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Chest X-ray images classification based on multi—scale attention

information multiplexing network
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(School of Microelectronics, Tianjin University, Tianjin 300072, China)

Abstract: To address issues such as low recognition of lesion areas in chest X-ray images and the difficulty
in accurately capturing the spatial positions of lesions, a multi-scale attention information multiplexing
network that helps improve the dassification accuracy of chest X-ray images was proposed in this paper.
Firstly, by introducing multiple spatial information multiplexing blocks, the network enhances the
positional connections between disease regions on feature maps and across channels; Secondly, through a
multi—scale integration attention blocks, the network integrates multi—scale image feature information to
automatically capture disease location variations and flexibly focus on key pathological information;

Finally, the problem of imbalanced distribution of chest disease samples was alleviated by using an
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asymmetric shift focus loss function. Multiple experiments on the publicly available datasets ChestX-rayl4

and CheXpert have shown that the average area under curve (AUC) value of the proposed network on two

datasets reached 0.847 and 0.901 respectively, which is superior the more advanced network models in

recent years. This indicates that the network can effectively improve the classification accuracy of chest

diseases.

Key words: computer application technology; chest X-ray image classification; spatial information

multiplexing ; multi—scale attention; asymmetric shift focus loss function
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Table 2 Comparison of the classification accuracy of each network using the ChestX-ray14 dataset

PRI DCNN  ConsultNet  Deformab-CDAM-D  A’Net ~ PCSANet  CheXGAT PCAN  SSGE  MIM-Net
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TR 0.759 0.835 0.890 0.836 0.879 0.837 0.837  0.840 0.887
B 0.661 0.699 0.714 0.710 0.698 0.699 0.706  0.714 0.715
it e 0.693 0.838 0.865 0.834 0.824 0.839 0.834  0.848 0.869
Jiti 45 5 0.669 0.775 0.772 0.777 0.750 0.793 0.786  0.812 0.784
Jiti ¢ 0.658 0.738 0.762 0.737 0.750 0.741 0.730  0.733 0.801
U 0.799 0.871 0.903 0.878 0.850 0.879 0.871  0.885 0.892
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T 0.872 0.922 0.876 0.938 0.915 0.931 0.943  0.932 0.889
S AUC  0.745 0.822 0.840 0.826 0.825 0.827 0.824  0.830 0.847
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Table 3 Comparison of the classification accuracy of each network on the CheXpert dataset

p— Ensemble ConsultNet PCAN MIM-Net Ensemble ConsultNet DCNN MIM-Net

(U-Ones) (U-Ones) (U-Ones)  (U-Ones) (U-Zeros) (U-Zeros) (U-Zeros)  (U-Zeros)
Jili AN K 0.858 0.847 0.848 0.859 0.811 0.804 0.745 0.842
INiA N 0.832 0.868 0.865 0.885 0.840 0.874 0.813 0.873
Jili 5 A% 0.899 0.923 0.908 0.904 0.932 0.940 0.882 0.901
N 0.941 0.924 0.912 0.935 0.929 0.894 0.921 0.928
TR 0.934 0.926 0.940 0.924 0.931 0.923 0.930 0.923
- 0.893 0.898 0.895 0.901 0.889 0.889 0.858 0.893
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Table 4 Comparison results of the ablation experiment

on MSIM and MIA module

MSIM X X N ~
MIA X ~ X ~
Jifi AN 5k 0.822 0.811 0.824 0.826
IRy PN 0.911 0.907 0.918 0.919
W 0.877 0.892 0.885 0.887
Bk 0.714 0.718 0.715 0.714
it e 0.865 0.858 0.866 0.869
it 515 0.779 0.791 0.786 0.784
i ¢ 0.765 0.771 0.799 0.801
U 0.852 0.879 0.876 0.892
Jili 52 2% 0.817 0.801 0.805 0.809
K i 0.895 0.891 0.897 0.900
Jiti 0.917 0.915 0.926 0.924
44k 0.803 0.817 0.814 0.824
e 434 J 0.819 0.808 0.823 0.822
A 0.892 0.885 0.881 0.889
T AUC 0.838 0.839 0.844 0.847
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Table 5 Influence of loss function on the results

. ¥ AUC
4% pR 8L
ChestX-rayl14 CheXpert
32 S A1 % pR L 0.838 0.889
FE L R 0.843 0.893
A X FRES 7 A T 2R pR B 0.847 0.901
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Fig.7 Lesion area annotation map and visual heat map
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