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Research on application of improved random forest optimization
algorithm in medical data
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[ Abstract] In the process of clinical disease prediction, the medical clinical data feature factors are strongly correlated and the
model adjustment work is more complicated. A multi—-model compound optimization method is proposed. Considering that too many
strong correlation feature factors can easily reduce the operating efficiency of the model, the SelectKbest algorithm is used to screen
the clinical data, and the genetic algorithm is used to optimize the parameter selection of the random forest classifier model. Finally,
taking the clinical data of breast cancer as an example, experiments prove that the accuracy of the algorithm model after optimization
by the above method, recall rate, F'1 score, AUC value and other aspects are improved. The proposed method provides a new idea for
clinical data processing and disease prediction with strong collinearity.
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Tab. 1 The data set KMO and Butterbite test used in this article
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Fig. 1 Crushed stone map of 30 variable eigenvalues
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Tab. 2 Common variable screening methods and five — feature

screening of breast cancer classifier model scores
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Fig. 2 The relationship between different K values and model

scores
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Tab. 3 The best model for ten iterations of genetic function

AU RAERS
1 0.981 667 349 524 921 4
2 0.981 737 685 789 065 3
3 0.982 468 567 953 696 4
4 0.982 668 056 713 928 3
5 0.983 502 919 099 249 5
6 0.983 502 919 099 249 5
7 0.983 502 919 099 249 5
8 0.983 502 919 099 249 5
9 0.983 502 919 099 249 5
10 0.983 502 919 099 249 5
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Tab. 4 Different parameter tuning performance indexes
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Fig. 3 Parameter tuning flowchart
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Fig. 4 Comparison of ROC and PR curves of random forest

parameter optimization and grid parameter optimization
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