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A survey of entity matching algorithms in heterogeneous networks
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Abstract: The continuous integration of Internet, Internet of Things, and cloud comput-
ing technologies has been improving digitization across different industries, but it has also
introduced increased data fragmentation. Data fragmentation is characterized by mass,
heterogeneity, privacy, dependence, and low quality, resulting in poor data availability.
As a result, it is often difficult to obtain accurate and complete information for many
analytical tasks. To make effective use of data, entity matching, fusion, and disambiguation
are of particular significance. In this paper, we summarize data preprocessing, similarity
measurements, and entity matching algorithms of heterogeneous networks. In addition,
particularly for large datasets, we investigate scalable entity matching algorithms. Existing
entity matching algorithms can be categorized into two groups: supervised and unsuper-
vised learning-based algorithms. We conclude the study with research progress on entity
matching and topics for future research.
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Fig.3 The process of generating pair-wise candidate sets using blocking technology
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Tab. 3 Advantages and disadvantages of different algorithms
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