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A B S T R A C T

Objectives: This study aims to predict the volumetric bone mineral density (BMD) distribution from a dual-energy 
X-ray absorptiometry (DXA) scan. By employing machine learning, this study bridges the gap between DXA and 
computed tomography (CT) in terms of volumetric bone assessment, suggesting an approach for a cost-effective 
and low-radiation alternative for bone health evaluation in a three-dimensional (3D) fashion from a two- 
dimensional (2D) scan.
Methods: Data from 34 participants included aligned DXA and CT scans for the proximal femur. Intensity values 
were extracted in Hounsfield units, with 3D information mapped as target variables and 2D information as 
features. Two machine learning models, Extreme Gradient Boosting (XGB) and Gradient-Enhanced Neural 
Network (GENN), were trained using 5-fold cross-validation strategy and show an average registration accuracy 
of 0.89 ± 0.04, assessed thorough structural similarity index measure.
Results: Both models were built to predict the statistics of the 3D structure of the bone from a 2D image. The 
GENN model outperformed XGB, achieving mean absolute percentage errors (MAPE) of 12.98 ± 1.70%, 13.28 ±
2.01%, and 9.63 ± 1.66% for minimum, maximum, and the number of nonzero pixel intensities, respectively. In 
contrast, XGB’s errors exceeded 16% across these metrics. The loss stabilized within 100 epochs, indicating 
model robustness and reliability across diverse test sets.
Conclusions: The proposed GENN framework offers a method for predicting 3D BMD distributions from a 2D-DXA 
scan, rivaling CT-based assessments. This approach reduces costs and radiation exposure, presenting a viable 
solution for personalized bone health evaluation and early osteoporosis diagnosis.

1. Introduction

With the increase in the average age in our society, the prevalence of 
age-related skeletal diseases, such as osteopenia and osteoporosis, has 
significantly increased in parallel with the expansion of elderly popu
lation. Osteoporosis, a condition characterized by decreased bone den
sity and structural deterioration, is one of the leading causes of fractures 
in the elderly population. Osteoporotic fractures, commonly occurring 
in hip, spine, and wrist, often result in severe long-term disabilities [1,
2]. Beyond physical impairments, the fractures affect the quality of life 
with chronic pain and limited mobility even after recovery [3]. 

Furthermore, osteoporotic fractures elevate mortality risk within the 
post-injury period due to complications such as pressure ulcer or pro
longed immobility [4,5]. In particular, hip fractures frequently require 
surgical intervention and are often accompanied by complications or 
secondary fractures within a short period [6,7], often leading to hospital 
readmissions. Considering the substantial medical costs for patients and 
healthcare systems [8–10] alike there is a growing global attention on 
the early diagnosis and treatment of osteoporosis.

The bone mineral density (BMD) measurement is widely recognized 
as the most reliable method for diagnosing osteoporosis and assessing 
fracture risk. In clinical practice, dual-energy X-ray absorptiometry 
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(DXA) is the most preferred technique and is considered the gold stan
dard for osteoporosis diagnosis by the World Health Organization 
(WHO) [11]. DXA is favored for its short examination time, afford
ability, and minimal radiation exposure. However, it has inherent lim
itations from two-dimensional (2D) imaging that cannot fully capture 
the complexities of three-dimensional (3D) bone structures [12,13]. In 
contrast, quantitative computed tomography (QCT) provides examina
tion reflecting volumetric structure of the bone and assesses trabecular 
and cortical bone separately. Despite its precision, QCT is not recom
mended for routine clinical use due to high radiation exposure [12,13]. 
It also requires additional materials for its calibration blocks, known as 
phantoms, adding complexity to the diagnosis procedure. Thus, there 
has been increasing interest in research aimed at utilizing DXA for 
volumetric BMD assessment. These studies focus on the bone density 
evaluation of the spine and femur, which are the primary sites for 
osteoporosis diagnosis.

As part of these efforts to address the shortcomings of current diag
nostic methods, several researchers have proposed reconstructing 3D 
medical images from 2D scans. Common approaches for 3D recon
struction from 2D images are the active shape model (ASM) and the 
statistical shape model (SSM) [14–17] and utilize QCT scans of the 
targeted bones, such as vertebrae or femur, with a set of landmarks to 
create an average 3D femur template model. The projection images of 
this template model are then compared with actual DXA images 
captured from multiple angles and this sequence represents the training 
dataset of the shaping models. Besides, when using convolutional neural 
network (CNN) for reconstruction, digitally reconstructed radiographs 
(DRRs) from computed tomography (CT) scans have been presented 
[18] and represent a replacement for DXA scans from a user-defined 
angle.

As summarized so far, though various approaches have been pro
posed, the current state-of-the-art in the reconstruction of 3D models 
from 2D scans still presents various limitations. First, in the literature 
studies, the scanned images, such as CT and DXA scans, were sourced 
from distinct medical institutes, with each type of scan provided by a 
different facility to form the whole dataset [15,19]. This approach was 
employed to ensure sufficient number of images from each scanning 
device, claimed to help the neural network model to be more robust on 
unseen data. However, this inconsistencies within the dataset could 
rather cause potential instability that affect the model performance since 
various sources are likely to introduce noise and inaccuracy at different 
levels in the dataset, subsequently propagated during the training pro
cess. Moreover, most of these volumetric reconstruction methodologies 
of planar scan, especially when it applies CNN, use graphic processing 
units (GPUs) for the processing operations. Even though GPUs provide 
considerable advantages in deep learning, such as parallel processing 
capabilities and shorter training durations [20,21], there are also 
drawbacks to this modelling approach. The most pointed ones are the 
power consumption and memory resource limits, which result in higher 
operational costs or the limitation of the training dataset size [22,23] 
which, in turn, restricts the feature extraction during training or future 
dataset expansion, potentially leading to the limitation in the model 
performance [24].

According to the background analysis provided so far, this research 
aims to reconstruct the 3D BMD distribution from a DXA scan images 
using an array-based approach. Derived from the assumption that the 
medical scans, either 3D or 2D, from the same patient shall have a 
quantifiable relationship, this study proposes a supervised machine 
learning methodology, based on two models: the Extreme Gradient 
Boosting (XGB) and Gradient-Enhanced Neural Network (GENN). The 
XGB and GENN models are widely used in various research fields for 
their ability to handle structured data and provide insights into complex 
relationships [25], making them particularly advantageous in tasks such 
as diagnostic modeling or outcome prediction [26], such as the one 
undevoured in this research. Both models have been trained considering 
data arrays in terms of spatial coordinates and Hounsfield unit (HU) 

data, the latter relevant to the BMD of each specific pixel in the 2D image 
and voxel in the 3D scan, respectively. To achieve parallel alignment 
between the 2D and 3D models of the femur bone, a registration algo
rithm was developed to minimize the error between DXA scans and the 
2D projection of CT scans. The results show that the GENN model, 
thanks to the addition of gradients in the backpropagation, allows for a 
more robust and precise modeling for the 2D to 3D mapping scenario at 
hand, with average deviations equal to 12.43%, in contract to those of 
16.96% of the XGB model. In this regard, the shallow width and 
extensive length of the database is seen to behave as a time series rather 
than a scalar database, justifying the better performance of the GENN 
algorithm to the XGB model. Collectively, the proposed approach was 
able to predict the statistics of the volumetric model of femur from the 
planar images, suggesting a novel way of evaluating the physical 
properties of the bones.

2. Methods

2.1. Subjects and data acquisition

The image database for this study included 34 patients (28 females 
and 6 males) with a mean age of 76.57 ± 8.38 years [range: 55–88 
years], collected by Ajou University Hospital (Suwon, Korea) between 
December 2019 and May 2021 (IRB: AJIRB-MED-MDB-21-299). The 
study participants were excluded if they had a skeletal disease other 
than osteoporosis, as well as a femur implants and prosthesis, or if they 
had a history of hip fractures on at least one side of lower limbs. DXA 
scans were performed using Lunar Prodigy scanner (GE Healthcare) 
whereas CT scans were acquired using the SOMATOM Definition Edge 
(Siemens Healthineers, Forchheim, Germany). The region of interest 
(ROI) was set-up to include proximal femur of a single side for DXA scan, 
while that of CT scans comprised both femurs, placing the most proximal 
slice aligned with L4 of lumbar spine and the most distal slice below the 
distal femurs, with a matrix size of 512 × 512. All CT scans included in 
this study were non-contrast to avoid artificial enhancement of 
anatomical structures and the potential confounding of attenuation 
measurements. Due to the privacy concern, the dataset is not publicly 
available.

2.2. Segmentation and registration

The high-resolution in the images acquired by DXA and CT scans 
causes computationally intensive transformations and significantly long 
training times when deep learning models are used [27,28]. Addition
ally, the DXA scanning area was focused on the femoral joint. These 
being the case, the ROI was restricted to specific representative crop 
encompassing the proximal femur within the entire scanned domain. 
The cropping direction, whether left or right, was aligned with that of 
the DXA image. Femur segmentation from the DXA images was per
formed using the contour and auxiliary lines which divide major 
anatomical landmarks of femur, including femoral head, femoral neck, 
and intertrochanteric area. For the cropped CT images, bone segmen
tation was proceeded by applying the HU as a pixel intensity threshold. 
Given that HU are directly related to the density of matter, they were 
chosen as the representative metric for BMD in this research. The overall 
procedure of image segmentation is illustrated in Fig. 1.

After segmentation, point clouds were generated with nodes con
taining the coordinates and intensities of non-zero intensity pixels from 
both DXA and CT scans. Thereafter, the CT-based point cloud was 
refined using the open-source software MeshLab (Version 2013.12) for 
3D mesh processing to isolate the femur region. The node coordinates 
and intensities of the point clouds were recorded in CSV files to enable 
matrix computations. The matrices computations were performed to 
align the positions of DXA- and CT-based point clouds. Since the dataset 
was obtained from two different devices, the coordinate systems of the 
image data were not inherently uniform. Therefore, it was necessary to 
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align the two coordinate systems through image registration [29] to 
ensure that the same body parts of a given subject were positioned 
within the same pixel coordinates. To achieve the alignment, similarity 
transformation was applied to the point clouds, incorporating trans
lation, rotation, and scaling [30,31]. The structural similarity index 
measure (SSIM) was used as the evaluation metric for the image regis
tration [32]. Due to the inconsistency of dimension, SSIM was computed 
between DXA scan image and the projection image of CT scan-based 
volume. As a result of the registration, the SSIM between the femur 

DXA and CT image projections for the same patient was 0.89 ± 0.039. 
Figure 2A–E illustrate the difference between before and after the 
registration of point clouds based on the DXA and CT images. The top 
row depicts the location of point clouds in the pre-registration state and 
the post-registration state at the bottom row.

After the registration between the DXA- and CT-based point clouds, 
the coordinate and intensity of every node consisting the clouds were 
exported in CSV files for database composition.

Fig. 1. Femur segmentation from DXA and CT scan images. (A) DXA scan segmentation (B) CT scans segmentation. DXA, dual-energy X-ray absorptiometry; CT, 
computed tomography.

Fig. 2. The pre- and post-registration state of point clouds. The coordinate system inconsistency before the registration (A) top view (B) front view, and the point 
clouds alignment of post-registration. (C) Top view (D) front view (E) side view. DXA, dual-energy X-ray absorptiometry; CT, computed tomography.
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2.3. Extreme gradient boosting (XGB) regression model

The extreme gradient boosting (XGB) is an advanced implementation 
of the gradient boosted decision tree and random forest algorithms. The 
XGB model is grounded on the gradient boosting (GB) algorithm that 
uses the multiple weak learning models combined sequentially. It is 
trained to improve its predictive performance by correcting the errors of 
the previous iteration by optimizing the weights of the model. The XGB 
is the parallelized model of GB, improving the computation time 
significantly and widely employed for various regression and classifi
cation problems due to its scalability and versatility [33]. It is developed 
based on multiple classification and regression tree repeatedly updated 
to reduce an objective function.

The specific equation used for ensemble formation is written as Eq. 
(1) utilizing K-trees, and the objective function (obj) in Eq. (2) is driven 
by both the loss function (l) defined as the mean square error (MSE) and 
regularization (ω) terms that prevent overfitting in the training process. 
The regularization function is formulated as in Eq. (3), where w is the 
vector of the scores of the leaves and T is the total number of trees, scaled 
by the parameter γ. The objective function for the t-step can be simpli
fied as in Eq. (3), applying the definition of MSE in the loss function and 
the Taylor expansion up to the second order. 

ŷi =
∑K

k=1
fk(xi), fk ϵ r (1) 
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∑n

i=1
l(yi, ŷi

(t)
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The parameter f in the equations can be found during the training 
process; however, some hyperparameters such as T, γ, and w must be 
defined before beginning the training process. Several researchers found 
that hyperparameter values greatly impact the model performance [34,
35]. Therefore, optimal hyperparameters should be found through the 
hyperparameter tuning. The most common methods to optimize 
hyperparameters are grid search, random search, and Bayesian optimi
zation. Considering its simplicity, the grid search method was applied in 
this study.

2.4. Gradient enhanced neural network (GENN) regression model

An artificial neural network (ANN) is a system that mimics how 
humans learn by identifying patterns in data. It receives inputs, multi
plies them by weights, which determine the importance of each input, 
sums them up, and passes the result through the objective function to 
generate an output. It has the structure in which learning takes place by 
applying the transfer function to the sum of the weighted input values. 
The network is made up of layers: input layers receive the data, hidden 
layers process it, and the output layer produces the result.

A deep neural network (DNN) is a model that has multiple hidden 
layers between the input and output layers. A complex nonlinear map
ping is implemented from the input to the output by the neurons of the 
network. DNNs are capable of interpreting complex data, such as 
recognizing objects in images or understanding natural language. The 
output of every neuron is sent to the following layer, in which it is 
multiplied by the weight of each neuron and added to the bias. This 
results in the execution of several nonlinear operations through the so- 
called activation functions. In this study, the neural network assumed 
rectified linear unit (ReLu) activation function for a generic input fea
tures’ vector x, defined as in Eq. (4). 

hi =ReLu(Wix+bi) where x= [x1, x2,…, xn] ∈ Rn (4) 

A gradient enhanced neural network (GENN) is a type of neural 
network that incorporates gradient information into the training process 
to enhance the model performance. The gradient is a mathematical 
concept that shows how much the function output changes as the input 
changes. In a normal neural network, the goal of the model is to 
approximate a function fθ(x), where x is the input and θ are the pa
rameters, which are weights and biases of the network. The model 
predicts outputs fθ(x), and training is proceeded in the way that mini
mizes a loss function that measures the difference between the predic
tion and true values.

In a GENN, the network is trained not only on the error in the pre
dicted function values, but also on the error in the gradients of the 
function. The gradient refers to how the output changes as the input 
changes. For a given input x, the output is fθ(x), and the gradient of this 
function with respect to the input x is written as Eq. (5). 

∇xfθ =
∂fθ(x)

∂x1
,
∂fθ(x)

∂x2
,…,

∂fθ(x)
∂xn

(5) 

The gradient information is included in the loss function of a GENN. 
The extended loss function L(θ) could be expressed as Eq. (6). In Eq. (6), 
fθ(x) is the predicted output, y as the true value, g(x) the true gradient at 
point x, and λ is a weight balancing the importance of the gradient term. 

L(θ) =
1
N

∑N

i=1

(
(fθ(xi) − yi)

2
+ λ‖∇xfθ(xi) − g(xi)‖

2) (6) 

The forward DNN employed in this study is defined between the 
input layers and output layers as depicted in Fig. 3, including the pre- 
backpropagation parts of the network based on the defined PDEs and 
relevant loss function.

Using Eqs. (4) and (5), the weights and biases for each layer are 
allocated at random for the first epoch, which enabled the estimation of 
the initial set of model predictions. The first and second-order partial 
derivatives of the model predictions to the input features are then 
computed, which could be formalized as Eqs. (7) and (8). 

∂F(x)
∂X2D

=∇X2DF(x) ;
∂F(x)
∂Y2D
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= ∇I2DF(x) (7) 

∂2F(x)
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∂2F(x)
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2 =∇Y2D

(
∂F(x)
∂Y2D

)

;
∂2F(x)
∂I2D

2 =∇I2D

(
∂F(x)
∂I2D

)

(8) 

2.5. Models’ training and validation

In this study, XGB and GENN models were used to build the machine 
learning model that predict the statistics of CT-based 3D model from 
DXA image. The model inputs were pixels’ 2D coordinates and in
tensities from the DXA image-based point cloud, and the output vari
ables were average, nonzero minimum, maximum, and the number of 
nonzero-pixel values of the intensity of pixels from the CT image- 
based point cloud. The four output variables were computed among 
the pixels aligned along the same 2D pixel coordinates. The evaluation 
metric employed for both neural networks was the mean absolute per
centage error (MAPE), which measures the prediction accuracy of the 
model by quantifying the relative error between the actual and predicted 
values. It provides an intuitive interpretation of the model performance 
in terms of percentage error. This makes it suitable especially for 
comparing model performance across various target variables. While 
metrics like root mean squared error or coefficient of determination are 
also useful, they do not offer the same convenience of interpretation for 
relative error, being not robust to outliers compared to MAPE. Both 
models included 5-fold cross-validation to ensure sufficient data for both 
training and validation. A randomly selected 80% of the database was 
employed for the training and the remaining 20% for the validation.

As the optimization of hyperparameters can affect the performance 
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of GB model, the modification of learning rate is also one of the methods 
that assist finding the optimal solution of neural networks. The learning 
rate works as a coefficient for the gradient to change the weights in 
smaller steps. The high learning rate could make a big change in the 
weights in relatively less steps, but meanwhile it could overshoot to the 
local minima. On the other hand, too small learning rate might prolong 
the training process. To find the most advantageous value, it is 

recommended to start with high learning rate and gradually reduce until 
the weight reaches the minimum. For the neural network employed in 
this study, the percentage error showed the tendency of convergence 
when the learning rate was 0.0001, as it was depicted in Fig. 4. Corre
spondingly, the learning rate was set as 0.0001 for the GENN model.

Fig. 3. The structure of gradient-enhanced neural network (GENN) used in the research. MSE, mean squared error.

Fig. 4. Percentage error variance depending on learning rates when set as 0.1, 0.0001, and 0.00001.
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3. Results

The proposed model architectures were validated by comparing the 
different subsets of the entire dataset against the CT scan images through 
k-fold cross validations, serving as the ground truth using the MAPE for 
each patient. With the XGB model, the MAPE of target variables was as 
follows: 16.28 ± 1.31%, 16.90 ± 1.17%, and 17.64 ± 2.55% for mini
mum, maximum, and the number of nonzero-pixel values in terms of 
pixel intensity, respectively. On the other hand, when the GENN model 
was employed, a significant change was observed with the predictive 
performance of the model. The MAPE of the neural network model was 
12.98 ± 1.70%, 13.28 ± 2.01%, and 9.63 ± 1.66% for each target 
variable. The error deviation of both models was less than around 5% 
throughout the folds, showing the stability of the models and balance of 
the database. Figure 5A shows the comparison of the validation errors 
between the XGB and GENN models. As demonstrated, the MAPE of all 
the target variables were significantly lower with GENN model (P <
0.05) compared to the XGB model.

In addition, the total loss of the neural network model stabilized 
within 100 epochs. The inclination of each fold towards convergence is 
seen in Fig. 5B. The figure depicts that the five folds had a similar ten
dency of convergence with the subtle differences in the loss gradient 
value during cross-validation. The consistency across the folds implies 
that the model is robust enough to generalize well to various subsets of 
the dataset, ensuring reliable prediction performance. In addition, this 
also shows that the training dataset is uniform, without outliers.

As part of the model evaluation process, the prediction results using 
XGB and GENN at random five points of the femur point clouds were 
analyzed. The points were chosen from the key landmarks on the femur, 
including the femoral head, neck, trochanteric area, and the shaft. The 
specific position of the points at each point cloud are shown in Fig. 6, 
and the prediction results of the models were tabulated in Table 1. 
Although the range of MAPE in each point varies even when the same 
model was employed, the overall value of the metrics was significantly 
(P < 0.05) low within that of GENN.

4. Discussion

This study aimed to predict the 3D distribution of bone density from 
DXA scan images using XGB and GENN machine learning models. The 
pixel intensity from DXA and CT medical scans was used as the repre
senting value of BMD, and the CT-based point cloud, considered the gold 
standard method, was applied as a reference. To maximize the utility of 
volumetric reconstruction of medical scan, the statistics that can assist 
understanding the BMD distributions were chosen as target variables: 
the minimum and maximum value of intensity, and the number of off- 
threshold pixels. The prediction model structure employed the XGB 

and GENN model individually, and the models were both built to work 
using numerical array for memory efficiency.

Both XGB and GENN models predicted the dependent variables with 
a certain level of high accuracy when it was validated against several 
patient cases. The evaluation metrics of all target variables were around 
or lower than 15%, which explains that both XGB and GENN models 
could predict the statistics of 3D pixel intensity from the single DXA 
image up to a certain level of accuracy. Id est, the MAPE of GENN model 
was fairly lower for the same target variables, indicating that the GENN 
model was more suitable for this task. Additionally, the total loss sta
bilized and converged within 100 epochs for all five folds in the cross- 
validation. This fact implies the learning process was consistent when 
the neural network-based model was employed.

The different performances of the XGB and GENN models can be 
explained by their underlying learning paradigms and how they align 
with the target of this study. The XGB, or tree-based methods, undergo 
deterministic learning, focusing on minimizing prediction error through 
the optimization process without explicitly modeling uncertainty. This 
type of learning is proven to be helpful and applied to numerous clas
sifications or regression problems because most issues in the real-world 
follow a structured decision-making process based on certain rules. On 
the other hand, neural network models adopt probabilistic learning 
through various elements, such as randomized data splits or network 
initialization [36,37]. These features allow the model to provide mea
sures of uncertainty by predicting probabilities or distributions. The two 
models employed in the current study, XGB and GENN, were asked to 
make predictions based on medical data; thus, they are required to be 
flexible in handling uncertainty and ambiguity in order to provide the 
outcomes with an associated level of confidence. Taking these factors 
into account, the GENN model was specifically designed to combine 
both deterministic and probabilistic components. The integrative traits 
of the model likely contributed to its superior performance, as evidenced 
by its lower percentage error compared to the XGB model in the current 
study.

To the best of our knowledge, this is the first study that evaluated the 
ability of machine learning models built from an array-based method to 
predict the current health status of human proximal femur from statis
tics of volumetric models. Thus, in this study, the femoral volume was 
reconstructed from a single planar reference image (eg, DXA), conse
quently making them appropriate for subject-specific examination of 
volumetric BMD distribution, such as the one extract ed from a CT scan. 
In this regard, previous studies proposed the method of subject-specific 
local BMD evaluation [19,38] using mathematical equations and linear 
regression analysis to compute the volumetric BMD from the DXA scans. 
However, although regression algorithms have proven their usefulness 
in local BMD assessment, the statistical methods cannot fully reflect the 
geometrical information of bone microarchitecture. Since the structure 

Fig. 5. (A) Validation error comparison between XGB and GENN model (B) loss gradient of GENN model. XGB, extreme gradient boosting; GENN, gradient-enhanced 
neural network.
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of the microarchitecture associated with the fracture risk is not in a 
regular form but rather uneven, the absence of geometrical data could 
cause the potential uncertainty in the computed result.

The XGB and GENN models were provided the data within similar 
locations by relating the statistical information of BMD with corre
sponding coordinates. In addition, the prediction for the partial anatomy 
of the femur was evaluated using the proposed models, with both 
achieving successful results to a certain extent. The XGB model attained 
MAPE of 16.28 ± 1.31%, 16.90 ± 1.17%, and 17.64 ± 2.55% for min
imum, maximum, and the number of nonzero-pixel intensity values, 
respectively, whereas the GENN model achieved MAPE values of 12.98 
± 1.70%, 13.28 ± 2.01%, and 9.63 ± 1.66% for the same target vari
ables. The femoral head, neck, and shaft were chosen as the sites where 
the MAPE was computed individually and considering that the majority 
of osteoporotic fracture occurs in the femoral neck, the methodology 
could be accounted to be helpful in conducting early diagnosis of 
osteoporosis.

Aside from reconstructing a 3D model out of a planar medical scan, 

other studies have proposed using HU values of CT scans to predict BMD 
or T-score for assessment of bone health in terms of bone density [39,
40]. The resultant values are employed as features for fracture risk 
estimation or classification of patients depending on the presence or 
severity of skeletal diseases. However, these studies focus on deriving 
the average value of the whole ROI, such as vertebrae or proximal fe
murs. It inevitably causes overlooking the partial condition of ROI or 
being ineffectual at narrowing down where the vulnerable section might 
be. The present study proposed the methodology of earning the map to 
BMD distribution using structural information, which enables under
standing the local BMD specifically.

Although there are positive results in predicting the 3D distribution 
of four different variables from a DXA scan, especially for the case of the 
GENN model, this research is also limited by several aspects. First, the 
study population was constrained in terms of size and diversity. The 
final dataset consisted of a relatively small number of subjects, which 
resulted from the strict inclusion criteria requiring paired DXA and CT 
scans, absence of fractures or implants, and consistent image quality. In 
addition, due to the retrospective nature of the database, the age range 
of the subjects was mainly between 70 and 80 years old, with a few 
middle-aged participants. The age distribution reflects the population 
most at risk of osteoporosis and related fractures. It aligns with the goal 
of the study, but the model applicability may be limited due to the data 
absence from younger individual. Considering that scan image collec
tion was conducted in a single institution and composed of Korean-only 
data, it can possibly reflect more information about such a group. These 
conditions limiting the data pool suggest that adding more diverse input 
data from different institutions to the dataset could enhance the model 
performance and robustness. Second, the reference 3D bone values were 
expressed in terms of CT-derived HU rather than absolute volumetric 
BMD (mg/cm3, vBMD) or other alternative metrics, because QCT data 
acquisitions were not available in the institutional database. Although 
several studies [41,42] have proposed methods for converting HU-based 
measures into vBMD, the resulting values remain dependent on the 
specific CT scanner settings and acquisition protocols. Accordingly, the 
prediction in this research were maintained at the level of pixel in
tensity, which can be converted to BMD employing scanner-specific 
calibration setting, in terms of regression equation of other established 
conversion approaches. Last, the DXA scans included auxiliary lines 
dividing the anatomical areas, which covered the bone image partially. 
The lines were removed during the preprocessing steps, but there is a 
possibility that the point clouds built based on the processed images 
might have been affected during the procedure.

The present study focused exclusively on the proximal femur, and 
therefore, the trained model is not directly generalizable to other 

Fig. 6. Four examples of the CT-based point clouds. Five points for each model were chosen to validate the models’ performance. The mean absolute percentage 
errors of each target variable for the points were shown in Table 1. CT, computed tomography.

Table 1 
Mean absolute percentage error (MAPE) for each test point, as per Fig. 6.

Point # XGB MAPE [%] GENN MAPE [%]

MIN MAX NZr MIN MAX NZr

A1 7.26 10.25 8.16 16.46 17.26 16.75
A2 13.46 11.05 14.71 17.59 11.23 10.01
A3 11.97 9.04 15.47 14.15 15.77 15.74
A4 15.27 16.55 10.06 13.55 12.18 17.87
A5 14.84 11.84 9.52 14.07 11.54 17.95

B1 10.69 11.66 9.75 16.66 17.01 10.06
B2 8.84 5.43 11.03 12.29 11.93 14.53
B3 15.32 18.22 10.68 16.69 19.19 14.36
B4 14.51 13.98 12.67 15.21 15.46 13.19
B5 11.59 12.83 11.61 13.64 16.86 14.80

C1 12.98 13.19 11.52 17.79 16.65 11.62
C2 5.43 7.69 6.67 14.55 14.26 14.20
C3 9.32 6.41 13.18 11.77 14.76 13.97
C4 11.28 14.35 4.79 18.11 19.29 14.21
C5 12.27 7.29 7.72 13.36 12.21 14.63

D1 11.22 14.44 10.67 16.26 17.01 17.22
D2 12.27 16.91 8.61 15.36 17.41 11.79
D3 11.77 15.41 9.01 12.39 17.56 10.13
D4 10.36 16.94 12.38 16.71 15.62 13.63
D5 12.92 14.07 10.24 17.92 13.18 17.08

XGB, extreme gradient boosting; GENN, gradient-enhanced neural network; 
MIN, minimum intensity; MAX, maximum intensity; NZr, number of nonzero- 
pixel intensity.
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skeletal sites. Applying the approach to alternative regions, such as wrist 
or spine, would require site-specific datasets and at least partial 
retraining of the model, due to the dependence on region-specific pre
processing and registration techniques. Nevertheless, the suggested 
framework is adaptable, and it has the potential to be extended to other 
regions following the suggested methodology with the appropriate 
retraining using location-specific data.

To summarize, the proposed methodology successfully demonstrated 
the feasibility of predicting the volumetric data of human proximal 
femur from a single DXA scan image using machine learning models. It is 
proved that leveraging array-based processing could achieve the results 
up to an acceptable level of prediction accuracy and robustness. Despite 
the strength of the proposed methodologies, the study is still limited by 
the homogeneity of the dataset and the computational simplifications, 
such as uniform spacing among the patients. Future work might be 
developed by expanding the database with more diverse subject pop
ulations and incorporating anatomical details or adaptive image pro
cessing of data to improve model generalization and prediction 
performance. These advancements open the way for refining the models 
to offer personalized and precise bone health assessments, ultimately 
aiding early diagnosis and treatment of osteoporosis.

5. Conclusions

This study successfully demonstrated the feasibility of predicting 
volumetric BMD distribution from DXA scans using machine learning 
models. By employing XGB and GENN, the proposed methodology 
achieved robust predictive accuracy, with GENN outperforming XGB 
across all metrics, which underscored its applicability for tasks that 
imply complex relationships and numerical precisions. Despite these 
advancements, limitations such as dataset homogeneity and potential 
error risk under preprocessing procedure were pointed out, suggesting 
the need for more future research with more diverse and anatomically 
detailed datasets. These findings bridge the gap between DXA and CT by 
offering cost-effective and low-radiation approaches to volumetric bone 
assessment, providing a foundation for advancing personalized bone 
health diagnostics. The research emphasizes the possibility of machine 
learning to improve as clinical instruments for early diagnosis and 
management of osteoporosis.
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