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Abstract

Recently, as highly advanced personal identification technology has made it easier to identify individuals, various
measures are required to guarantee the rights of information subjects in the information society. Federated learning is
a machine learning approach proposed by these needs, a specific approach to educating machine learning algorithms
while keeping the data private. In this paper, in order to identify problems that may arise when applying federated
learning to the medical industry, which is sensitive to privacy issues, a retinal patient data set, was disproportionately
distributed like the environment in which the actual medical institution holds the data. As a result of experiments
applying various learning optimization techniques to class imbalance problems that occur here, F1 score 0.96 was
achieved in experiments with under sampling and TopkAvg techniques, and the learning time was also shortened.
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Table 4. Performance according to the number of parties
and the number of repetitions of learning

Distribution Party name Best Performance
party1 094
party?2 094
party3 094
num_parties=8, party4 094
rounds=10 party5 093
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party’ 094
party8 093
party1 0.95
num_parties=4, party2 0.96
rounds=100 party3 0.95
party4 0.96
party1 0.95
party2 0.95
party3 094
num_parties=8, party4 0.95
rounds=100 party5 094
party6 095
party’ 095
party8 0.95
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