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Abstract

This document presents the full list of papers analyzed in this review, divided
into three categories: 409 Categorized Papers (2019-2024), 12 Selected Reviews
or Evaluation Papers (2019-2024) and 190 Validation Papers (2025). The 409
Categorized Papers (2019-2024) correspond to the categorized paers using the
unified taxonomy. The 12 Selected Reviews or Evaluation Papers (2019-2024)
comprise reviews papers as well as evaluation papers, which support the empirical
development of the proposed taxonomy. The 190 Validation Papers (2025) is
the set of papers retrieved from 2025 that were used to validate the taxonomy,
confirming its relevance and adaptability to ongoing developments in the field.
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