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Abstract With the rapid development of the Internet, social network platforms (also known as online social networks)
have become increasingly popular and diversified. In order to make better use of the services provided by each social net-
work platform, users often join multiple social network platforms. Linking the accounts of the same natural person in dif-
ferent social network platforms is called user identity linkage. Through user identity linkage, we can fully understand the
user's interests, and greatly enrich the user portrait, which is used in digital marketing and recommendation system. In this
paper, by reviewing the different feature types used in the development of the user identity linkage method, a general for-
mal definition of the user identity linkage problem is proposed, which can be applied to various feature types such as
attribute, network, content, behavior and any combination of them. Then, according to the two stages of feature extraction
and model construction of user identity linkage, the existing user identity linkage methods are classified and analyzed, and
different methods are compared and evaluated in terms of performance, computing cost and robustness. Then, different
datasets and evaluation indicators used by existing methods are analyzed, the main methods of obtaining datasets are ex-
plained, and the reason why there is no publicly recognized benchmark datasets in the field of user identity linkage is giv-
en. Finally, the problems and challenges of user identity linkage are discussed, and the future research trend of user identi-
ty linkage is forecasted. By proposing a general definition of user identity linkage problem, comparing and analyzing ex-
isting user identity linkage methods, discussing existing problems and looking forward to future research trends, this paper
analyzes and presents the current situation and future of user identity linkage problem in a clear and structured way, which
helps researchers to form a systematic understanding and grasp of related research in this field, and then make more
in-depth research work.
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Figure 2 User identity linkage methods classification
by feature extraction stage
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Figure 3 UIL based on attribute
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Figure 4 UIL based on network
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Figure 5 UIL based on content
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Figure 6  UIL based on behavior
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by model construction stage
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