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[ Abstract] With the rapid development of medical informatization, medical institutions generate a large amount of original
electronic medical record data during the clinical diagnosis process, and there is a large amount of information that can be mined for
clinical auxiliary diagnosis. Because the prevalence of patients with breast disease is more complicated, the same patient may suffer
from multiple related diseases. There may be many small diseases under each major disease classification, and there may be more
detailed diseases categories under the small disease classification. In the traditional classification problems ( such as binary
classification and multi—label classification ), the dependencies between the labels are tended to be ignored and the number of
classification algorithm outputs is exponential, taking up too much space, resulting in poor prediction performance. Therefore, a
hierarchical multi—label breast disease classification diagnosis method based on tree search is proposed in this paper. The tree
structure can fully consider the hierarchical relationship between label sets and standardize the diagnosis conclusion. According to the
hierarchical relationship between the diagnosis results, a hierarchical multi—label tree is constructed. By searching the path of the
label tree, the multi—label classification of breast diseases is finally realized.
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Fig. 1 Flow chart of hierarchical multi—label classification and

diagnosis algorithm based on tree search
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Tab. 1 Entity name and its label
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Fig. 2 Disease level multi—tag tree structure
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Tab. 3 Breast electronic medical record data
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Tab. 4  Structured data encoding for electronic breast medical
records
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Tab. 5 Multi-model experiment comparison results

AR subset accuracy accuracy precision  recall F,
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Tab. 6 Comparison of multiple classifier results
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Fig. 3 Comparison of Hamming loss of hierarchical multi —label

algorithm with different thresholds
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