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ABSTRACT

Biological data are accumulated in various concepts and approaches, making multi-dimensional features. As data from omics
including genomics, epigenomics, transcriptomics, proteomics, metabolomics and phenomics are very complex and heterogeneous,
statistical approaches are required to make comprehensive one-fit-all data. This review introduces recent approaches for combining
and interpreting biological data in multi-dimension structure, and considerations on combining bioinformatic data with view of
genomic, epigenomic and transcriptomic levels will be introduced. Moreover, limtations of computational biology based on

artificial intelligence will be discussed.
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