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ABSTRACT

BACKGROUND: Patients with hand trauma are usually examined in emergency departments of hospitals. Hand fractures are fre-
quently observed in patients with hand trauma. Here, we aim to develop a computer-aided diagnosis (CAD) method to assist physi-
cians in the diagnosis of hand fractures using deep learning methods.

METHODS: In this study, Convolutional Neural Networks (CNN) were used and the transfer learning method was applied. There
were 275 fractured wrists, 257 fractured phalanx, and 270 normal hand radiographs in the raw dataset. CNN, a deep learning method,
were used in this study. In order to increase the performance of the model, transfer learning was applied with the pre-trained VGG-16,
GoogleNet, and ResNet-50 networks.

RESULTS: The accuracy, sensitivity, specificity, and precision results in Group | (wrist fracture and normal hand) dataset were 93.3%,
96.8%, 90.3%, and 89.7% , respectively, with VGG-16, were 88.9%, 94.9%, 84.2%, and 82.4%, respectively, with Resnet-50, and were
88.1%, 90.6%, 85.9%, and 85.3%, respectively, with GooglLeNet. The accuracy, sensitivity, specificity, and precision results in Group
2 (phalanx fracture and normal hand) dataset were 84.0%, 84.1%, 83.8%, and 82.8%, respectively, with VGG-16, were 79.4%, 78.5%,
80.3%, and 79.7%, respectively, with Resnet-50, and were 81.7%, 81.3%, 82.1%, and 81.3%, respectively, with GooglLeNet.
CONCLUSION: We achieved promising results in this CAD method, which we developed by applying methods such as transfer
learning, data augmentation, which are state-of-the-art practices in deep learning applications. This CAD method can assist physicians
working in the emergency departments of small hospitals when interpreting hand radiographs, especially when it is difficult to reach
qualified colleagues, such as night shifts and weekends.
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INTRODUCTION

Distal radius and ulna fractures, carpal-metacarpal bone frac-
tures, and phalanx fractures are commonly seen in patients
with hand trauma. Distal radius fractures are the most com-
mon fractures of the upper extremity, the most common
reason for this type of fractures is a fall on an open hand.
Distal ulna fractures are usually associated with distal radius

fractures.I'! More than 80% of carpal bone fractures are com-
posed of scaphoid and triquetral fractures. Up to 15-25% of
non-displaced fractures may not appear on plain radiographs.
Phalanx and metacarpal fractures are among the most com-
mon fractures of the skeletal system and constitute 10% of
all skeletal system fractures. Phalanx fractures appear as sta-
ble and unstable fractures.>®! Some complications including
nonunion, delayed union, or avascular necrosis might occur
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due to delayed diagnosis and treatment, especially in scaphoid
fractures®! Patients with hand trauma primarily apply to
emergency clinics or emergency departments of hospitals.!"

The patient with hand trauma should be attentively examined.
Some hand fractures such as displaced distal radius fractures
can be easily diagnosed by plain radiography, while some others
are difficult to evaluate due to their small size, lack of displace-
ment, and location of these fractures.! Plain hand radiographs
are the first-line imaging modality in emergency departments
to evaluate patients with hand trauma. Plain radiography is
easily accessible and relatively inexpensive an imaging modal-
ity. Furthermore, patients are exposed to low-dose radiation
with plain radiographs. However, general practitioners and
family physicians working in the emergency department may
not have enough experience to evaluate hand radiographs, and
there may not be a radiologist or orthopedist at the hospital
at that time. Emergency departments of the hospitals are also
intensive and stressful working areas. Clinicians may also be
exposed to excessive workloads that cause fatigue and sensi-
tivity to interpretation errors. In one study, it is reported that
30% of the hand radiographs were misdiagnosed.?!

Computer-aided diagnosis (CAD) systems have been used for
many years to assist clinicians in interpreting medical imag-
es. Nowadays, studies are showing that clinicians’ success is
improved by the inclusion of deep learning methods in CAD
systems.[! Deep learning method is a sub-class of machine
learning and feature extraction is performed automatical-
ly. Convolutional neural networks (CNN) is a deep learning
method, various filters are applied to the image in the CNN
method and feature extraction is done by using various algo-
rithms. CNN’s are very successful in feature extraction and
image classification, but numerous data are required for CNN
training from scratch.”l Data augmentation and transfer learn-
ing can be applied when the number of data is insufficient.

This study aims to develop a diagnostic model that assists
physicians who work in the emergency departments, espe-
cially when it is not possible to reach radiologists or ortho-
pedic specialists, and to provide an objective second opinion
to them when interpreting radiographs of patients with hand
trauma.

-
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Figure 1. Sample images from the dataset after preprocessing (left 3 images: phalanx fracture images, right 3 images: wrist fracture images).

MATERIALS AND METHODS

Dataset

Between March 2012 and December 2018, radiographs of
patients with hand fractures in Kirikkale University, Faculty
of Medicine emergency department and between January
2017 and September 2019, radiographs of patients with hand
fractures in Nevsehir State Hospital emergency department
were included in the study. Hand radiographs of patients over
20-years-old were included in the study. Radiographs with
hand fractures were re-evaluated by an orthopedist who was
experienced over 5 years and an experienced radiologist over
5 years. This study was performed on 275 wrist fractures,
257 phalanx fractures, and 270 normal hand radiographs.

Data Pre-processing and Splitting

The hand radiographs used in this study were in JPG format,
different width, and height pixels. All images were cropped
to include the hand. A white color padding was added to
the right and left side of each image to prevent data loss and
distortion so that the square frame was obtained and the
resolution did not change. All of the images were resized to
224x224 pixels. Thus, 224x224x3 (3 means RGB image for-
mat) dimension images were obtained. Figure | shows some
cropped and resized images samples.

When applying machine learning methods, the data is split
into training, validation, and test data. During the training
of the network, training accuracy and training loss graphics
are obtained at every step. And with the validation data set,
model performance is evaluated and model hyperparame-
ters are tuned. Before the training of the network, the raw
dataset was randomly split into training and test data (75% as
training data and 25% as test data) so that test data was not
used during training and validation. After that, each image in
the training raw dataset was flipped horizontally to increase
the training data, and these images were again split into two
to be used for training and validation (85% and 15%). Table |
shows these splittings.

Transfer Learning, Data Augmentation
When there is not enough data for CNN training from
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scratch, data augmentation and transfer learning can be ap-
plied. It is difficult to find sufficient data in the medical field
due to expert annotation and patient confidentiality, in which
case transfer learning can be a solution. Some pre-trained
networks trained with natural image data (ImageNet dataset)
can be used for transfer learning, their characteristics, depths,
and performances are different. Some of these pre-trained
networks are AlexNet,® GoogleNet,”! Inceptionv3,!”
SqueezeNet,!'! Resnet,!'? VGGI'). In this study, pre-trained
VGG-16, ResNet-50, and GoogleNet networks were used
for transfer learning. Transfer learning is the use of a pre-
trained model for a new problem. VGG-16 has a sequential
network architecture and |6 layers. These layers are convo-
lution layers, max-pooling layers, and fully connected layers.
GoogleNet has an inception network architecture and has
22 layers. The Inception network model consists of modules.
Each module consists of different dimensional convolution
and max-pooling processes. ResNet has a residual network
architecture and is 50 layers, makes shortcut connections
between layers, skipping one or more layers. Table 2 shows
the properties of these pre-trained networks. Nowadays
these pre-trained networks are used successfully for transfer
learning. In a few studies, it was observed that the networks
initially trained with natural images could be applied to skel-
etal radiographs with minimal intervention.l'] Previously, the
transfer learning method has successfully applied to medical
images such as computed tomography (CT) images!'! and
X-rays images.!['!8]

Table I. Number of images after splittings. The raw dataset
was first split into training and test data. Flipped
training raw dataset was used for training and
validation

Raw Dataset Training Validation Test

Wrist fracture 275 352 62 68

Phalanx fracture 257 328 58 64

Normal 270 345 6l 67

Table 2. Properties of pre-trained networks used in this
study

Model VGG-16 GooglLeNet ResNet-50

Sequential Inception Residual
modul network

Depth 16 22 50

Number of filters 64 64 64

Filter size 3x3 7x7 7x7

Stride %1 1x] 2x2

Dropout 50% 50% 50%

Activation function RelLU RelLU RelLU
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Data augmentation is achieved by making non-exact copies or
transformations of each image, such as sharpness, brightness,
contrast, and mirror symmetry. Here, data augmentation was
applied by the random transformation of images, randomly
translating the images up to 3 pixels horizontally and ver-
tically, and rotating the images up to 30° and —30°. In deep
learning methods, setting the appropriate hyperparameters
during the training of the model improves the performance
of the network. Table 2 shows the hyperparameters used in
this study. The learning rate and cycle number hyperparam-
eters were iteratively optimized. The learning rate refers to
the magnitude of changes made to the model parameters af-
ter each iteration. As the training progressed, a learning rate
decay was applied, reducing the magnitude of the parameter
changes.

RESULTS

This study was performed on a LENOVO Intel® Core™ i7-
9750H/Y540/16G/512 GeForce RTX2060 computer and in
MATLAB® environment. Three different dataset groups were
created with wrist fractures and normal hand radiographs
(Group 1), with phalanx fractures and normal hand radio-
graphs (Group 2), and with wrist fractures, phalanx fractures,
and normal hand radiographs datasets (Group 3). The effi-
ciency of the created models was evaluated using performance
metrics such as accuracy, sensitivity, specificity, and precision.
These performance metrics were calculated using the confu-
sion matrices. The training was repeated five times with each
model. The best results obtained with each model can be seen
in Table 3. Figure 2 shows the confusion matrixes obtained by
training all three datasets with the VGG-16 network. During
the training and validation of the Group 3 dataset with the
VGG-16 network, samples of validation tests of randomly se-
lected eight images can be seen in Figure 3, Table 4.

The CAD model we developed was tested with images used
for neither training nor validation purposes. The test set in-
cluded 68 wrist fractures, 64 phalanx fractures, and 67 nor-
mal hand radiography images. Using pre-trained VGG-16,
ResNet-50 and GoogleNet networks, test accuracy results

Table 3. Hyperparameters used in this study

Optimizer sgdm
Mini batch size 16
Dropout 0.5
Initial learn rate le-4
Learn rate drop factor 0.2
Learn rate drop period 8
L2 regularization 0.004
Validation frequency 16

sgdm: stochastic gradient descent with momentum.
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General practitioners and family physicians working in emer-

Table 4. Results of performance metrics obtained with
validation gency departments may not have sufficient experience in
evaluating hand radiographs. Besides, it is not always possible
VGG-16  ResNet-50  GoogleNet to reach an experienced radiologist or orthopedist at emer-
gency departments. Bone fractures may be misinterpreted
e | IS AL =22 el due to physician fatigue, lack of expertise, and inconsistency
Sensitivity 96.8 94.9 90.6 between interpreting physicians. Emergency departments of
Specificity 90.3 84.2 85.9 hospitals are also intensive and stressful working areas. Pre-
Precision 89.7 824 85.3 trained VGG-16, ResNet-50, and GoogleNet networks were
Group2  Accuracy 84.0 79.4 817 used in this preliminary study to develop a CAD system for
Sy 84.1 785 813 assisting the physmla.ns who work in the emergency depart-
ments in the diagnosis of hand fractures. Model performance
Specificity ~ 83.8 80.3 82.1 ) )
- was evaluated with performance metrics such as accuracy,
e 2k 2wl el sensitivity, specificity, and precision, and promising results
Group 3 Accuracy 834 784 76.4 were obtained.

Group |: Wrist fracture & normal hand. Group 2: Phalanx fracture & normal

hand. Group 3: Wrist fracture & phalanx fracture & normal hand.

were 85.9, 82.2, and 82.2 for Group | dataset respectively,
were 84.7, 78.6, and 76.3 for Group 2 dataset respectively, and
were 77.3, 67.8, and 71.9 for Group 3 dataset, respectively.

DISCUSSION

Plain radiography is the first-line imaging modality for patients

Transfer learning can be applied when the number of data
is not sufficient for CNN training from scratch. In recent
years, there have been several studies showing that pre-
trained CNN models trained with the Imagenet dataset have
achieved successful results in the training of medical images.
[ Kim and MacKinnon!'”) worked on wrist fractures, applied
transfer learning with InceptionV3. Their datasets consisted
of 695 broken wrist radiographs and 694 normal hand radio-
graphs. According to the ROC curve analysis, 0.954, 0.9 and
0.88 accuracy, sensitivity and specificity were determined, re-

who apply to the emergency departments with hand trauma.

Confusion Matrix (VGG-16) Confusion Matrix (VGG-16) Confusion Matrix (VGG-16)
55 0 9 85.9%
) 61 7 89.7% 53 1 82.8% Frac-phalanx
Frac- Frac-phal 0 0 9 0
rac-wrist 45,29 5.29% 10.3% rac-phalanx 40.5% 8.4% 17.2% 27.6%| 0.0% | 4.5% | 14.1%
2 2 8 oot 3 | 61| 4 [807%
8 © © _
F;‘ 15% | 481% | 3.0% :5‘, 76% | 435% | 14.9% *‘;‘ vormal| 12 | 5| 50 [746%
3 3 3 OMa 6.0% | 2.5% | 25.1% | 25.4%
96.8% 90.3% 93.3% 84.1% 83.8% 84.0% 78.6% | 92.4% | 79.4% | 83.4%
3.2% 9.7% 6.7% 15.9% 16.2% 16.0% 21.4% | 7.6% |20.6% | 16.6%
& > & > & © >
S~ N &S R
& N A &
Target Class <& Target Class <& Target Class

Figure 2. Confusion matrices obtained from training with the pre-trained VGG-16 network.

Frac-wrist, 100%

Frac-phalanx, 84.4%

Frac-phalanx, 96% Normal, 79.1%

Frac-phalanx, 72.4%

Frac-wrist, 76.4%

Figure 3. Randomly selected 6 images during testing of the Group 3 dataset with the VGG-16 network.
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spectively. Yahalomi et al.*! performed transfer learning with
VGG-16 and studied on distal radius fractures with Faster
R-CNN. Their dataset consisted of 55 AP images with distal
radius fractures, and 40 AP images without any bone fracture.
They achieved 96% accuracy in diagnosing distal radius frac-
tures. In this work, we studied on wrist and phalanx fractures
and applied transfer learning methods with pre-trained VGG-
16, ResNet-50, and GoogleNet networks. The VGG-16 per-
formed a bit better than the others. Our models were better
in wrist fractures, in our opinion, the reason they performed
lower in phalanx fractures depends on the phalanx fractures
in different localizations and shapes. For this, the number of
images was limited and we think that the models will perform
better in phalanx fractures with more images.

Overfitting is an important problem when the number of
data is insufficient. When there is not enough data, transfer
learning and data augmentation are applied. Image data aug-
mentation is a way to prevent overfitting, as well as improve
network performance. Overfitting occurs when a model
learns detail and noise in training data. When new images
are introduced to the network, the model cannot interpret
them correctly and accuracy decreases. In addition to data
augmentation, methods such as drop out, early stopping,
L2 regularization, learning rate decay are applied to prevent
overfitting.?°2' In this study, these methods were also applied
to prevent overfitting. In addition, the image of the hand was
cropped from the entire image during preprocessing so that
the artifact pixels will not interfere with the training process,
and symmetric mirror images of hand radiographs were add-
ed to the data sets thereby increasing the number of data
for training. During the training of the models, we did not
observe any signs of overfitting.

The performance of the CNN improves as the number of
data increases. In addition to the low number of images, the
asymmetric position of the radiographs, inappropriate X-ray
dose, and presence of artifacts adversely affect the success of
the CNN model. This preliminary study was conducted on
the hand radiography images of two distinct centers. If multi-
center studies can be conducted in the future, both the num-
ber of images will be higher and the radiographs interpreted
by many experts will be included. Thus, the generalization
and reliability of the method are achieved.

Conclusion

Despite the limited number of data, we achieved promising
results in this CAD method, which we developed by applying
appropriate preprocessing processes and applying state-of-
the-art methods in deep learning practices during the training
of models. This method can assist physicians working in the
emergency rooms of small hospitals when interpreting hand
radiographs, especially when it is difficult to reach qualified
colleagues such as night shifts and weekends. In addition, this
method can help physicians in preventing undesired conse-
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quences that may arise due to intensity, fatigue, stress, and
carelessness.
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ORIJINAL CALISMA - 0Z

Diiz el radyografilerinden el kiriklarinin tespiti i¢in derin 6grenme yontemlerinin kullanilmasi
Dr. Kemal Ureten," Dr. Hiiseyin Fatih Seving,2 Dr. Ufuk igdeli,® Dr. Aslihan Onay,* Dr. Yiiksel Marag®

"Kirikkale Universitesi Tip Fakiiltesi, Romatoloji Bilim Dali, Kirikkale
2Nevsehir Devlet Hastanesi, Ortopedi ve Travmatoloji Klinigi, Nevsehir
3Kirikkale Universitesi Tip Fakiiltesi, g Hastaliklari Klinigi, Kirikkale
“Bagkent Universitesi Tip Fakiiltesi, Radyoloji Anabilim Dali, Ankara
SAnkara Sehir Hastanesi, Romatoloji Bolimi, Ankara

AMAC: El travmasi olan hastalar genellikle hastanelerin acil servislerinde muayene edilir. El travmalarinda el kemik kiriklari siklikla goriilir. Bu
calismada, derin 6grenme yontemlerini kullanarak el kiriklarinin tanisinda hekimlere yardimei olmak igin bilgisayar destekli bir ydontem gelistirmeyi
hedefledik.

GEREC VE YONTEM: Bu galismada, konvoliisyonel sinir aglari kullanilmis ve 8grenme transferi ydntemi uygulanmistir. Veri kiimesinde 275 el bilek
kingi, 257 falanks kingi ve 270 normal el radyografisi vardi. Bu ¢alismada derin 6grenme yontemi olan konvolisyonel sinir aglari kullaniimistir. Mode-
lin performansini artirmak icin nceden egitilmis VGG-16, GoogleNet ve ResNet-50 aglari ile 6grenme transferi uygulanmistir.

BULGULAR: Grup | (el bilek kirigi ve normal el) veri setindeki dogruluk, duyarlilik, 6zgtllik ve kesinlik sonuglari VGG-16 ile sirasiyla %93.3, %96.8,
9%90.3 ve %89.7, ResNet-50 ile sirasiyla %88.9, %94.9, %84.2 ve %82.4 ve GoogleNet ile sirasiyla %88.1, %90.6, %85.9 ve %85.3 idi. Grup 2 (falanks
kingi & normal el) veri setindeki dogruluk, duyarlilik, 6zglillik ve kesinlik sonuglari, VGG-16 ile sirasiyla %84.0, %84.1, %83.8 ve %82.8, Resnet-50
ile sirasiyla %79.4, %78.5, %80.3 ve %79.7 ve GooglLeNet ile sirasiyla %81.7, %81.3, %82.1 ve %81.3 idi.

TARTISMA: Derin 6grenme uygulamalarinda son teknoloji uygulamalar olan transfer 6grenme, veri artirma gibi yontemler uygulayarak gelistir-
digimiz bu bilgisayar destekli tani yonteminde umut verici sonuglar elde ettik. Bu bilgisayar destekli tani yontemi, el radyografilerini yorumlarken,
ozellikle gece vardiyalari ve hafta sonlari gibi uzman meslektaslara ulasmak zor oldugunda, kii¢lik hastanelerin acil servislerinde galisan hekimlere
yardimci olabilir.

Anahtar sozciikler: Bilgisayar destekli tani; derin 6grenme; el kiriklari; konvoliisyonel sinir aglari; 6grenme transferi; veri artirma.
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