberately omitted due to their minimal relevance. 
Correlation heatmaps for both models are shown in Fig. 5A, D. 
The former displays a correlation among variables that is strik-
ingly similar to that observed in the entire database, as indicated 
in Fig. 3A.

However, as reported in Fig. 5D, sub-model #2 did not exhibit 
any inversely proportional relationships among the variables, 
and most of the strong interactions between variables occur di-
agonally across the matrix. The importance of the two features 
suggests a similar interpretation to that provided for the correla-
tion heatmap: sub-model #1 aligns with the trend of the RAW 
database, where the binary classification was predominantly de-
termined by the age feature, as shown in Fig. 3B. In contrast, 
sub-model #2 displayed a markedly different pattern of feature 
importance, focusing more on cortical width at the shaft, while 
age became less significant, as indicated in Fig. 5E. Regarding 
the ROC curves in Fig. 5C, F, both sub-models—utilizing a mix 
of raw and synthetic data with a nearly 1:1 ratio between NFX 
and FX classes—demonstrated high prediction accuracy in 
terms of sensitivity and specificity across training, validation, 
and test sets. However, sub-model #1, which did not include 
data on material properties, exhibited approximately 6% lower 
specificity than sub-model #2. This suggests that sub-model #1 
was more likely to classify borderline cases as positive (FX), 
potentially prioritizing sensitivity over specificity. The heatmaps 
in Fig. 5A, D show that having both positive and negative cor-
relations leads to slightly higher ambiguity in classification. 
This is reflected in sub-model #1’s lower specificity and F1 
score compared to that of sub-model #2. 

At this point, it is clear that geometry alone is insufficient to 
distinguish between FX and NFX classes; it must be combined 
with material-related features to achieve a definitive separation 

between the classes. Conversely, the material-related features 
depicted in Fig. 5D appear to contain sufficient information to 
independently facilitate a successful differentiation between FX 
and NFX cases. In this context, within the AC_17-21 database 
where cases are not categorized by fracture nature, the cortical 
to trabecular thickness ratio emerged as the key determinant, 
surpassing age, which was the top scoring factor in all other 
models, as indicated in Figs. 3B, 5B.

DISCUSSION

Considering the preliminary analysis of the RAW database and 
the model comparisons in Fig. 3, the 2D-DXA database alone 
lacks sufficient data balance for proper differentiation between 
FX and NFX cases. In particular, the XGB model excelled in 
training but showed a significant drop in the validation and test 
datasets, indicating overfitting. Conversely, the SVM model 
maintains relative stability across training, validation, and test 
datasets, but its lower F1 score suggests underfitting, particularly 
in comparison to the XGB model. The MLP model, based on a 
neural network architecture, allows for a high degree of complex-
ity and generalization. However, in this scenario, the complexity 
of the models hampers the identification of feature boundaries, 
resulting in performance that is inferior to that of the XGB model 
[33]. In the case of the XGB model, the strong cross-influence 
between the target variables, the predominance of the age vari-
able, as shown in Fig. 3B, and the relatively low correlation with 
the output class result, as reflected by a modest AUC of 0.77 
when applied to untested data. Interestingly, balancing the dataset 
by randomly selecting NFX cases to match the number of FX 
cases led to varied performances across the three models, despite 
using the same data in all scenarios. Among the three tested for-
mulations, the XGB solution demonstrated the most balanced re-
sults in terms of AUC and F1 scores on validation and test sets. 
Nevertheless, regardless of the model used, the predictions are 
relatively accurate but underscore the critical issue of relying on 
a small database, consisting of 484 cases, which is insufficient to 
model the complex interactions among the 22 features and the 
output classes. 

The XGB algorithm was capable of capturing interactions 
among this set of variables during the training phase; however, it 
demonstrated poor extrapolation on both validation and test sets.

To address these challenges, data augmentation was employed 
using the ADASYN scheme. This approach generated synthetic 
data points that preserve the characteristics of the original data, 
based on the reciprocal distribution between the majority (NFX) 
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and minority (FX) classes. In this process, the entire AC_17-21 
database was input into the ADASYN-XGB algorithm, which 
then produced synthetic FX cases to match the number of NFX 
cases. The synthetic data generated by ADASYN were derived 
from the raw data distribution of the majority and minority 
classes and did not introduce any new information to the feature 
distribution. However, their proper distribution in the latent 
space facilitated a balance between NFX and FX cases, particu-
larly at the class boundaries, thereby improving both sensitivity 
and specificity. Employing the entire database and balancing it 
through the ADASYN scheme improved the AUC in both the 
validation and test datasets, even when the test data included 
cases not previously used in any stage of the training or valida-
tion process. While improving the representation of features 
critical for distinguishing between FX and NFX cases, the syn-
thetic data preserve the overall significance of variables in the 
solution. This applied to variables such as cortical width at the 
calcar and cortical width at the shaft, as shown in Fig. 4A. The 
age feature was also emphasized. Thus, as expected, it is likely 
the primary factor influencing fractures, as also considered in 
algorithms such as FRAX [17-19].

The model training in this research is based solely on the in-
teractions of features within the database, without any pre-con-
ditioning to adjust the models’ predictions for specific features. 
Notably, if the ADASYN-XGB model were adjusted for age 
and BMI, its predictions would likely align with those of exist-
ing tools like FRAX, which considers only a limited subset of 
the features examined in this study. Although it is beyond the 
scope of this research, an analysis of how these two features im-
pact accuracy can be found in the supplementary material ac-
companying this paper.

The analysis presented in Fig. 5 underscores the importance 
of distinguishing between geometry and material properties dur-
ing feature selection to improve our understanding of their re-
spective associations with prevalent fractures. Bone geometry 
typically reflects inherited traits, whereas material properties are 
indicative of BMD reduction due to skeletal diseases such as 
osteoporosis or osteopenia. Initially, the relationship between 
features and output classes, as depicted in Fig. 5A, B, D, E, 
showed a marked difference between sub-model #1 and sub-
model #2. The former closely mirrors the combined modeling 
approach presented in Fig. 4, particularly in the feature impor-
tance chart.

As shown in Fig. 5C, F, both sub-models performed remark-
ably well. However, the latter, which incorporated age along 
with material property variables, identified cortical width at the 

shaft as the predominant predictor in distinguishing between FX 
and NFX cases. In contrast, the former closely resembled the 
global modeling approach depicted in Fig. 4A. This observation 
underscores that, despite the well-known susceptibility of femur 
fractures at the neck region—the proximal end and narrowest 
part of the femur—it remains the most critical area for assessing 
potential fracture risks. This finding and the associated analysis 
align with the decision to avoid labeling the data based on the 
nature of the fracture. Consequently, the health of the bone be-
came the sole feature class considered in estimating fracture 
risk. Given this focus, age emerged as the most significant fac-
tor, directly correlating with the overall weakening of the hu-
man body’s musculoskeletal system. 

It should be noted that this study was conducted using only a 
Korean database. Consequently, applying the model to databas-
es from different ethnic backgrounds might yield varying con-
clusions, particularly if these databases are analyzed collective-
ly. Additionally, the DXA data utilized in this research were ex-
clusively sourced from the GE Lunar Prodigy system. There-
fore, the applicability of our findings to other DXA systems has 
not been established and warrants further investigation. More-
over, due to limitations in resources and access, datasets from 
other institutions were not available, potentially introducing ad-
ditional bias. 

In this regard, it is important to remember that the inclusion of 
synthetic data essentially introduces a controlled bias into the 
training process. This approach is based on the implicit assump-
tion that the raw data are consistent and that their distribution 
accurately represents the entire population. This assumption 
limits the generalizability of the model and underscores the need 
for future validation with diverse datasets.

Regarding censored data, it should be noted that the dataset 
used in this research is limited to a specific observation period, 
with no follow-up data available beyond this timeframe. Conse-
quently, any health events, including fractures that occur after 
this period, are considered unobserved events and are not cap-
tured in the dataset. Furthermore, the absence of follow-up data 
and the unavailability of post-study health outcomes highlight 
the need for longer follow-up periods or continuous monitoring 
in future research.

The proposed methodology and the trained ADASYN-XGB 
model can be extended to other databases, provided that the dis-
tribution of features and their relationship with the output class-
es remain relatively constant. However, applying the trained 
model directly to cases involving different ethnicities may pres-
ent limitations. Nevertheless, the ADASYN-XGB model can be 
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integrated with 2D-DXA post-processing software, facilitating 
the direct estimation of a binary fracture risk index associated 
with current bone health. 

The dataset-balancing approach can also be applied to other 
2D-DXA databases that are not specifically related to the femur 
bone. This allows for the expansion of fracture risk prediction to 
other areas of the human body and accommodates different test 
conditions. Furthermore, incorporating multi-institutional datas-
ets in future studies could reduce potential biases, enhance the 
robustness of the research findings, and increase their clinical 
relevance and generalizability.
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