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Abstract: Chronic kidney disease–mineral and bone disorder (CKD-MBD) frequently occurs in
hemodialysis patients and is a common cause of osteoporosis. Regular dual-energy X-ray absorp-
tiometry (DXA) scans are used to monitor these patients, but frequent, cost-effective, and low-dose
alternatives are needed. This study proposes an automatic CKD-MBD assessment model using
histogram equalization and a squeeze-and-excitation block-based residual U-Net (SER-U-Net) with
hand diagnostic radiography for preliminary classification. The process involves enhancing image
contrast with histogram equalization, extracting features with the SE-ResNet model, and segmenting
metacarpal bones using U-Net. Ultimately, a correlation analysis is carried out between the calculated
dual metacarpal cortical percentage (dMCP) and DXA T-scores. The model’s performance was
validated by analyzing clinical data from 30 individuals, achieving a 93.33% accuracy in classifying
bone density compared to DXA results. This automated method provides a rapid, effective tool for
CKD-MBD assessment in clinical settings.

Keywords: chronic kidney disease–mineral bone disorder (CKD-MBD); dual-energy X-ray absorptiometry
(DXA); squeeze-and-excitation block-based residual U-Net (SER-U-Net); dual metacarpal cortical
percentage (dMCP)

1. Introduction

According to statistics, 10% of the global population suffers from chronic kidney
disease (CKD), which has become one of the most prevalent non-communicable diseases
worldwide. In clinical settings, hyperphosphatemia, hypocalcemia, low serum vitamin
D levels, and increased parathyroid hormone levels are common symptoms in patients
with chronic kidney disease. These conditions collectively lead to profound changes in
bone mineral metabolism, renal osteodystrophy, and extraosseous calcification in kidney
disease patients and are directly associated with osteoporosis. This condition is known
as chronic kidney disease–mineral and bone disorder (CKD-MBD) [1,2]. Osteoporosis,
a systemic bone disorder, is characterized by an elevated risk of fractures [3,4]. If there
are changes in bone mineral density (BMD) that go undetected and receive insufficient
early intervention, kidney disease patients face a higher risk of fractures, cardiovascular
events, and mortality [5–7]. On the other hand, recent studies have shown that after distal
radius fracture, the incidence of hip and vertebral fractures increases by 1.51 times and
1.4 times, respectively. Moreover, reduced bone density in the distal forearm is linked to
a higher risk of osteoporotic fractures [8,9]. Thus, evaluating bone density in the forearm
can act as an independent risk factor for predicting future fractures and mortality. This
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underscores the potential clinical utility of forearm BMD assessment. However, such
risk factors are evidently underestimated. Currently, the globally recognized clinical
diagnostic system for osteoporosis is dual-energy X-ray absorptiometry (DXA) [10,11].
DXA, an instrument approved by the World Health Organization (WHO), measures BMD
in different anatomical regions and distinguishes five stages of osteoporosis based on
T-scores. However, DXA primarily measures BMD in the weight-bearing femoral neck
region. Consequently, these measurements may not accurately indicate the fracture risk
in non-weight-bearing areas like the forearm. Previous research indicates that out of
46,992 subjects, only 20% had undergone DXA osteoporosis screening within two years
before distal radius fracture, with males constituting only 5%. Ultimately, only 7% of
patients received DXA osteoporosis testing within six months after the fracture [12]. These
findings suggest significant underdiagnosis of osteoporosis currently, or an increase in
fracture risk factors due to low examination frequency.

As osteoporosis is recognized as a systemic condition with a diffuse impact on the
bones of the limbs, several studies have suggested that analyzing BMD measurements in
local bone regions can be used for the preliminary diagnosis of osteoporosis [13,14]. In [15],
machine-learning algorithms were used to analyze lumbar and abdominal computed
tomography (CT) images, and the results were compared with DXA results. The study
indicated the high correlation and accuracy rate were 82 and 87%, respectively. However,
obtaining lumbar or abdominal X-ray images still requires a full-body CT scan, which leads
to a higher cumulative radiation dose for patients, thus limiting the feasibility of this method
for CKD-BMD patients who require frequent monitoring and assessment. Additionally,
DXA relies on weight-bearing areas (hip joint or spine) for BMD assessment and cannot
accurately reflect the potential fracture risk in non-weight-bearing areas (forearm) [16].
Recent research has shown that DXA of the distal forearm may be a superior method for
screening bone mineral density (BMD) and assessing the risk of distal forearm fractures
compared to central DXA scans. Article [17] examined the medical records of 384 female
patients with distal radius fractures. Their findings indicate that BMD of the distal one-
third radius is more closely correlated with hip BMD than lumbar BMD (p < 0.05 in each
group). This correlation is clinically significant for detecting low BMD in the distal radius,
which is linked to osteoporotic distal radius fractures in elderly women. Subsequently,
work [18] focused on the correlation between local bone density and DXA. The authors
used the cortical thickness ratio of the third metacarpal bone (3MC) as a predictive factor
for severe osteoporotic fractures. This research tracked 300 participants over an average
follow-up period of 23.7 months. The method involved calculating cortical thickness in
the midportion of the 3MC in the participants’ dominant hand and calculating the bone
diameter at the same point transversely. The results showed a significant correlation with
BMD. Similar studies also indicate the positive benefits of osteoporosis analysis through
forearm BMD [17]. The authors of [19] conducted a multicenter validation study. They used
the cortical thickness percentage of the second metacarpal bone (2MC) as a predictive factor
for BMD levels. In this study, users used a smartphone app to select the narrowest part of
the second metacarpal bone and measure the intramedullary/cancellous component at the
same level. The app then calculated the 2MCP score using the formula [(A − B)/A] × 100.
This research tracked 450 participants across five medical centers over a 12-month period.
The results demonstrated a significant correlation between the 2MC cortical thickness
percentage and BMD values, with an accuracy rate of 89% in predicting low bone density
and osteoporotic conditions. However, many diagnostic or treatment planning applications
rely heavily on the precise localization of bony structures in CT images. In addition, manual
or semiautomatic bone segmentation can be labor-intensive and time-consuming, which
is often not practical in clinical routine. Specifically, detecting the cortical region of the
metacarpal bone is particularly challenging due to the similarity in values between the
intramedullary components and the narrowest transverse diameter of the metacarpal bone
shaft. As a result, accurately identifying and locating intramedullary components in the
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metacarpal bone area is difficult, often leading to issues of over-segmentation or incomplete
segmentation.

2. Related Work

Over the past few decades, researchers have developed numerous sophisticated auto-
matic medical image segmentation methods. Indeed, the smart utilization of CNN feature
engineering has swiftly progressed in areas like object detection, image segmentation,
and classification [20–24]. With the advancement of medical image segmentation, many
deep-learning-based network models have been proposed, and it has been demonstrated
that deeper networks are better suited for image segmentation tasks [25–27]. In [28],
a Lightweight U-Net Architecture Multi-Scale Convolutional Network was presented.
Experimental results demonstrated strong performance in segmenting hand bones, par-
ticularly for the smaller bones in the hand. However, during the training of deep models,
issues such as gradient explosion or vanishing can make training deep models challenging.
Currently, optimized activation functions like ReLU (Rectified Linear Unit) are used to
address such problems [29]. Based on the above, while the aforementioned methods proved
effective for many X-ray image segmentation tasks, their direct application to clinical data
reveals insufficient accuracy and robustness. This limitation markedly impedes the broader
application of deep-learning methods in clinical bone density analysis.

This study aims to address the limitations of the traditional U-Net in automatic bone
segmentation. We proposed an end-to-end CKD-MBD classification framework named
SER-U-Net, which incorporates lossless image compression and a squeeze-and-excitation
deep residual network (SE-ResNet). This framework embeds the squeeze-and-excitation
network (SENet) as a substructure within the residual network. Finally, image segmentation
is accomplished based on U-Net. Here, we refer to this model as SER-U-Net. In summary,
the aim of this study is to utilize X-ray images of the hand’s metacarpal bones obtained
through commercially available low-dose hand X-ray testing instruments. Subsequently,
through the established SER-U-Net model, the metacarpal bone region will be automatically
selected and cortical bone thickness calculated, as shown in Figure 1. Finally, the correlation
between this value and DXA bone density assessment results will be tested. We define
our subjects as long-term kidney dialysis patients, as they are at higher risk for renal
osteodystrophy or osteoporosis. Suspected osteoporosis patients can undergo full-body
bone density scans promptly via DXA instruments and initiate appropriate treatment
when necessary.
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Overall, the proposed method not only reduces the radiation exposure and costs
associated with DXA but also provides a rapid and effective tool for assessing CKD-MBD
in clinical settings, potentially leading to better patient outcomes. In summary, this research
makes the following contributions:

(1) Demonstrating the use of SE-ResNet for preprocessing hand X-ray images, replacing
standard convolution layers with residual structures, and incorporating batch normal-
ization layers to facilitate faster convergence, address the gradient vanishing problem,
and improve metacarpal cortical segmentation accuracy by training deeper networks.

(2) Demonstrating the accuracy of our system through automated dMCP calculations
and assessing its correlation with clinical longitudinal data of kidney disease patients’
hand X-ray images and the DXA dataset.

These contributions collectively enhance the effectiveness and precision of metacarpal
cortical segmentation and provide a valuable tool for assessing the condition of long-term
kidney disease patients.

3. Materials and Methods
3.1. Datasets from the Public Internet

The training of CKD-MBD models with clinical image data or open-source computer
vision datasets has been relatively limited. However, the Radiological Society of North
America (RSNA) provided a significant dataset for their 2017 bone age challenge, consisting
of 14,236 hand X-ray images. This dataset is divided into 12,611 images for training, 1425 for
validation, and 200 for testing [30]. From the training set, we randomly selected 1500 images
of left and right hands as the training set. Following equalization and data augmentation,
the images were employed to train the model to identify and label the second and third
metacarpal regions of the hand bones. Finally, we randomly selected 140 images from the
test set and combined them with the 60 hand X-ray images obtained from the IRB test as
the final test set. Figure 2 shows the samples from this combined dataset of 200 images.
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3.2. Data Preprocessing and Augmentation

Due to inter-individual variations among patients, such as rheumatoid arthritis, os-
teoporosis, inflammation, and surgery, X-ray images acquired may exhibit differences
in metacarpal grayscale contrast. During the preprocessing stage, the contrast-limited
adaptive histogram equalization (CLAHE) method was utilized to improve the contrast
and clarity of the images, as shown in Figure 3a. CLAHE works on small regions of the
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image, enabling it to adaptively enhance contrast based on local variations. This charac-
teristic ensures that fine details in the X-ray images, such as the cortical boundaries of the
metacarpal bones, are preserved and enhanced, leading to improved model performance
in detecting and segmenting these regions [31,32]. Subsequently, in order to rectify the
inconsistency in the output X-ray images due to variations in the positioning of patients’
wrists during X-ray capture, a vertical alignment classification approach was employed for
metacarpal bone standardization in the X-ray images. A total of 200 original posteroanterior
(PA) hand images, including both left and right hands, were subjected to normalization.
In this study, an affine transformation CNN based on LeNet was utilized as the model.
Within this mixed dataset, 10% of the images were used for validating the alignment of
the metacarpal bone axis relative to the vertical direction (as shown in Figure 3b, while
the remaining data were used for model training. In the process of verticalization, image
correction is performed between points, 45◦ and 60◦, with adjustments made at intervals
of 3◦ each time. Finally, the excess uninterested background and the ulnar region were
cropped to ensure the preprocessed output image size was 512 × 512 × 1.
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3.3. SER-U-Net Architecture

The SER-U-Net architecture proposed in this study is based on a symmetric structure
composed of an encoder and decoder. The process involves compression, SE-ResNet, U-Net
segmentation network, regression, and loss functions, as depicted in Figure 4. The overall
architecture comprises 8 residual blocks, 4 sets of pooling layers, 4 squeeze-and-excite (SE)
blocks, 2 atrous spatial pyramid pooling (ASPP) blocks, and 4 up-sampling blocks. The
convolution layer utilizes a kernel size of 3 × 3, while the pooling operation is performed
with a size of 2 × 2. Throughout the process, images undergo feature extraction at each stage
through a 3 × 3 convolution layer and are enhanced with ReLU activation functions and
batch normalization. The former adds nonlinearity to improve recognition, while the latter
speeds up model convergence. After repeating this process twice, down-sampling to the
next stage is carried out using a 2 × 2 max-pooling layer (MPL). MPL retains the maximum
feature value in each pool, reducing the model parameters and mitigating overfitting issues.
After four stages of MPL and down-sampling, a 3 × 3 convolution layer is applied, and
the result is passed to a transpose convolution layer for decoding. The decoding process is
similar to the encoding process but with the additional step of feature fusion. After each
deconvolution, the output is combined with some of the features from the encoding with
the same channel dimensions. This fusion helps compensate for the lost features during the
down-sampling process. The final output undergoes a 1 × 1 convolution layer followed
by a Sigmoid function to classify the defined classes, effectively labeling the masks for the
2MC and 3MC regions and ensuring accurate identification and localization of these areas.
Overall, the final objective depicted in Figure 4 is to demonstrate the process of segmenting
the 2MC and 3MC regions of the hand from the input images. The process involves multiple
steps, including compression, SE-ResNet enhancement, U-Net segmentation, regression,
and application of loss functions.
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3.3.1. X-ray Image Compression Module for Feature Extraction

Previous research findings suggest that larger input image sizes during the model
training process may result in enhanced outcomes, as shown in Table 1 [33]. However,
an excessively large input size can lead to extended training times and potential training
failures. Because of the large size of the X-ray image, there are numerous blank areas
surrounding the hand region. Therefore, two issues must be addressed during the prepro-
cessing stage. First, the images contain a lot of meaningless blank areas outside the hand
region, and the features of these areas are also learned during the training stage, leading
to a waste of computational resources. Second, the segmentation of hand bones using
X-ray images typically focuses on a few specific regions, which are much smaller in size
compared to the entire image. Blindly reducing the image size can result in the loss of
essential metacarpal bone features, thereby decreasing the accuracy rate. Hence, it is vital to
maintain the data size within a specific range for the feature extraction network. Preserving
the original image features as much as possible enhances subsequent bone density analysis.
We executed compression and feature extraction of the original X-ray image within the
compression module to achieve this. This module compressed the image to a particular
size without compromising critical features. The structure of the compression module is
illustrated in Figure 5.

Table 1. The mean absolute error for training images of different sizes [33].

Image Size Time/s MAE/m

128 × 128 281 12.9
256 × 256 373 11.2
512 × 512 764 10.2

1024 × 1024 2344 9.6
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Figure 5. The structure of the compression module shows various operations, each indicated by
arrows of different colors.

In Figure 5, the process entails adjusting image dimensions through convolution and
pooling, achieving initial feature selection via up-sampling and shallow feature fusion. Af-
ter passing through two convolutional layers with a 3 × 3 kernel, the input data transitions
from H ×W × 3 to H ×W ×C1, where C1 represents the number of channels. Subsequently,
it undergoes max-pooling to compress its size to H

2 × W
2 × C2. When it reaches a specific

size, feature fusion and extraction take place. In this study, the final size of the feature
map is H

4 × W
4 . The purpose of this module is to retain critical features while eliminating

redundant spatial information to reduce the original image size, thereby shortening training
time and ensuring the preservation of essential features.

After the compression, the segmentation network employed enhances adjustments
through the activation function defined in Equation (1) and selects the optimal U-Net
segmentation method. This process takes into consideration an objective approach based
on entropy and variance. During the execution of U-Net image segmentation, the model
requires the provision of minimum variance and maximum entropy, representing the
segmentation of the background and the specified metacarpal region, respectively.

Auc = argmin
{Ac f 1, Ac f 2,..., Ac f n}

{
1

Qt
+ Arc

}
(1)

where the activation function {Ac f 1, Ac f 2, . . . , Ac f n} was selected by an algorithm that
aims to maximize entropy and minimize variance. Entropy was defined as the correspond-
ing states of adaptative intensity levels within each pixel, and it can be expressed using
Equation (2). Variance is calculated as the square of the standard deviation of the input or
output image values, and it can be represented using Equation (3).

Qt = −∑u WNulog2 WNu (2)

Arc = σ2 =
∑(MA − t)2

MP
(3)
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The above process describes the optimization of a U-Net for segmentation that was
suitable for various input images. The numerical values of image pixels are denoted by
MA, the average pixel value is represented by t, and the pixel count is indicated as MP.

3.3.2. Associating and Learning Features between Channels with SE-ResNet

CNNs have demonstrated superiority in computer vision tasks, and through the
use of the SENet, they can connect and learn interchannel features, thereby enhancing
feature information and recalibrating strategies to improve the performance of CNN
models [34]. In the SE model, input information is compressed using the squeeze operator,
which employs global average pooling to create statistical channels. Activation processing
involves two fully connected layers, incorporating nonlinearity and ReLU. During this
phase, the activation operator assigns weights to the input data, generating weight channels,
while the size of feature channels remains consistent through the squeeze and activation
operators. Residual blocks in ResNet effectively utilize shallow features to extract more
critical features and have been frequently employed as the primary structure for feature
extraction in image classification and recognition tasks [35]. Therefore, in this study, we
decided to integrate the SE block into the ResNet model, resulting in the SE-ResNet module,
as illustrated in Figure 6. In this module, the SE operation takes place before the summation
operation [36].
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In Figure 6, the ResNet residual blocks incorporate an SE structure. This method not
only maximizes the utilization of shallow features but also enables additional channel-wise
reweighting of these shallow features, thereby enhancing the extraction of crucial features.
Consequently, the output of the SE-ResNet can be defined as (4).

y = F( fse(x), (ωn) + x) (4)

where x and y represent the input and output of the SE-ResNet, fse(x) stands for the
function within the SE block, and ωn denotes the network weights for the n-th input. It
is essential to delineate the feature scale images during the compression process. This
significantly impacts the reweight values. Since each input feature image may have different
dimensions, this paper proposes a scale that can be adjusted based on the dimensions of
the feature channels. The output of the u-th SE-ResNet block is defined as (5).

yu = F( fse(xu), (wnu)) + xu (5)
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Following this, during the training of the U-Net, a pixel-wise loss function is typi-
cally established using the cross-entropy formulation. This function gauges the similarity
between the predicted distribution and the ground truth distribution, as depicted by the
following equation:

Lpw = − 1
n∑n

u=1[ŷulog yu + (1 − ŷu)log(1 − yu)] (6)

where n is the number of samples, yi denotes the predicted probabilities of pixel u belonging
to the metacarpal bone, and ŷu is the ground truth, which is the real value. This particular
loss function allows for the individual evaluation of each pixel. Compared to the quadratic
loss, it could significantly expedite the training speed of neural networks.

In this study, the training process for the SER-U-Net model utilized the Adam opti-
mizer, with an initial learning rate of 0.001. The learning rate decayed by a factor of 0.1
every 10 epochs to ensure gradual learning. The batch size was set to 16 images per batch,
and the training process spanned 50 epochs. To prevent overfitting and ensure optimal
training duration, an early stopping strategy was employed. Training was halted early if
the validation loss did not decrease for five consecutive epochs, indicating that the model
had reached its optimal performance.

3.4. System Evaluation Indicators

In the context of bone segmentation tasks in medical imaging, the dice coefficient (DC)
is the most commonly used measurement [37]. DC is computed by directly comparing
binary masks of the ground truth and automatic segmentation. It serves as a means to
assess the reproducibility of segmentation when the same or different individuals perform
multiple segmentations of X-ray images. As shown in Equation (7), the DC value falls
within the range of 0 to 1, where a value of 1 indicates a perfect match, and 0 indicates no
overlap whatsoever. In addition to the DC, several area error metrics are also computed to
provide a comprehensive evaluation of the proposed segmentation method. The similarity
index (SI), as determined in Equation (8), serves as a general measure of the automatic
segmentation’s resemblance to the ground truth. Simultaneously, the true positive ratio
(TPR) can be computed using |Bd∩Bm |

|Bd |
, and the false positive ratio (FPR) can be calculated

via |Bd∪Bm−Bd |
|Bd |

. Finally, the false negative rate (FNR) can be derived as 1 − TPR based on
these metrics.

DC =
2 × |Bd∩Bm|
|Bd|+ |Bm|

(7)

SI =
|Bd∩Bm|
|Bd ∪ Bm|

(8)

In the above equation, Bd represents the set of bone pixels from the ground truth, while
Bm represents the set of bone pixels obtained from automatic segmentation, as illustrated
in Figure 7.
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Finally, we summarize the algorithm for metacarpal segmentation as follows (see
Algorithm 1):

Algorithm 1: dMCP segmentation

Input:
L = {{x1, y1}, . . . {xn, yn}}: The training data consist of a sample n composed of annotations by
medical professionals.
U = {xn+1, . . . xn+m}:Representing the initial unlabeled data as a sample m.
Output:
C = {θ1, θ2, . . . θk}: Completed training of U-Nets.
Repeat:
Step 1. Train the model on L using the loss function defined in Equation (1) to optimize the performance of
C = {θ1, θ2, . . . θk}.
Step 2. Assess the uncertainty among different U-Net models in the unlabeled data. We identify and select
the data with the highest uncertainty.
Step 3. Annotate the selected data and add them to the dataset, denoted as L.
Until: dMCP segmentation is satisfied on U.

3.5. Clinical Trial

This study received approval from the institutional review board at Kaohsiung Veter-
ans General Hospital, Taiwan, ROC (IRB No. KSVGH22-CT10-29). A total of 30 participants
were enrolled in this study (23 males and 7 females) with a mean age and standard devia-
tion (SD) of 64 ± 9.1 (46 to 83 years old). Informed consent was obtained from each enrolled
patient. Participants were arranged in order of their registration, and bone density analysis
reports using a clinical DXA instrument (Hologic Co., Ltd., Horizon DXA, Marlborough,
MA, USA) were obtained for all 30 cases. These reports, which include three different levels
of bone density outcomes, were acquired through DXA measurements and confirmed by
radiologists. Detailed information and exclusion criteria are presented in Table 2.

Table 2. The experimental results of clinical evaluation.

Variable

Results
Men Women Total

Age (average ± SD) 63.2 ± 8.1 67.2 ± 12.9 64.2 ± 9.3

Sex (n; %) 23; 76.7 7; 23.3 30; 100

Time on dialysis (years)

Less than 1 year 2; 50 2; 50 4; 13.3

1~4 years 11; 78.6 3; 21.4 14; 46.7

5 years or above 10; 83.3 2; 16.7 12; 40

DXA BMD (T-score) result

Normal Bone Density 9; 90 1; 10 10; 33.3

Osteopenia 12; 92.3 1; 7.7 13; 43.3

Osteoporosis 2; 28.6 5; 71.4 7; 23.3

Exclusion criteria were:

⋄ Age > 85 years
⋄ Arteriovenous fistulas (AVF) or arteriovenous grafts (AVG) for kidney disease patients were

created within less than 8 weeks and 6 weeks, respectively.
⋄ Any acute or chronic condition that would impair the patient’s ability to participate in the

study.
⋄ Refusal to provide informed consent.
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In the course of the IRB process, each subject underwent a minimum of one arm
X-ray (NanoRay Co., Ltd., RevoluX, New Taipei City, Taiwan) examination, resulting in the
acquisition of hand X-ray images for comparative analysis with the bone density reports
from the DXA instrument. During the imaging process, subjects followed the instructions
of a radiologist to place their hand as flat as possible within the RevoluX machine, after
which a radiographer operated the arm X-ray machine to capture a single X-ray image
(with parameters set at 70 kV, 0.3 mA, 0.15 mAs). Each subject had a minimum of four
X-ray images taken, including the anterior and posterior views of both the left and right
hands. After the imaging, individual participant data, such as age, gender, and cumulative
years of renal dialysis, were recorded. In the process, the X-ray images were expertly
captured by an experienced physician and were annotated to designate the background,
second metacarpal (2MC), third metacarpal (3MC), and the radius bone as 0, 1, 2, and 3,
respectively, serving as the ground truth, as shown in Figure 8.
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3.6. The Second and Third Metacarpal Cortical Percentage (dMCP) Calculation

After conducting bone region segmentation using a U-Net-based approach, the
metacarpal cortical percentage computation process focuses on the central one-third of the
metacarpals (Figure 9). Subsequently, the dMCP values, which are the average cortical
percentage derived from the 2MC and 3MC regions, were calculated. Here, we utilized a
weighted ratio distribution method. When the feature model detects a higher risk for osteo-
porosis features (MCP < 50) with 2MC or 3MC, the weight proportion for that metacarpal
bone will be increased. To establish our test dataset, we obtained 120 hand X-ray images
from 30 hemodialysis patients within a four-week period, with the approval of the clinical
IRB. Among these, there were 8 cases of individuals with normal bone mineral density,
15 cases of low bone mass, and 7 cases of osteoporosis (including 1 severe osteoporosis
by WHO criteria). From the 120 hand X-ray images, a radiologist manually selected the
best-quality image for each patient’s arm. In the subsequent steps of the dMCP calculation
process, the narrowest transverse diameter of the metacarpal bone shaft is identified as
“Z”. A second parallel measurement is then performed for the intramedullary components
at the same location, here referred to as “Q”. We employ the formula [(Z − Q)/Z] × 100
to derive the cortical percentage for both 2MC and 3MC, designated as sMCP and tMCP,
respectively. Finally, the results are averaged to obtain the outcome of dMCP.
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4. Results
4.1. Assessing the Proposed Segmentation Model’s Performance in Comparison to Other Models

To enhance the validation of the SER-U-Net model’s performance, we conducted a
comparative analysis against several existing deep-learning methods, namely the original
U-Net, SegNet, and FCN-8 [38–40]. Table 3 presents the performance of bone segmenta-
tion in our study using four different models. All models were tested on preprocessed
512 × 512 images with CLAHE. The experimental results reveal that the original U-Net,
although excelling in the true positive region (TPR > 98%), struggles to effectively control
the false positive rate (FPR > 15%). This suggests that during the deep network training,
the original U-Net encompasses numerous non-target bone regions within its scope. In
contrast, this study based on the SER-U-Net model leverages the SENet architecture to
facilitate the model in learning interchannel correlations, emphasizing more crucial channel
features and suppressing less important ones, resulting in an average DC of 96.62% and
an average similarity of 94.48%. Overall, the SegNet model exhibits the poorest perfor-
mance (DC < 85%, similarity < 75%). In summary, the SER-U-Net method achieves the
highest segmentation accuracy in terms of SI and DC metrics. This has significant benefits
for the detailed segmentation of smaller bones in the hand, such as the narrowest parts
of the metacarpals and the intramedullary components, thereby achieving better dMCP
calculation results.

Table 3. The performance of the testing set for metacarpal segmentation using SER-U-Net and
other models.

TPR (%) FPR (%) FNR (%) DC (%) SI (%)

SER-U-Net 97.82 5.66 2.37 96.62 94.48

U-Net 98.16 15.28 0.62 88.41 92.75

SegNet 84.25 22.16 14.33 72.28 84.39

FCN-8 91.75 4.31 7.50 90.37 93.06

4.2. The SER-U-Net Segmentation Model’s Performance

Table 4 summarizes the performance of our detection model on the test dataset, as
described in Section 3.5. The output of each detection model is fed into its corresponding
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segmentation model, and the manually annotated metacarpal bone regions by medical
experts serve as the ground truth for evaluating the segmentation model’s output. Here,
we compute the DC and several other metrics for a comprehensive assessment. The results
show that both 2MC and 3MC mask models achieve detection accuracies exceeding 96%.
The average DC for 2MC segmentation reaches 97.92%, while 3MC segmentation attains
an average DC of 96.83%. Figure 10a shows a comparison between physician manual
segmentation and SER-U-Net for two clinical cases. Finally, based on manual segmentation
of 60 hand X-ray images across 30 clinical cases and the fully automatic method, the
correlation is 0.92, as shown in Figure 10b. Among them, the confidence interval estimate
(CI) can be calculated, respectively, as shown in Table 5. This indicates that the suggested
segmentation method could systematically evaluate the metacarpal region. Overall, the
model’s high accuracy in classifying bone density conditions makes it particularly useful in
clinical settings for early detection and intervention in osteoporosis among CKD patients.
This capability can significantly assist in early diagnosis and treatment planning, thereby
improving patient outcomes.

Table 4. The model’s automatic detection performance on the test set.

Manual Detection
(Physician-Marked)

Automatic Detection
(SER-U-Net) p-Value p-Value

SI (%) DC (%) SI (%) DC (%) (DC) (SI)

2MC 95.82 96.02 96.71 97.92 0.389 0.320

3MC 96.03 97.71 95.91 96.83 0.304 0.249
Electronics 2024, 13, x FOR PEER REVIEW 13 of 17 
 

 

 
Figure 10. (a) Two groups of clinical hand X-ray image segmentation cases. (b) Correlation between 
physician manual and automatic model segmentation (R2 = 0.92). 

Table 5. The confidence interval estimate (CI) of the model’s performance. 

 
Mean SD 

95% CI 
Lower Limit Upper Limit 

SER-U-NET 0.91 0.033 0.90 0.93 
Physician-marked 0.92 0.027 0.91 0.93 

4.3. Automatic BMD Classification Results of Clinical Renal Dialysis Patients  
In a cohort of 30 patients meeting the inclusion and exclusion criteria, the mean in-

terval between DXA and hand X-ray examinations was 13 ± 10 days. Figure 11a illustrates 
the outcomes of model training, showing the classification of bone density in patients with 
varying degrees of renal osteodystrophy, with dMCP values ranging from 39.4% to 64.4% 
(mean 54.45% ± 6.3%). The corresponding DXA T-scores, as reflected in Figure 11b, ranged 
from 1 to −5.8 (mean −1.64 ± 1.4). Based on the classification results and a comparison with 
the actual DXA bone density analysis reports of patients. The results indicated that when 
the optimal cortical percentage cutoff for bone loss (represented by the red dashed line) is 
51.3%, the system achieves a classification accuracy of 93.3%. It is noteworthy that two 
patients with low bone density (P1 and P2) were classified as having osteoporosis in the 
classification system. Further analysis of the hand CT images from these two subjects re-
vealed a significant discrepancy in the cortical percentage within the second and third 
metacarpal regions—one metacarpal was noticeably better or worse than the other. As 
reported in the DXA classification, their T-scores were −2.2 and −2.3, respectively, which 
are near the osteoporosis threshold (T-score < −2.5). This discrepancy could potentially 
lead to misclassification in the model evaluation. 

 
Figure 11. Demonstration of analysis used to calculate dMCP. (a) Results for subjects with normal 
bone density and osteoporosis. Among them, the red area represents the segmented 2MC and 3MC 
regions, while the blue area indicates the intramedullary components and the narrowest transverse 
diameter. (b) Scatter plot showing X-ray images of 30 subjects using dMCP classification results and 
correlation between DXA T-scores. 

Figure 10. (a) Two groups of clinical hand X-ray image segmentation cases. (b) Correlation between
physician manual and automatic model segmentation (R2 = 0.92).

Table 5. The confidence interval estimate (CI) of the model’s performance.

Mean SD
95% CI

Lower Limit Upper Limit

SER-U-NET 0.91 0.033 0.90 0.93

Physician-marked 0.92 0.027 0.91 0.93

4.3. Automatic BMD Classification Results of Clinical Renal Dialysis Patients

In a cohort of 30 patients meeting the inclusion and exclusion criteria, the mean interval
between DXA and hand X-ray examinations was 13 ± 10 days. Figure 11a illustrates the
outcomes of model training, showing the classification of bone density in patients with
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varying degrees of renal osteodystrophy, with dMCP values ranging from 39.4% to 64.4%
(mean 54.45% ± 6.3%). The corresponding DXA T-scores, as reflected in Figure 11b, ranged
from 1 to −5.8 (mean −1.64 ± 1.4). Based on the classification results and a comparison
with the actual DXA bone density analysis reports of patients. The results indicated that
when the optimal cortical percentage cutoff for bone loss (represented by the red dashed
line) is 51.3%, the system achieves a classification accuracy of 93.3%. It is noteworthy that
two patients with low bone density (P1 and P2) were classified as having osteoporosis in
the classification system. Further analysis of the hand CT images from these two subjects
revealed a significant discrepancy in the cortical percentage within the second and third
metacarpal regions—one metacarpal was noticeably better or worse than the other. As
reported in the DXA classification, their T-scores were −2.2 and −2.3, respectively, which
are near the osteoporosis threshold (T-score < −2.5). This discrepancy could potentially
lead to misclassification in the model evaluation.
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Figure 11. Demonstration of analysis used to calculate dMCP. (a) Results for subjects with normal
bone density and osteoporosis. Among them, the red area represents the segmented 2MC and 3MC
regions, while the blue area indicates the intramedullary components and the narrowest transverse
diameter. (b) Scatter plot showing X-ray images of 30 subjects using dMCP classification results and
correlation between DXA T-scores.

5. Discussion

Automatic bone density classification has always been a focus of researchers, as it
plays a crucial role in the diagnosis of bone pathologies during the process of hemodialysis.
This study proposed a fully automated method utilizing the SER-U-Net model to detect
and segment the metacarpal bone region in X-ray images and subsequently calculate the
cortical percentage of dMCP. In this study, we utilized the dataset provided by the 2017
RSNA Bone Age Challenge, which includes a total of 14,236 hand X-ray images. We
randomly selected 1500 hand X-ray images from the training set (a total of 12,611 hand
X-ray images) for data augmentation. Subsequently, this dataset was utilized for training
the model to identify and segment the second and third metacarpal regions of the hand
bones. Finally, 140 images randomly selected from the test set (a total of 200 hand X-ray
images) combined with 60 hand X-ray images from 30 chronic kidney disease patients were
used, resulting in a total of 200 images used for testing. The ground truth data for accuracy
comparison were annotated by medical professionals and included the 2MC, 3MC, and
cortical regions. We further compared the similarity between physician segmentation and
automatic segmentation models, providing evidence for the effectiveness of the detection
model (R2 = 0.92). Furthermore, we conducted a comparison between our proposed
method and other existing deep-learning segmentation techniques—namely, the original
U-Net, SegNet, and FCN-8. The results indicate that our model surpasses the other three
methods in terms of DC and SI. In the final analysis, the system computed dMCP based on
segmented cortical bone regions and conducted an accuracy assessment against clinical
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DXA results. The results indicate that the automatic assessment method proposed in this
study achieved a classification accuracy of 93.3% in distinguishing osteoporotic patients
among 30 subjects undergoing renal dialysis, with the optimal cutoff value set at 51.3%.

It is noteworthy that two patients with low bone density (P1 and P2) were classified as
having osteoporosis in the classification system. Further analysis of the hand CT images
from the two subjects revealed a significant discrepancy in cortical percentage within the
second and third metacarpal regions (one metacarpal noticeably better or worse than the
other). This finding underscores the importance of accurate metacarpal selection, segmen-
tation, and matching of weighting ratios in improving precision. To address this limitation,
we conducted a literature review of the recently proposed Segment Anything Model (SAM).
Although multiple studies have indicated that the SAM might fail in medical image seg-
mentation tasks [41–44], a research team recently introduced a novel method called SAM
with Condition Embedding block (CEmb-SAM) [45]. Experiments have demonstrated that
CEmb-SAM consistently outperforms SAM [46] and MedSAM [47] in segmentation tasks
involving peripheral nerves and breast lesions. This architecture will be further analyzed
in the team’s future work and is expected to have positive benefits for the selection of the
metacarpal cortical area.

Overall, in this study, we used low-dose hand X-ray imaging to capture 2MC and
3MC for cortical percentage calculation. Subsequently, we established a bone density
risk level based on dMCP values and successfully classified osteoporotic patients among
kidney disease individuals. This suggests that the establishment of such a low-dose hand
X-ray machine and classification model could achieve cost-effective rapid bone density
screening. It addresses potential renal bone loss that can occur between annual DXA
examinations for kidney disease patients, serving as a tool to assess fracture risk and enable
early detection and intervention. Ultimately, early screening aims to reduce the incidence
of future fragility fractures related to renal issues, thereby alleviating the economic burden
associated with osteoporosis.

6. Conclusions

This study indicates a positive correlation between dMCP and DXA whole-body bone
density results in patients undergoing renal dialysis. This low-dose hand X-ray examination
not only automatic assessment osteoporosis but also filled the gap in bone density tracking
during DXA examination intervals. This enables prompt clinical intervention for changes
in BMD in kidney disease patients. These findings advocate for the broader adoption
of lower-cost PA hand X-rays for osteoporosis screening. Compared to standard DXA,
the analytical process in this study framework considers non-weight-bearing skeletal
regions and analyzes based on the non-dominant hand. This approach offers higher overall
feasibility and cost-effectiveness, especially for CKD-BMD patients requiring frequent
testing and assessment. Thus, it enables early assessment of osteoporosis risk in kidney
disease patients and opportunities to reduce the likelihood of subsequent injury or disability.
One of the future tasks is to enhance the segmentation precision of the cortical region of
metacarpophalangeal bones, which aids in reducing dMCP calculation errors. Additionally,
the automatically bone segmentation methods could serve as a basis for the detection and
segmentation of other joint structures or target markers, including cartilage, effusions, bone
marrow lesions, and more. Given the small and intricate nature of these structures, the
ability to directly segment without the need for bone recognition eliminates false positives
in the labeling process, increase the applicability of the proposed approach to a broader
range of fields.
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