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Abstract

In recent years, neural networks have experienced rapid development in the medical diseases
classification. The classification ability of certain diseases has reached or even exceeded the level
of professional medical practitioners. However, the application of these neural networks is mainly
focused on the binary classification of diseases, and the performance of neural network models in
the multi-label classification of diseases is not satisfactory. The imperfection of feature extraction
in the neural network, the complexity of medical images, and the lack of expertise in related fields
are the three main factors leading to this result. To this end, this paper proposes a confidence
multi-label classification method based on dense neural network connections, which can effec-
tively fuse the multi-dimensional features of the disease and use the concept of confidence to en-
sure the reliability of the classification results. This article is tested on the CXR14 datasets. Expe-
riments show that the method in this article can effectively integrate features of different dimen-
sions to enhance the ability of feature extraction. Based on the concept of confidence, we can ob-
tain the expected level of classification credibility instead of the current definite classification that
can only provide absolute classification results. This provides more abundant and reliable identi-
fication information for clinical medical diagnosis.
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Figure 1. Example diagram of DenseNet network structure
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Figure 2. Principle of DenseNet network based on shared sto-
rage space
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Figure 4. The proportions of images with multi-labels in each of
14 pathology classes and the labels’ co-occurrence statistics
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