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INTRODUCTION

Due to the complexity of machine learning algorithms, the need for
larger volumes of data in healthcare informatics research is
unprecedentedly high (Bellazzi, 2014; Pramanik et al., 2020).
Meanwhile, with the increasing anxiety about misusing healthcare-
related data, regulations like Health Insurance Portability and
Accountability Act (HIPAA) and General Data Protection Regulation
(GDPR) have been proposed and implemented to protect individual
health records. However, these regulations also bring down the
usability of healthcare-related data. Thus, Federated Learning may
leverage data privacy and usability by designing a privacy-preserving
collaborative learning framework. A scientific review study is carefully
designed and discussed to discover the current cutting-edge
federated learning models in different healthcare research scenarios
and the opinions of these domain experts.
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METHODS
A literature search was conducted in the PubMed database on October 09, 2022, at 15:50 CDT. Following the Preferred Reporting Iltems for
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Systematic Reviews and Meta-Analyses (PRISMA) guidelines, MeSH terms include "Medical informatics”, “public health informatics”, “privacy’,
and “confidentiality”; and Text words include “federated learning” and “distributed learning”. Moreover, the query of the search is shown below.

* ((((Medical Informatics[MeSH Terms]) OR (public health informatics[MeSH Terms])) AND (privacy[MeSH Terms]) OR Confidentiality[MeSH
Terms]) AND ((federated learning[Text Word])) OR (distributed learning[Text Word]))

Since the study is interested to discover and summarize the cutting-edge methods published in recent years, papers were excluded if published
more than five years from October 09, 2022. Thus, 85 papers were excluded. | also excluded the articles that do not have innovative algorithms
and outdated methodologies, and 74 and 12 papers were excluded, respectively. Moreover, clinical trials, review papers, non-healthcare-related
research, and papers in non-English languages are excluded, with a total number of 24. As a result, 20 papers were included and reviewed after
the filtration. The PRISMA diagram is shown in Figure 1.

A table was created for comparison in the reviewed papers, demonstrating the details of federated learning methods.

RESULT

CONCLUSIONS
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