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Abstract: A convolutional neural network (CNN) is a representative deep-learning algorithm that
has a significant advantage in image recognition and classification. Using anteroposterior pelvic
radiographs as input data, we developed a CNN algorithm to determine the presence of pre-collapse
osteonecrosis of the femoral head (ONFH). We developed a CNN algorithm to differentiate between
ONFH and normal radiographs. We retrospectively included 305 anteroposterior pelvic radiographs
(right hip: pre-collapsed ONFH = 79, normal = 226; left hip: pre-collapsed ONFH = 62, normal = 243)
as data samples. Pre-collapsed ONFH was diagnosed using pelvic magnetic resonance imaging data
for each patient. Among the 305 cases, 69.8% of the included data samples were randomly selected as
the training set, 21.0% were selected as the validation set, and the remaining 9.2% were selected as
the test set to evaluate the performance of the developed CNN algorithm. The area under the curve
of our developed CNN algorithm on the test data was 0.912 (95% confidence interval, 0.773–1.000)
for the right hip and 0.902 (95% confidence interval, 0.747–1.000) for the left hip. We showed that a
CNN algorithm trained using pelvic radiographs would help diagnose pre-collapse ONFH.

Keywords: osteonecrosis; femoral head; deep learning; convolutional neural network; radiograph

1. Introduction

Osteonecrosis of the femoral head (ONFH) is a common disorder characterized by
bone necrosis of the hip induced by decreased blood flow to the femoral head [1]. It often
develops into subchondral fracture and results in collapse of the femoral head, which causes
disabling hip pain and limitation of hip motion, eventually requiring hip arthroplasty [2].
Magnetic resonance imaging (MRI) is the gold standard for the diagnosis of ONFH, with
a sensitivity of almost 100%, even for early ONFH [3]. However, in clinical practice,
radiography is usually the first choice for diagnosing ONFH in patients with hip pain
owing to its low cost [2]. Hip or pelvic radiography is limited: its diagnostic sensitivity
for ONFH is low [2,4,5]. In particular, the sensitivity of radiography for diagnosing pre-
collapse ONFH is only 50–70% [2]. Therefore, ONFH in the pre-collapse stage is often
overlooked or misdiagnosed.

Deep learning is a technique in which the artificial intelligence algorithm learns
rules and patterns from the given information using various trial-and-error approaches
and extracts meaningful information [6–9]. In particular, artificial neural networks have
structures and functions similar to those of the human brain using a large number of
hidden layers [6–9]. The deep learning technique can outperform traditional data analysis
techniques and can learn from unstructured and perceptual data, such as images and
languages, and can extract key features [10]. A convolutional neural network (CNN) is a
deep learning technique widely used in image recognition and classification [11,12].

Appl. Sci. 2022, 12, 9606. https://doi.org/10.3390/app12199606 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app12199606
https://doi.org/10.3390/app12199606
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-7629-7213
https://doi.org/10.3390/app12199606
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app12199606?type=check_update&version=1


Appl. Sci. 2022, 12, 9606 2 of 9

The CNN model commonly consists of an input layer, convolution layers, a pooling
layer, a fully connected layer, and an output layer. The learnable kernel of the convolutional
layer plays a crucial role in reducing the computational complexity compared to performing
image classification using a basic artificial neural network model [13]. The CNN represents
substantial progress in automated image classification tasks without the need for image
preprocessing that is essential for classical machine learning algorithms [14].

CNN can find features in image data that humans cannot recognize or detect [6,7,11,12].
Recently, several studies have demonstrated the usefulness of CNN for diagnosing several
disorders based on various imaging data, and the clinical use of CNN is gradually increas-
ing [15–17]. We believe that a CNN would also be useful for diagnosing pre-collapse ONFH.

In the current study, we developed a CNN algorithm to diagnose pre-collapse ONFH
using anteroposterior pelvic radiographs as input data and evaluated its diagnostic accuracy.

2. Materials and Methods

This retrospective study was conducted at a single hospital. It was approved by the
institutional review board of Yeungnam university hospital. The requirement for informed
consent was waived by the institutional review board of Yeungnam university hospital
owing to the retrospective nature of the study. All methods were carried out in accordance
with relevant guidelines and regulations.

2.1. Subjects

A total of 102 patients (mean age = 55.3 ± 15.7, M:F = 55:47, right ONFH = 40 patients,
left ONFH = 23 patients, both ONFH = 39 patients) with pre-collapse ONFH who visited
our university hospital from January 2000 to December 2021 were consecutively recruited
according to the following inclusion criteria: (1) pre-collapse ONFH was proven by pelvic
MRI; (2) age ≥ 20 years at the time of diagnosis; (3) pelvic anteroposterior radiograph taken,
with the interval between pelvic radiograph and pelvic MRI ≤ 30 days; and (4) absence of a
history of previous hip operation, coexisting fracture, or osteomyelitis. In addition, a total
of 203 subjects (mean age = 52.5 ± 19.0, M:F = 82:121) with normal hip joints who visited
our university hospital from Jan 2010 to Dec 2021 were consecutively recruited according
to the following inclusion criteria: (1) pelvic MRI showed no specific abnormal findings on
the bilateral hip joint, and the other criteria were the same as criteria (2), (3), and (4) for
patients with pre-collapse ONFH.

Out of 305 radiographs of the right hip, 79 were ONFH radiographs and 226 were
normal radiographs. Out of 305 radiographs of the left hip, 62 were ONFH radiographs
and 243 were normal radiographs.

2.2. Pelvic Anteroposterior Radiograph and MRI

Pelvic anteroposterior radiographs were obtained using a single system (Innovision-
SH, Seoul, Korea). Pelvic magnetic resonance (MR) images were obtained using a
1.5-T Gyroscan Intera (Philips, Amsterdam, The Netherlands), 3.0-T MAGNETOM Skyra
(Siemens, Berlin, Germany), and 3.0-T Ingenia Elition (Philips, The Netherlands). Owing to
the retrospective nature of our study, MR images were acquired using various protocols.

One pelvic anteroposterior radiograph image for each patient was used as an input
image to develop the deep learning algorithm.

2.3. Deep Learning Model

We used Python 3.8.8, TensorFlow 2.8.0 with Keras, and the SciKit-Learn 0.24.1 library
to develop a deep learning model for ONFH analysis. We trained two pre-trained CNN
models separately using four state-of-the-art CNN models, including EfficientNetV2B0,
B1, B2, and Xception. EfficientNetV2 is a lightweight model that reduces the number of
parameters by almost 45% compared to the previous version, EfficientNet, but it is an
excellent model that shows the same level as EfficientNet in Top-1 accuracy based on
ImageNet data. Xception CNN model comprises depth-wise separable convolution layers
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and shows excellent classification performance compared to Inception V3 and ResNet-152
models [18,19].

The EfficientNetV2B2 CNN model was employed for the right ONFH model with
fine-tuning (unfreeze top three layers). For the left ONFH model, the Xception CNN model
was employed, and the network was fully trained. The details of the model training process
and results are summarized in Figure 1 and Table 1.
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Table 1. Performances of deep-learning models for diagnosing osteonecrosis of femoral head.

ONFH (Right Hip) Diagnosis Model ONFH (Left Hip) Diagnosis Model

Sample size (patients)
213 for training (69.8%), 64 for validation

(21.0%), and 28 for test (9.2%)
213 for training (69.8%), 64 for validation

(21.0%), and 28 for test (9.2%)

Sample ratio: normal 74.2%, ONFH 25.8% Sample ratio: normal 79.8%, ONFH 20.2%

CNN model

EfficientNetV2B2 with fine-tuning
(Unfreeze top 3 layers) [18]

Xception with full training
(Unfreeze all layers) [19]

RMSProp optimizer, ReLU activation RMSProp optimizer, ReLU activation

Learning rate: 1 × 10−5; batch size: 32 Learning rate: 1 × 10−5; batch size: 32

Data augmentation (rotation range: 10◦;
zoom range 10%)

Data augmentation (rotation range: 10◦;
zoom range: 10%)

Dropout for regularization Dropout for regularization

ROI image (500 × 500) resized to 260 × 260 ROI image (500 × 500) resized to 299 × 299

Model performance

Accuracy: 100% for training data Accuracy: 98.6% for training data

Training AUC: 1.000 Training AUC: 0.999 with 95% CI [0.997–1.000]

Validation accuracy: 93.8% for validation data Validation accuracy: 92.2% for validation data

Validation AUC: 0.927 with
95% CI [0.853–1.000]

Validation AUC: 0.893 with
95% CI [0.784–1.000]

Test accuracy: 89.3% for test data Test accuracy: 92.9% for test data

Test AUC: 0.912 with 95% CI [0.773–1.000] Test AUC: 0.902 with 95% CI [0.747–1.000]

ONFH, osteonecrosis of the femoral head; CNN, convolutional neural network; ROI, region of interest; RMSProp,
root mean squared propagation; AUC, area under the curve; CI, confidence interval.
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From patients’ original radiographs, initial region-of-interest (ROI) images were ex-
tracted and standardized to a size of 500(H) × 1200(W). The ROI images included only the
left and right hip portions, which are essential for detecting ONFH in patients’ radiographs.
Two ROI images containing only the left or right hip portions were extracted from the
initial ROI images of size 500(H) × 500(W). The left and right hip ROI images were fed into
the left hip and right hip ONFH detection models for training.

The ONFH diagnosis process using the proposed deep learning model is summarized
in Figure 2. In the left and right ONFH models, the left and right hips were diagnosed as
0 (normal) or 1 (ONFH), respectively. By combining the results of the two models, each
patient’s diagnosis was determined as normal (both left and right 0), left ONFH (left 1,
right 0), right ONFH (left 0, right 1), or both ONFH (both left and right 1).
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2.4. Experiment

To prevent overfitting of the developed model, 305 images were divided as follows:
69.8% (213 images), 21.0% (64 images), and 9.2% (28 images) were assigned to the training,
validation, and test sets, respectively. Details of the dataset configurations are listed in
Table 1. TensorFlow version 2.8.0 (Google, Mountain View, CA, USA) and the Scikit-Learn
toolkit version 0.24.1 were used to train the machine learning model. Table 2 shows the
details of proposed models’ layers and parameters.

To reduce overfitting, the global average pooling 2d layer was added instead of the
fully connected dense layer and 20% of the drop rate was applied. Lastly, the output dense
layer contained one neuron with a sigmoid activation function for binary classification.
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Table 2. Layer types and parameters in osteonecrosis of femoral head (ONFH) diagnosis model.

ONFH (Right Hip) Diagnosis Model ONFH (Left Hip) Diagnosis Model

Layer (Type) Output Shape Param # Layer (Type) Output Shape Param #

Efficient-NetV2B2 (model,
unfreeze only last 3 layers) 9 × 9 × 1408 292,864 Xception (model) 10 × 10 × 2048 3,159,552

Global_average_poolong_2d 1408 0 Global_average_poolong_2d 2048 0
Dropout (dropout) 1408 0 Dropout (dropout) 2048 0

Dense (dense) 1 1409 Dense (dense) 1 2049
Total params: 8,770,783

Trainable params: 297,089
Non-trainable params: 8,473,694

Total params: 20,863,529
Trainable params: 20,809,001
Non-trainable params: 54,528

2.5. Statistical Analysis

Statistical analyses were performed using Python 3.8.8 and Scikit-Learn version 0.24.1.
A receiver operating characteristic curve analysis was performed, and the area under the
curve (AUC) was calculated. The 95% confidence interval (CI) for AUC was calculated using
the approach described by DeLong et al. [20]. Additionally, we estimated the diagnostic
accuracy of the developed CNN algorithm. Furthermore, two physiatrists (S.Y.K. and
G.S.C.) who had more than 15 years of experience in the field of musculoskeletal disorders
determined the presence of ONFH based on the pelvic anteroposterior radiographs that
were used as input data to develop the CNN algorithm. They were blinded to the MRI
results during the determination of the presence of ONFH and assessed the same set of
pelvic radiographs.

3. Results

For the diagnosis of pre-collapse ONFH in the right hip, the AUCs of the validation
and test datasets for the deep learning model were 0.927 (95% CI, 0.853–1.000) and 0.893
(95% CI, 0.773–1.000), respectively (Figure 3). For the diagnosis of pre-collapse ONFH in
the left hip, the AUCs of the validation and test datasets for the deep learning model were
0.893 (95% CI, 0.784–1.000) and 0.902 (95% CI, 0.747–1.000), respectively (Figure 3).
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rior pelvic radiographs for the convolutional neural network algorithms for diagnosing osteonecrosis
of the femoral head of right and left hips; ONFH, Osteonecrosis of the femoral head; Acc, accuracy;
AUC, area under the curve.

The diagnostic accuracies of the pre-collapse ONFH on the left side were 92.2% and
92.9% in the validation and test sets, respectively. Those on the right side were 93.8% and
89.3% for the validation and test sets, respectively. Regarding the diagnostic accuracy of
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the two physicians, the accuracies on the right side were 78.0% and 76.7%, respectively, and
79.7% and 78.4% on the left and left sides, respectively.

Additionally, Figure 4 shows the actual X-ray images as an example by classifying
the diagnostic results of the right and left diagnostic models into correct diagnosis (true
negative and true positive) and incorrect diagnosis (false negative and false positive).
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Figure 5 shows the correct classification and misclassification cases of the ONFH
model. The ONFH right model correctly classified 60 images out of 64 validation data
and misclassified four images (two false positives and two false negatives). The left model
correctly classified 59 images out of 64 validation data and misclassified five images (one
false positive and one false negative).
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4. Discussion
4.1. Overall Performance

In this study, we developed a CNN model to determine the presence of pre-collapse
ONFH. The AUCs of our models, as evaluated on the test dataset, were 0.848 and 0.939 for
the right and left hip joints, respectively, based on anteroposterior pelvic radiographs classi-
fied into “ONFH” and “normal”. Considering that an AUC ≥ 0.9 and 0.9 > AUC ≥ 0.8 are
generally outstanding and excellent, respectively, our model for determining the presence
of ONFH based on anteroposterior pelvic radiographs seems to be excellent to outstand-
ing [21].

In addition, whereas the accuracy of the two physicians specializing in musculoskeletal
disorders in determining the presence of ONFH was approximately 76–80%, that of our
model was approximately 90%. We believe that our model would be useful for clinicians
in diagnosing pre-collapse ONFH using pelvic radiographs but not MRI or computed
tomography (CT) scans. In clinical practice, because of the high cost and limited accessibility
of MRI, clinicians frequently diagnose hip joint pathologies using physical examination,
and pelvic or hip radiography. However, because of its low diagnostic accuracy, the exact
diagnosis of ONFH is often limited in clinical scenarios [2,4,5]. Although the accuracy
of our CNN model was not comparable with that of MRI, we believe that a CNN model
trained using anteroposterior pelvic radiographs can be used as a supplementary tool for
clinicians to determine the presence of pre-collapse ONFH.

A deep learning algorithm consists of a multilayer perceptron with multiple hidden
layers and a feedforward neural network, which allows it to recognize detailed charac-
teristics of input data [6,7,12]. A CNN is a deep-learning algorithm that receives image
data as input and transforms these data repeatedly using convolution and pooling opera-
tions [6,7,12]. Through these processes, important features or patterns of input data can
be extracted and differentiated [6,7,12]. We believe that our developed CNN algorithm
can recognize valuable features or patterns of pelvic radiographic images and can extract
specific characteristics, such as sclerosis or cystic changes, from ONFH and normal images.

4.2. Performance Comparison with Previous Studies

Two previous studies reported deep learning models for diagnosing ONFH using
pelvic or hip radiographs as input data (Table 3) [22,23]. In 2019, Chee et al. [22] developed
a deep learning algorithm using anteroposterior hip radiographs for 1892 anteroposterior
hip radiographs as the input data. Its sensitivity and specificity were 84.8% and 91.3%,
respectively. The AUC was 0.930. In 2020, Li et al. [23] used 3,136 anteroposterior hip
radiographs as input data to develop a deep learning algorithm. The AUC of their algorithm
was 0.974. The sensitivity and specificity were 90% and 94.6%, respectively.

Table 3. Classification performance comparison with prior studies.

AUC Sensitivity Specificity

ONFH right hip
model 0.912 (CI 0.773–1.0) 0.857 (CI 0.487–0.974) 0.905 (CI 0.711–0.974)

ONFH left hip model 0.902 (CI 0.747–1.0) 0.667 (CI 0.300–0.903) 1.000
Chee et al. [22] 0.930 (CI N/A) 0.848 (CI 0.733–0.906) 0.913 (CI 0.720–0.989)

Li et al. [23] 0.974 (CI 0.971–0.978) 0.900 (CI 0.877–0.923) 0.946 (CI 0.937–0.955)
ONFH, Osteonecrosis of the femoral head; AUC, area under the curve; CI, confidence interval; N/A, not applicable.

In our study, AUC, sensitivity, and specificity metrics were calculated based on test
data. The AUCs were found to be 0.912 (right hip model) and 0.902 (left hip model), which
were comparable with the results of previous studies that used large amounts of data. The
sensitivity and specificity were 85.7% and 90.5%, respectively, for the right hip model and
66.7% and 100%, respectively, for the left hip model. The sensitivity of the left hip model
was relatively low, but the specificity was very high. The proportion of ONFH-positive
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images for the left hip (20%) was smaller than that for the right hip (25%), which indicates
that learning about the positive image might be insufficient.

However, these previous studies included radiographs of both pre-collapsed and col-
lapsed ONFH. Furthermore, they did not evaluate diagnostic accuracy without separating
pre-collapsed and collapsed ONFH. Therefore, to the best of our knowledge, our study is
the first to demonstrate the possibility of using a deep learning algorithm that is trained
using pelvic radiographs to diagnose pre-collapse ONFH.

4.3. Limitations

However, our study was limited because we used a small number of pelvic radio-
graphs to train the CNN algorithm. If a larger amount of input data is used, the accuracy of
the model has the potential to increase. Additionally, we used image data obtained from a
single machine in a single center; therefore, the generalizability of the study may be limited.
Radiographs obtained from a wider array of machines from external centers are required
in the future.

5. Conclusions

In the current study, we showed that a CNN algorithm trained using anteroposterior
pelvic radiographs can help diagnose pre-collapsed ONFH. We believe that our CNN
algorithm would be useful for clinicians to determine the necessity of further evaluation
with MRI studies to confirm the diagnosis of ONFH. Early diagnosis of ONFH by our
developed CNN algorithm could prevent further aggravation (e.g., subchondral fracture
or cortical depression) of ONFH [24]. In the future, we plan to improve the diagnostic
accuracy of the CNN model for its practical use.
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