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Diagnostic performance of artificial intelligence-based single-stage object
detection models in fracture lines on X-ray radiographs
WANG Ya-li, QIAO Zi-yi, Wu Hao-ge, CHEN Shi-fei, ZHANG Ran-xu, WU Hui-zhao"
(Department of Medical Imaging s the Third Hospital of Hebei Medical University »
Shijiazhuang 050051, China)

[ Abstract]  Objective  To analyze the diagnostic performance of single-stage object
detection models YOLO-v5, YOLO-v7 and YOLO-v8 in fracture lines across different
anatomical regions on X-ray radiographs, and to determine the optimal model for precise
detection of subtle, complex, and multiple fracture lines. Methods A total of 6 740 digital X-ray
radiographs of fractures were included. The YOLO-v5, YOLO-v7 and YOLO-v8 models were
configured in the PyCharm integrated development environment to enable end-to-end image input
and visualize diagnostic results. Evaluation metrics, including accuracy, precision, recall, F1-

score, average precision, and area under the ROC curve, were used to compare the models in
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diagnosing fracture lines. Two radiologists evaluated the test set using eight diagnostic
approaches (with/without each of the three models), comparing diagnostic time, accuracy,
sensitivity, specificity, and analyzing causes of false-positive results and false-negative results.
Results Among the three models, YOLO-v5 achieved the highest overall diagnostic accuracy
(78.11%) for comprehensive anatomical regions. YOLO-v5 demonstrated accuracies of 82.47%
for fractures in the long bones of extremities, 83.34 % for spinal fractures, but lower performance
for pelvic and hand/foot fractures (60.15% and 65.12%, respectively). YOLO-v7 showed the
lowest accuracy for long bones of extremities, pelvis, and hand/foot fractures (30.35%,
30.11% ., and 47.68%) but achieved the highest accuracy for spinal fractures (88.92%). The
fracture detection accuracies of YOLO-v8 for the five groups were 76.20%, 81.69%, 82.36%,
60.52%, and 55.65% , respectively, with its performance lying between the other two models.
Compared with the diagnoses with or without model assistance, both YOLO-v5 and YOLO-v8
improved radiologists’ workflow speed and diagnostic accuracy. Conclusion The three models
exhibited varying effectiveness in assisting diagnosis. Selecting appropriate models for specific
anatomical regions can significantly enhance diagnostic efficiency and accuracy of radiologists.

[Key words] fracture; diagnosis; artificial intelligence
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Table 1 Distribution of fracture sites on X-ray radiographs
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Table 2 Consistency analysis of data annotation among three radiologists
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HHE 0.902 0.893 0.912 0.913
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Table 3 Detection performance of three object detection models on internal datasets
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Figure 1 ROC curves of the three object detection models for diagnosing fractures in different

ZAMERUGIN 25 A B AIROCHE 22

U

| L
A
/'J
0.2 0.4 0.6 0.8
1R
S=AMEAYRI T R ROC 28
,’/' [ T
VA
'
J
7
‘/
0.2 0.4 0.6 0.8
155

1.0

1.0

U

=AML Y fEZROC Hh 28

UK

0.2 0.4 0.6 0.8
1-Rp Y

ZAMERIAS I F FROCH 2%

0.2 0.4 0.6
1SR

2 3FMBRENERISE R -GS H ROC ik

1.0

]

0.8

1.0

anatomical regions

=AMER A AEROC 1 28

1.0
it
0.8[7~/

U

0.2

]

0.0 0.2

YOLO-v5
—YoLO-w7
~—YOLO-v8

0.4 0.6
152

0.8 10



ol B R K 2 2 R

46 % 11 ¢ 1335 -

Figure 2 ROC curves of the three object detection models for diagnosing fractures in the same anatomical region
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Table 4 Comparison of areas under the ROC curves among
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across different anatomical regions
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Table S Comparison of diagnostic performance between human readers and human-Al collaboration

EiER i ] (min) HER R () U () 5 (00D HEHER 0) F1fE(%0)
BEA 1 25 93.61 97.92 86.48 92.52 95.14
B 2 23 91.29 95.81 83.62 91.03 93.29
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E4: 2+ YOLO-v5 18 94.68 97.91 88.78 94.01 95.87
B/ 2+ YOLO-v? 26 91.03 95.32 83.38 91.02 93.14
B/ 2+ YOLO-v8 19 94.04 97.36 88.13 93.46 95.37
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Figure 3  All three models for correctly diagnosing the readily identifiable fractures
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Figure 4 Representative examples of common false positives
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Figure 5 The confidence of the three models in the diagnosis of multiple fractures of the foot
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Figure 6 The diagnostic accuracy of the three models in cases of minor fractures and multiple fractures

B7 3SMRBEEEEBSMISHPHERYE
AﬁﬁX%ﬂ@umaﬁﬁ@%ﬁ&ﬁ@@ﬁw%ﬁnﬁﬁﬁX%WW&%%%E%%ﬁncﬁﬁxﬁwmgwmﬂ
YOLO-v8 JUJ R REAS )

Figure 7 The accuracy of the three models in the diagnosis of spinal fractures
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