Nuances of Interrater Agreement on Automatic Affect Prediction from Physiological Signals

A Systematic Review of Datasets Presenting Various Agreement Measures and Affect Representation Schemes
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Fig. 2: Adapted PRISMA 2020 Flow Diagram  sept 202.

Fig. I: Systematic Review Steps

Author: Oana Madalina Fron (0.M.Fron-1@student.tudelft.nl) -l’fu Delft Supervisor & Responsible Proffessor: Bernd Dudzik



