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Community detection in networks is typically defined as the
identification of a group of nodes that exhibit a higher density of
connections among themselves than with the rest of the network.
Community detection algorithms are essential tools for uncovering the
organizational principles underlying complex networks. With the
increasing complexity of data and its structure, multilayer networks have
emerged as a powerful framework for modeling real-world systems.
Community detection in multilayer networks is a crucial problem in the
field of data processing. This study provides a comprehensive review of
over 50 community detection algorithms specifically designed for
multilayer networks, categorizing them into traditional methods and
deep learning approaches. A thorough analysis of the strengths and
weaknesses of these methods reveals 10 major challenges in this field,
including the detection of communities in directed multilayer networks,
the identification of overlapping communities in dynamic networks, and
the development of scalable algorithms. Based on these challenges, we
propose potential avenues for developing new methods to address the
limitations of existing algorithms
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