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Method of Measuring the Benign and Malignancy of Pulmonary
Nodules Based on ARG
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Abstract; Identification of benign and malignant pulmonary nodules is an important task during
the diagnosis of lung cancer. Aimed for solving this problem, a method of measuring the
malignancy of pulmonary nodules based on the attributed relational graph ( ARG) was proposed.
Feature structures of input lung nodule CT image patches were constructed with ARGs and the
nodule category template was built by mining and-or graph ( AoG) from ARGs in the proposed
method. Moreover, Markov blanket discovering algorithm was applied for discriminative features
selection to reduce the node number of ARGs, so the computational complexity of the graph
matching for AoG mining was greatly reduced. Experimental results show that the recognition rate
of malignant pulmonary nodules is up to 90. 12% , thus the proposed method can help identify the
benign and malignant pulmonary nodules accurately and rapidly.

Key words: ARG ( attributed relational graph); and-or graph; Markov blanket; pulmonary
nodule; benign and malignant
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Table 2 Detection results of different types of malignant lung nodules by ARG method with LIDC-IDRI dataset
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SRR 66 62 4 77 133 93.94 63.33 70. 65
101257 % 322 8 i 4 5 24 22 2 5 26 91. 67 83. 87 87.27
i HEH 3 1 i 45 22 18 4 5 24 81. 82 82.76 82.35
VW B S 2 20 17 3 118 85 62.07 71.43
Bt 132 119 13 98 201 90. 12 67.22 74.25
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Table 3 Detection results of different types of malignant lung nodules by ARG method with hospital dataset
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Table 4 Performance comparison of different methods for pulmonary nodules classification
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3D ZrPE( Han) 91.79 65.24 72.87
MC - CNN ( Shen) ! 80. 67 65.11 74.17
ARG (A 3CITHk) 90. 12 67.22 74.25
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