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A cross-modal feature fusion-based approach to
lung disease classification

WANG Kao, WU Qinmu

(School of Electrical Engineering, Guizhou University, Guiyang 550025, China)

Abstract; Most of the current use of convolutional neural networks for feature extraction and decision making of single—modality
medical images fails to fully consider cross—modal and contextual semantic relevance, while ignoring the possibility of being affected
by redundant information when processing features. In this paper, we propose a lung disease classification method based on cross—
modal feature fusion. Firstly, we use the pre—trained models ResNet50 and BERT to extract features from medical images and text
respectively, then we design a cross—modal attention mechanism module to fuse the features of images and text, and finally, we
introduce sparse gates after the gating unit of Bi—-LSTM to reduce the redundant information of the fused features and improve the
computational efficiency and robustness of the model. computational efficiency and robustness of the model. The experimental
results show that the accuracy, recall, and AUC of the proposed model are 96. 38% , 96.22% , and 0. 957, respectively, which are
2.60%, 2.50%, and 1.33% higher than those of the state—of—the—art model, and the test inference time of the model improved by
introducing the sparse gate is reduced by 60%.
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Fig. 1 Block diagram of model structure
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Fig. 2 Framework of Long Short—Term Memory Network with
Sparse Gate
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Table 1 Experimental parameters
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Fig. 3 ROC Curve for comparison between the proposed model
and baseline models
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Table 2 Comparison of proposed algorithm and other traditional

model algorithms on Action NLMCXR dataset

iR R E IR v

A AUC
% %
ResNet50 85.68 86.56 0.8469
Inceptionv3+Bi—LSTM-Attention ' 92.46  92.37 0.905 5
LungNet22 (3] 93.94 93.87 0.9342
CMASG-Bi~LSTM ( 4<30) 96.38 96.22 0.9570
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Table 3 Model in this paper was compared with other ablation
models
Ay R /% BRI /%  AUC  HfEIRIT(E]/s
Bi-LSTM 92.16 92.35 0.904 6 1.321
SG+Bi-LSTM 92.74 92.55 0.920 4 0.793
CMA+Bi-LSTM 95. 86 96.14  0.946 2 1. 684

CMA+SG+BiLSTM(A3L)  96. 38 96.22  0.9570 1.095
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