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Abstract: The purpose of this study was to present the models for classifying the wrist X-ray images by types and
for segmenting the radius automatically in each image using deep learning and to verify the learned models. The
data were a total of 904 wrist X-rays with the distal radius fracture, consisting of 472 anteroposterior (AP) and 432
lateral images. The learning model was the ResNet50 model for AP/lateral image classification, and the U-Net model
for segmentation of the radius. In the model for AP/lateral image classification, 100.0% was showed in precision,
recall, and F1 score and area under curve (AUC) was 1.0. The model for segmentation of the radius showed an accu-
racy of 99.46%, a sensitivity of 89.68%, a specificity of 99.72%, and a Dice similarity coefficient of 90.05% in AP
images and an accuracy of 99.37%, a sensitivity of 88.65%, a specificity of 99.69%, and a Dice similarity coefficient
of 86.05% in lateral images. The model for AP/lateral classification and the segmentation model of the radius learned
through deep learning showed favorable performances to expect clinical application.
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Fig. 3. The architecture of U-Net model

e glo] A= fAIck & 4 gk

o &
d s =

AUCZE Yetitt. 3
‘]

=2
o)
)
o
O
oX,
~~
=
c
)

positive, TP)—=
Bohil 3%, 9104 (false
2 Zobdl 4%, 9]

o 1]
o off

A5

o2
ox
filo
r>~1

L.

positive, FP)«=
2Al(false negative, FN)=
Zopll A9 21-8-A(true negative, T
oJafoz Foll A9E Uehich, FuE,
= A (D)@ 38l Artstalar, 21 Ak

Oﬂ, oR O?'-vﬁ
2

>

o

o

of

ol

o, ox e
o

0.

=)
of ©
2,

r ru_lg
O

of
ox
o]

r (rzlo
ox
o
I
rH U

(2

A e
o
of oL

7
2
el
o
=
=
L
3
=
@

fr

]
5
T
3
)

E35 ROC BA4S 53 AUC= 1.00]%1t).
.. _ TP
Precision = TP+FPX100 (1)
_ TP
Recall = v FNX 100 2)

1. G AE Yolelolxe] AN G4 v A
Table 1. Result of classification of anteroposterior/lateral images
in test data

F1 Score [%]
100.0

Precision [%]

100.0

Recall [%]
100.0

Test data

[ -

=) copy and crop

§  2x2 max pool

1
- 1 2x2 up-conv

1 =) 1x1 conv

.
Total parameters: 7,771,297
Trainable parameters: 7,765,409
Non-trainable parameters: 5,888

(overlaid image)E Z1Z} 17 49} 17 5of Ueylch.

o ddte Ak, WdE, 5ok, ol fAHAIE
714 A2 v w33ttt Ground truth o]u]z|Q} A} o]
oA & Aduiey b2 vty S5 PES o]gel TP,
FP, FN, TNS 2}2} Yepiar, 4 (4)~(7)of whet 4714 <]
s AL 1 Ay E 29 Yebleh

Accuracy = % x 100 4)
Sensitivity = TPYEVNX 100 5)
Specificity = FP]:FNTNX 100 (6)
DSC=2x757 TN)ZIEFPJrFN) ™

HAE o|nx]E AL 2, ground truth o]m]z|e} B3} &}
5 23 oA E vlaste] ALK A, A5 G4
FoIS e Bt H2E 99.46%, B+t W= 89.68%,

97



W e A AN © S ol§e A W S A HRe a3 9o B3 - ol/IE - 4G - oY - U]

T8 4. A5 GdelXe) ez 9o e Ak a) €4 o]u]A], b) ground truth o]w]7], ¢) &8 A} o]u]x], d) LHFo|= ofw]7]
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Segmentation result images, d) Overlaid images
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Table 2. Result of segmentation of the radius in anteroposterior (AP) and lateral images

Accuracy [%] Sensitivity [%] Specificity [%] DSC [%]
AP images 99.46 89.68 99.72 90.05
Lateral images 99.37 88.65 99.69 86.05

*DSC (Dice similarity coefficient)
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