
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 prosody¹. 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 training2. 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.

DISCUSSION

ML accuracy levels were lower than those reported in the literature6; this discrepancy may stem from the fact that ML

models are often trained in less ecological settings, where participants simulate emotions. Our results highlight the

need for more ecological paradigms to train and test ML algorithms for emotion recognition. Each algorithm performed

best at classifying different emotions, yet some emotions were frequently misclassified; for instance, anger was

mistaken for sadness in 77% of cases. To address this issue, we plan to compare ML’s accuracy with that of human

raters in the same ecological context and to explore alternative ML techniques for emotion classification.
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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 (χ²(4) = 156.09, p < .001), text (χ²(4) = 142.27, p < .001), video (χ²(4) = 104.42, p < .001).
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Two-session experiment:

RESULTS: ALGORITHMS’ACCURACY

AFFECTIVE VARIABLES EMOTIONAL VARIABLES

Cohen’s Kappa showed a good agreement between perceived emotions and requested

emotions (K = 0.627, z = 35.6, p < 0.001). The requested emotion was the most activated.
Results showed coherence

between requested emotions

and affective ratings.

ALGORITHM ACCURACY DETECTING REQUESTED EMOTION ALGORITHM ACCURACY DETECTING SUBJECTIVE EMOTION

CONFUSION MATRIX PER ALGORITHM

MEAN ACCURACY MULTIMODEL PER REQUEST EMOTION

Calm emotion recall Happiness emotion recall Sadness emotion recall Fear emotion recall Anger emotion recall

• 53 participants 

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

• ML algorithms used: 

– Emozionalmente (audio)3

– Text2Emotion (text) 4

– OpenFace (video) 5

Five video-recorded recalls of emotional episodes: anger, 

happiness, fear, calm and sadness. 

Mood, emotional regulation, and

session-by-session emotional state

assessment.

– Affective variables (valence, 

dominance, and arousal) 

– Emotional variables

SESSION PROCEDURE
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