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Classification of Thoracic Diseases Based on Attention Mechanisms and Two-branch Networks

SONG Ziyan' ,LUO Chuan',LI Tianrui* and CHEN Hongmei*
1 College of Computer Science, Sichuan University,Chengdu 610065, China

2 School of Computing and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756, China

Abstract Thoracic disease classification based on chest radiographs is important to improve diagnostic accuracy and reduce the
pressure on the healthcare system. The huge variation in the size of the regions of different thoracic diseases is the main challenge
in the chest radiograph-based classification of thoracic diseases. When classifying diseases with small onset regions,most of the
regions in the image are noisy regions,and it is difficult for traditional methods to cope with the huge size differences among di-
seases effectively. To address this problem, a mask construction method combining multi-scale features is proposed. using
DenseNet-121 as the feature extractor,a two-branch network is constructed,in which the global network is used for the overall
classification,and tiny lesion regions are fed into the local branches to mitigate the interference of noisy regions. The branch fea-
ture fusion module based on the attentional mechanism is used to fuse the classification features from the two branches”’ informa-
tion adaptively. Comparison experiments,ablation experiments,and parameter sensitivity analyses are performed on the ChestX-
rayl4 dataset. The experimental results show that the average AUC of the proposed method for classifying 14 thoracic diseases is
higher than that of the existing methods,which is effective and parameter insensitive.

Keywords Thoracic disease classification, Deep learning, Chest radiographs, Attention mechanism, Feature fusion
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Fig. 2 Diagram of attention-based branch feature fusion module
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Table 1 Comparative experimental results between the proposed method and six existing methods

Method Atel Card Effu Infi Mass Nodu Pneul Pneu2 Consl Edem Emph Fibr P_T Hean  Mean
DCNN 0.700 0.810 0.759 0.661 0.693 0.669 0.658 0.799 0.703 0.805 0.833 0.786 0.684 0.872 0.745
LSTM-Net 0.733 0.856 0.806 0.673 0.718 0.777 0.684 0.805 0.711 0.806 0.842 0.743 0.724 0.775 0.761
Li et al. 0. 80 0.87 0.87 0.70 0.83 0.75 0.67 0.87 0. 80 0. 88 0.91 0.78 0.79 0.77 0.81
CRAL 0.781 0.880 0.829 0.702 0.834 0.773 0.729 0.857 0.754 0.850 0.908 0.830 0.778 0.917 0.816
TSCN 0.785 0.887 0.831 0.703 0.833 0.798 0.731 0.881 0.754 0.849 0.930 0.833 0.782 0.921 0.823
AG-CNN 0.802 0.905 0.874 0.696 0.839 0.742 0.732 0.873 0.807 0.896 0.884 0.779 0.783 0.930 0.825
Ours 0.801 0.907 0.875 0.699 0.837 0.742 0.734 0.876 0.807 0.896 0.888 0.788 0.782 0.938 0.826
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Table 2 Results of ablation experiment

Method Atel Card Effu Infi Mass  Nodu Pneul Pneu2 Cons Edem Emph  Fibr P.T Hean  Mean

G 0.800 0.898 0.873 0.694 0.833 0.742 0.724 0.873 0.805 0.895 0.884 0.783 0.778 0.926 0.822

G+L 0.801 0.904 0.874 0.698 0.837 0.739 0.731 0.871 0.807 0.893 0.883 0.778 0.780 0.936 0.824

G+L+F 0.801 0.907 0.875 0.699 0.837 0.742 0.734 0.876 0.807 0.896 0.888 0.788 0.782 0.938 0.826

F 3 KRR B R B SR W 43 BT 1 45 R
Table 3 Results of feature map sampling strategy analysis

Method Atel Card Effu Infi Mass  Nodu Pneul Pneu2 Cons Edem Emph Fibr P_T Hean  Mean
Up_L 0.767 0.890 0.850 0.682 0.799 0.683 0.715 0.837 0.793 0.864 0.826 0.725 0.740 0.881 0.789
Up 0.800 0.905 0.875 0.694 0.839 0.741 0.732 0.875 0.808 0.893 0.885 0.781 0.782 0.932 0.825
Mid_L 0.771 0.889 0.849 0.684 0.801 0.687 0.714 0.834 0.793 0.873 0.830 0.731 0.740 0.906 0.793
Mid 0.801 0.904 0.875 0.696 0.839 0.744 0.732 0.874 0.808 0.894 0.884 0.782 0.781 0.930 0.825
Down_L.  0.764 0.893 0.847 0.683 0.780 0.678 0.716 0.833 0.787 0.871 0.815 0.736 0.741 0.895 0.788
Down 0.801 0.907 0.875 0.699 0.837 0.742 0.734 0.876 0.807 0.896 0.888 0.788 0.782 0.938 0.826
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