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Abstract ;: Medical X-rays,as a routine examination method for chest diseases,can diagnose early and un-
obvious chest diseases and observe the lesions. However, the characteristics of multiple diseases on the
same radiographic image are a challenge to the classification problem. In addition, there are different cor-
respondences between disease labels, which further leads to the difficulty of classification tasks. In re-
sponse to the above problems,this paper combines the graph convolutional neural network (GCN) with
the traditional convolutional neural network (CNN) ,and proposes a multi-label chest radiographic image
disease classification method that combines label features with image features. This method uses the
graph convolutional neural network to model the global correlation of the labels,that is,constructs a di-
rected relationship graph on the disease label,each node in the directed graph represents a label catego-
ry,and then inputs the graph into the graph convolutional neural network to extract the label features,

and finally merges with the image features to sort. The experimental results of the method proposed in
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this paper on the ChestX-rayl4 dataset show that the average AUC of 14 chest diseases reaches 0. 843.

Compared with the current three classic methods and advanced methods, the method in this paper can ef-

fectively improve the classification performance.

Key words: graph convolutional neural network (GCN); chest radiographic image; disease diagnosis;

medical image processing
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Fig. 1 The framework of the diagnosis of chest diseases
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Tab.1 Comparison of different chest multi-label classification methods on Chest-rayl4

Method

Pathology
Wang et al. (2017) Yao et al. (2018) Ma et al. (2019) Ours
Atelectasis 0.716 0.772 0.7627 0.832
Cardiomegaly 0. 807 0.904 0.8835 0.907
Effusion 0.784 0. 859 0.8159 0. 886
Infiltration 0. 609 0.695 0.6786 0.714
Mass 0. 706 0.792 0.8012 0. 860
Nodule 0.671 0.717 0.7293 0.789
Pneumonia 0.633 0.713 0.7097 0.778
Pneumothorax 0. 806 0. 841 0.8377 0.879
Consolidation 0.708 0.788 0.744 3 0.817
Edema 0. 835 0. 882 0.8414 0. 894
Emphysema 0. 815 0. 829 0.8836 0.932
Fibrosis 0.769 0.767 0.8007 0. 816
Pleural Thickening 0.708 0.765 0.7536 0.764
Hernia 0.767 0.914 0.876 3 0.932
Average 0.738 0.803 0.794 1 0. 843
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Tab.2 Comparison table of ablation GCN modules

Pathology Remove GCN Ours
Atelectasis 0. 800 0. 832
Cardiomegaly 0. 875 0.907
Effusion 0. 870 0. 886
Infiltration 0.697 0.714
Mass 0.798 0. 860
Nodule 0.744 0.789
Pneumonia 0.741 0.778
Pneumothorax 0. 859 0. 879
Consolidation 0.799 0.817
Edema 0. 885 0.89%4
Emphysema 0. 887 0.932
Fibrosis 0. 810 0. 816
Pleural Thickening 0. 760 0.764
Hernia 0. 847 0.932
Average 0.812 0. 843
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Fig.3 Heatmaps of lesion area on different chest radiographs: (a) (b) Disease is labeled as cardiomegaly;

(¢) (d) Disease is labeled as effusion, cardiomegaly and mass
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