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ABSTRACT Objective: Develop a machine learning model, and to evaluate its accuracy in the diagnosis of primary bone tumor
around the knee joint. Methods: In this paper, the deep learning method of deep convolutional neural network (DCNN) was applied to the
imagomics analysis of knee X-ray images, its clinical value in assisting the diagnosis of primary bone tumor around the knee joint were
explored. Results: The deep learning model showed excellent diagnostic accuracy in differentiating normal images from tumor images.
The overall accuracy of 5 rounds of testing using the DCNN model was (99.8+ 0.4) %, while the positive predictive value and negative
predictive value were (100.0% 0.0) % and (99.6+ 0.8) % respectively. The area under the curve (AUC) of each dataset was 0.99, 1.00,
1.00, 1.0 and 1.0 respectively, average AUC was (0.998+ 0.004). A further 10 rounds of testing using the DCNN model showed an over-
all accuracy of (71.2+ 1.6) % in differentiating benign from malignant bone tumors, and a strong positive predictive value (91.9% 8.5) %
was achieved in differentiating benign and malignant bone tumor, the AUC of each dataset was 0.63, 0.63, 0.58, 0.69, 0.55, 0.63, 0.54,
0.57, 0.73, 0.63 respectively, average AUC was(0.62+ 0.06). Conclusion: This is the first study on the application of artificial intelligence
technology in the imaging analysis of X-ray images for bone tumor diagnosis, Artificial intelligence imaging models can help doctors to
automatically and quickly screen bone tumors and identify benign or malignant tumors, with a high positive predictive value.
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Table 1 General information of three groups of subjects

General data Malignant tumor (n=180) Benign tumor (n=80) Normal (n=260) x*/F P
Age(years) 24.5% 17.8 29.4+ 16.3 36.1% 15.6 16.231 0.000
Gender 1.533 0.084
Male 88(48.9%) 41(50.6%) 122(46.9%)
Female 92(51.1%) 39(49.5%) 138(53.1%)
Position 5971 0.000
Distal femur 91(50.6%) 29(36.3%)
Proximal tibia 76(42.2%) 43(53.8%)
Proximal fibula 13(7.2%) 8(10.0%)
Pathological type 6.322 0.000

Osteosarcoma 133(73.9%)
Chondrosarcoma 20(11.1%)
Ewing sarcoma 5(2.8%)

Other 22(12.2%)

Giant cell tumor 36(45.0%)
Non ossifying fibroma 15(18.8%)
Chondroma 10(12.5%)

Other 19(23.8%)
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Fig. 1 Flowchart of feature extraction and prediction of DCNN method

Note: in the DCNN model, first of all, the convolution of the input image
and pooling operation, then can use the features in the shallow to the deep
16 residual extracts multiple features of the input image, then USES the
average pooling operation simplifies the features extracted from the upper,
and eventually will average pooling layer output transmission to a fully

connected, to get the final forecast.
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Fig. 2 Typical x-ray images of the knee joint and imaging images of benign and malignant tumors

Note: a: X-ray of the normal knee joint. b-d: X-ray films of malignant tumor in distal femur (b), proximal tibia (c¢) and proximal fibula (d). e-g: X-ray films

of benign tumor of the distal femur (e), proximal tibia (f) and proximal fibula (g).
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Table 2 Results of DCNN in the diagnosis of bone tumor

5 rounds of testing Positive predictive value (%)

Negative predictive value (%) Overall accuracy (%)

1 100.0

2 100.0

3 100.0

4 100.0

5 100.0
Summary 100.0£ 0.0

98.1 99.0
100.0 100.0
100.0 100.0
100.0 100.0
100.0 100.0
99.6+ 0.8 99.8+ 0.4
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Fig.3 ROC curve of DCNN method in the diagnosis of bone tumor around

the knee joint
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Table 3 Results of DCNN in differentiating benign and malignant tumors around the knee joint

Accuracy

ROC

10 rounds of testing

Positive predictive value(%) Negative predictive value(%)

Overall accuracy(%) AUC (95% CI)

1 100.0 0.0 69.2 0.63(0.528-0.727)
2 93.1 219 71.2 0.63 (0.536-0.729)
3 98.6 0.31 69.2 0.58 (0.492-0.68)
4 70.8 65.5 69.2 0.69 (0.600-0.782)
5 94.4 219 72.1 0.55 (0.444-0.652)
6 87.5 313 70.2 0.63 (0.534-0.731)
7 972 15.6 72.1 0.54 (0.425-0.637)
8 972 15.6 72.1 0.57 (0.464-0.673)
9 90.3 343 73.1 0.73 (0.638-0.816)
10 90.3 34.4 71.2 0.63 (0.533-0.734)
Summary 919+ 8.5 24.1% 19.1 712+ 1.6 0.62% 0.06
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