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BACKGROUND & AIMS

Emotion is a process triggered by internal or external relevant stimuli, which involves subjective experiences, physiological changes, and expressive behaviors. Emotions can be
conveyed through facial expressions, body posture and movements, physiological responses, semantic content, and speech prosody’. Machine learning (ML) algorithms are
increasingly trained employed to recognize human emotions across different modalities, ranging from textual analysis to multimodal approaches. Several factors influence the
performance of these tools, including the methodological approach used in their development—such as Natural Language Processing or lexicon-based techniques—and the specific
datasets used for training?. In this study, we aimed to test ML algorithms’ effectiveness in detecting emotions using facial, semantic, and prosodic cues, when conveyed in a more
ecological context. Moreover, we evaluated whether integrating these sources improves ML recognition accuracy.

METHODS

SESSION PROCEDURE / Five video-recorded recalls of emotional episodes: anger,

Emotional happiness, fear, calm and sadness.

Two-session experiment:
recall

(-\ « 53 participants

(10 males, mean age: 25.2, SD: 8.45)

Questionnaire

Mood, emotional regulation, and « ML algorithms used:
session-by-session emotional state — Emozionalmente (audio)3

assessment. — Text2Emotion (text) 4
— OpenFace (video)°

dominance, and arousal)

— Affective variables (valence, | VAS
— Emotional variables
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RESULTS: ALGORITHMS’ACCURACY

Participants' most intense perceived emotion (self-assessed) and requested emotion were compared to algorithm-recognized emotion to evaluate ML's accuracy. GLM performed
on each ML showed main effect of emotion type on accuracy: audio (x*(4) = 156.09, p < .001), text (x3(4) = 142.27, p < .001), video (x*(4) = 104.42, p < .001).
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