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Abstract

This article explores the significant role of neural networks in machine learn-
ing, highlighting their efficiency as powerful tools. Additionally, it delves
into the utility of graphs as data structures, which offer valuable insights
not only into individual node information but also facilitate communica-
tion analysis between nodes through edges. Effectively incorporating this
information as input into neural networks necessitates a consistent message
transfer approach, independent of the naming conventions used for feature
vectors. The present study addresses this issue and proposes a suitable
method for achieving seamless message transfer.
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