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Abstract

Introduction

Developmental dysplasia of the hip (DDH) is a cluster of hip development disorders and one of the most
common hip diseases in infants. Hip radiography is a convenient diagnostic tool for DDH, but its
diagnostic accuracy is dependent on the interpreter’s level of experience.

The aim of this study was to develop a deep learning model for detecting DDH using YOLOVS.
Methods

Patients younger than 12 months who underwent hip radiography between June 2009 and November
2021 were selected. Using their radiography images, transfer learning was performed to develop a deep
learning model using YOLOvS.

Results

A total of 305 anteroposterior hip radiography images (205 normal hip images and 100 DDH hip images)
were collected. Of these, 30 normal hip images and 17 DDH hip images were used as the test set. The
sensitivity and the specificity of our best deep learning model (YOLOv5I) were 0.94(95%Cl 0.73-1.00) and
0.96 (95%Cl:0.89-0.99), respectively.

Conclusion

This is the first study to establish a model for detecting DDH using YOLOv5. Our deep learning models
provided good diagnostic performance for DDH. We believe our model is a useful diagnostic assistant
tool.

Introduction

Developmental dysplasia of the hip (DDH) is a cluster of hip developmental disorders, including
dislocation, subluxation, and acetabular dysplasia. DDH is one of the most common hip diseases in
infants. In our previous study, the incidence of DDH-related dislocations was 0.076% in Japan.! Early
detection and treatment of DDH-related dislocations is highly effective, with >80% success rate.24
However, treatment outcomes in patients diagnosed with DDH dislocation at the age of =1 year vary,
suggesting that early detection and treatment is essential for good outcomes. In our previous study, we
reported that the rate of late diagnosis (diagnosed =1 year) was 10-12% in Japan, which was
concerning.

Hip radiography and ultrasonography are widely used screening tools for diagnosing DDH. Hip
ultrasonography is an accurate modality, but it requires a certain level of experience to achieve
acceptable performance.® Therefore, it may be difficult to popularize the hip ultrasonography technique
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for physicians who conduct hip screening for infants. Hip radiography is a convenient diagnostic tool
since it is available for most hospitals and clinics. However, the diagnostic accuracy of hip radiography
for DDH varies according to the interpreter's experience.® DDH is a relatively rare disease; in fact, a
Japanese study revealed that 32% of orthopedic doctors have not encountered a patient with DDH in their
career.! A tool that can help inexperienced doctors diagnose DDH may be necessary and can reduce the
percentage of late diagnosis.

Deep learning technology has rapidly progressed and is widely used to detect or classify objects of
images in many fields, such as face for recognition. Recent studies have shown that deep learning
techniques can also be applied to radiographic images.’”"’

To our knowledge, studies that have applied deep learning techniques to detect DDH using

hip radiography images are limited.'?'3 In this study, the “You Only Look Once” v5 (YOLOv5) method,

which is one of the most widely used object detection methods, was used.’* This algorithm is popular
because of its speed and accuracy. YOLOv5 has been used in various applications to detect traffic

signals, people, parking meters, and animals.’>16

The aim of this study was to use YOLOv5 to develop a deep learning model that can distinguish between
a normal hip and a hip with DDH using hip radiography images. We also sought to validate the
diagnostic performance of the model.

Methods

This was a retrospective study. The study was approved by the Institutional Review Board of the National
Rehabilitation Center for Children with Disabilities (2014-17), and all methods were carried out in
accordance with their guidelines and regulations. Written informed consent was obtained from the
parents or the legal guardians of all children.

N Data collection

Patients younger than 12 months who were suspected to have DDH-related hip dislocation or hip
subluxation and who had undergone anteroposterior(AP) view hip radiography between June 2009 and
November 2021 were selected retrospectively. For patients who underwent several hip radiographies, the
oldest image in the time series was selected. All patients were examined by the same experienced
pediatric hip specialist for DDH screening. Patients were diagnosed with DDH based on physical
examination findings, AP view hip radiography images, and hip ultrasonography images, if necessary. A
positive DDH diagnosis using hip radiography images was based on the following criteria: a)
lateralization of the epiphyseal ossification center, b) interruption of the Shenton line,'” c) widened tear
drop distance compared to that on the other side,'® d) delayed femoral head ossification compared to
that on the other side, e) high acetabular index (>30), and f) dulled edge of the acetabulum. The Graf
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method was used for hip ultrasonography.’® The International Hip Dysplasia Institute (IHDI) classification
was used to quantify DDH severity because the classification does not rely on the presence of the
ossification center of the femoral head and it can be applied to patients of all ages.2°

Basically, patients with DDH of IHDI grade 2 or worse and/or type 2c or worse Graf classification for hip
ultrasonography images were considered as belonging to the DDH group since they required careful

observation.®

X Data preparation

The original images were 1430 x 1140 pixels in size. These images were changed into a square shape
(1430 x 1430 pixels) by adding black regions to the top and bottom. Then, the images were resized to
864 x 864 pixels. Approximately 15 percent of normal images were randomly but equally distributed to
validation and test datasets, and 15 percent of DDH images were also randomly but equally distributed
to validation and test datasets, considering the equality of DDH severity based on IHDI classification.

For the training dataset, all images were augmented by flipping them horizontally. In addition, to avoid
overfitting, the DDH images were augmented by 10° and -10°rotations.

¥ Image annotation

Image annotation was performed with Lablimg version 1.8.1.2" Object bounding boxes were drawn with
the following criteria: a) the inner boundary is drawn in anatomical regions deeper than the deepest
region of the acetabulum, b) the outer boundary is drawn to include the greater trochanter, c) the upper
boundary is drawn to include the acetabulum and the ossification center of the femoral head, and d) the
lower boundary is drawn to include the lesser trochanter (Figure.1). Normal hips are labeled as “Normal”
and DDH hips are labeled as “DDH".

¥ Deep learning algorithm

Transfer learning was performed using YOLOvS5. Transfer learning is a technique in which a well-trained
model from a large dataset is used for applications of interest with a small dataset.?2 Therefore, transfer
learning can reduce the requirement of large datasets. YOLOVS is the latest product in the YOLO series.
YOLOvV5 contains four different models: YOLOvSs, YOLOv5m, YOLOvVSI, and YOLOvSx. The main
difference between these models is the amount of feature extraction modules. YOLOv5s has the smallest
size of modules and amount of module parameters, and YOLOv5x has the largest size of modules and
amount of module parameters.’® All four models were utilized for the present study and results were
compared. For transfer learning, the first 10 layers of the YOLOv5 models were frozen in place, and the
rest of the layers were retrained with our new datasets.
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A learning rate of 0.01, mini-batch size of 32, and 100 epochs were used for the training.

The analyses were performed using Python 3.7.12 (Python Software Foundation, Wilmington, DA, U.S.).
Consequently, the trained models could detect hips in AP view radiography images and label them as
either “Normal” or “DDH”", with confidence scores (Figure.2). Confidence

The test set was evaluated using the trained models, with a 0.5 confidence score threshold.

If both “Normal” and “DDH" were labeled on the same hip, the hip evaluation was considered invalid
(Figure.3). Sensitivity, specificity, positive predictive value, and negative predictive value were calculated
for each trained model.

Results

Between June 2009 and November 2021, 305 hip AP X-ray images (205 normal hip images and 100 DDH
hip images) were collected. Subsequently, 396 DDH and 290 normal images were used for training, and
30 normal and 17 DDH hip images were used for testing (Figure.4).

The basic characteristics of the datasets are shown in Table 1. In one case, the IHDI grade was grade 1 in
the DDH group, but the patient’s Graf classification was type 2c. Therefore, this case was categorized as
a DDH case.

Among the four models, four hips were labeled as both “Normal” and “DDH"; one hip in the YOLOv5x
model and three hips in the YOLOv5s model. There was no double labeling in the other two models. Table
2 shows the diagnostic performance of each YOLOv5 model.

Table 1

Basic characteristics
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DDH Group  Normal Group
N=100 N=205
Girls, n (%) 88(88) 152(74.7)
Age(month) mean(min-max) 6.1 (1-12) 6.0 (0-12)
Affected side Left 69
Right 26
Bilateral 5
IHDI grade 1 1
2 46
3 37
4 21

DDH: developmental dysplasia of the hip

IDHI: International Hip Dysplasia Institute.

Table 2

Diagnostic performance of YOLOv5 models.

Sensitivity Specificity PPV NPV

(95% Cl) (95% Cl) (95% CI) (95% Cl)
vbx  0.83(0.59-0.96) 0.99(0.93-1.00) 0.94(0.70-1.00) 0.96(0.89-0.99)
v5l 0.94(0.73-1.00) 0.96(0.89-0.99) 0.85(0.62-0.97) 0.99(0.93-1.00)
vbm  0.89(0.65-0.99) 0.97(0.91-1.00) 0.89(0.65-0.99) 0.97(0.91-1.00)
vbs  0.94(0.73-1.00) 0.93(0.85-0.98) 0.77(0.55-0.92) 0.99(0.93-1.00)

PPV: positive predictive value.

NPV: negative predictive value

In terms of false negatives, the YOLOv5s and YOLOv5I models mislabeled only one hip, and the same hip
was found to have been mislabeled by the models (Figure.5).

All severe DDH cases (IHDI grade 3 and 4) were correctly labeled “DDH”" in all four models. The labeling of
mild DDH cases (IHDI grade 2) was variable, and no model labeled all IHDI grade 2 cases correctly (Table
3).
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Table 3

DDH hips correctly labeled “DDH”, according to IHDI grade.

IHDIgrade Total N (%)
YOLOvSx YOLOv5l YOLOvSm  YOLOvSs

4 Ships 5(100)  5(100)  5(100) 5(100)
3 7hips 7(100)  7(100)  7(100) 7(100)
2 6hips 3(50.0)  5(83.3)  4(66.7) 5(83.3)

DDH: developmental dysplasia of the hip

IDHI: International Hip Dysplasia Institute

Discussion

We developed deep learning models for detecting DDH using hip radiography images in the
anteroposterior view. To the best of our knowledge, this is the first study to achieve this using YOLOVS. In
addition, using the transfer learning technique, a good model could be constructed with a relatively small
dataset. A benefit of using an object detection model rather than a classification model is the ability of
the object detection model to evaluate both hips simultaneously without image processing. Studies that
used YOLOv5 models have been reported in various medical fields.?® One study used YOLOv5 models to
detect brain abnormalities, and another study sought to detect lumbar spine deformities using YOLOv5

models.2425

As a confirmed diagnostic tool, hip ultrasonography is probably the best modality in the hands of a well-
trained operator. A study reported that the sensitivity and specificity of hip ultrasonography for detecting
DDH were 93% and 97%, respectively.® The diagnostic performances of our trained models were
comparable, but the diagnostic performance of hip ultrasonography would be better than that in the
current study if the operator is well-trained.

The strength of a deep learning model compared to hip ultrasonography screening is that it can be
applied in clinics who do not have a pediatric hip specialist close by. By using a deep learning model, a
general practitioner with insufficient expertise in orthopedics might be able to diagnose DDH. Combining
telemedicine with deep learning technology may decrease the rate of late DDH diagnosis. An
autonomous artificial intelligence-based diagnosis system has already been applied in the field of

medicine.2°

A study showed the sensitivity and specificity of AP view hip radiography images reviewed by
radiologists for the detection of DDH. Sensitivities and specificities of 96.0 and 89.0 were noted for a
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radiologist who had a 5-year experience in radiology, including pediatric radiology, and 84.0 and 85.8
were noted for a radiologist who had a 3-year experience in radiology, without any experience in pediatric
radiology.® These results indicate that our deep learning model can be a useful screening tool for
physicians who do not have sufficient experience regarding DDH.

High sensitivity is desirable for screening tools. Among our four trained models, the YOLOv5I and
YOLOv5s models had the highest sensitivity (0.94). In contrast, YOLOv5x had the highest specificity
(0.99) and YOLOv5s had the lowest specificity (0.93). Overall, of the four models, YOLOv5I was
considered the best screening tool because of its high sensitivity and specificity. There was only one
false-negative diagnosis for the YOLOvSI model. Furthermore, all four models mislabeled the same case
(Figure.5). Another DDH case was mislabeled by the YOLOv5x and YOLOv5m models (Figure.6). Both
patients were less than 2 months old, and hip epiphyseal ossification centers could not be detected in the
hip radiography images.

Compared to our trained models, hip ultrasonography may be a superior tool for evaluating neonatal
(before the appearance of the epiphyseal ossification center) and mild cases of DDH. However, our four
trained models could correctly detect DDH in all severe DDH (IHDI grades 3 and 4) cases. Further, in two
patients aged less than 4 months in whom the epiphyseal ossification centers could not be detected
radiographically, DDH was correctly detected (Figure.7).

All four models did not display satisfactory diagnostic accuracy for IHDI grade 2 DDH. More images may
be necessary to train the models to correctly detect young and mild DDH cases. Confidence scores were
almost always high, and hips were either correctly labeled or not. For example, in the YOLOv5I model, all
confidence scores were greater than 0.7, and 97% of the confidence scores were greater than 0.8. In
addition, all three hips with confidence scores less than 0.8 were labeled correctly. Therefore, in our
model, the confidence scores did not seem to play an important role in DDH diagnosis. Because the
difference between hips with or without DDH was subtle, confidence scores were probably high in most
cases. We found a few similar studies. One study reported the diagnostic performance of a convolutional
neural network deep learning algorithm for detecting DDH. The sensitivity and specificity of the algorithm
were 0.94 and 0.99, respectively.'® In another study, a deep learning algorithm was applied to measure
the acetabular index and center-edge angle and provide IHDI classification, and IHDI classification
accuracies ranged from 0.86—0.95.72 These study results are comparable to our results.

There were several limitations in this study. First, this was a single-center study and DDH is relatively rare;
therefore, only 100 DDH hip images were collected. In general, the use of more data would lead to a better
deep learning model. More DDH hip images may be required to improve our models. Second, the cutoff
point for distinguishing normal and DDH hips may be different from those of other studies. In this study,
we included patients who required careful observation. These cases may be considered as overdiagnosis.
We believe that for a screening tool, overdiagnosis is better than underdiagnosis.
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In conclusion, our deep learning models using YOLOv5 provided accurate diagnostic performances for
DDH. We believe our model is a useful diagnostic assistant tool.
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Figures

*

Figure 1

Annotation examples

Examples of bounding boxes for normal (left image) and DDH (right image) hips.
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Figure 2

Example of a test image outcome. The right hip was labeled “Normal” and the left hip was labeled “DDH”,
with confidence scores. Both hips were correctly labeled.

scores indicate the probability of correct class labeling and how well the predicted box fits

the labeled class.16
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Figure 3

Example of double labeling.

The right hip was labeled as both “Normal” and “DDH".
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Normal hip images N=205
DDH images N=100

I

Training dataset
Normal hip images N= 145

DDH images N= 66 (68 affected hips)

[ 11DI grade | Number of ips |
1 1
2 35
3 21
4 11

Validation dataset

Normal hip images N= 30

DDH images N=17(19 affected hips)

Test dataset

Normal hip images N= 30

DDH images N= 17 (18 affected hips)

2 6
3 7
4 5

Data augmentation:

Training dataset

Normal hip images N=290

DDH images N=396

= flipping horizontally, and
10° and -10° rotations only for DDH images

Validation dataset
Normal hip images N= 30
DDH images N= 17

Test dataset
Normal hip images N=30
DDH images N=17

Figure 4

Flowchart of data preparation.

DDH: developmental dysplasia of the hip
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Figure 5

Hip anteroposterior radiography image (left) and hip ultrasonography image of the same hip (right). The
patient was a 1-month-old boy. IHDI grade 2, Graf type D.

Anatomical interpretation of the ultrasonography image: 1, bony part of the femoral neck. 2, cartilaginous
femoral head. 3, bony part of acetabular roof. 4, acetabular labrum.
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Figure 6
Hip anteroposterior radiography image (left) and hip ultrasonography image of the same hip (right).

The patient was a 2-month-old girl. IHDI grade 2, Graf type D.

Anatomical interpretation of the ultrasonography image: 1, bony part of the femoral neck. 2, cartilaginous
femoral head. 3, bony part of acetabular roof. 4, acetabular labrum.
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Figure 7

A 3-month-old girl with IHDI grade 3 DDH (left) and a 1-month-old girl with IHIDI grade 3 DDH (right).Both
hips were correctly labeled as DDH, although epiphyseal ossification centers did not appear.
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