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Academic Emotions Analysis Based on Deep Learning: Methods
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Abstract: Academic emotions, as a core non-cognitive factor regulating learning processes and outcomes, requires precise
identification and analysis to achieve the “developing intelligent education” strategy outlined in the “Education
Informatization 2.0 Action Plan.” This paper constructs a multi-dimensional emotion analysis framework for educational
scenarios based on deep learning technologies, with particular emphasis on addressing education-specific contextual
challenges (such as classroom/MOOC environments). By integrating Control-Value Theory with multimodal learning
methods, we establish a three-dimensional emotion representation system that incorporates textual semantic features
(discussion forum posts), visual behavioral features (eye movements/facial expressions), and interactive behavioral features
(clickstream data). The “emotion-cognition-behavior” dynamic intervention model built on this framework effectively
improves learners' course completion rates and alleviates the high dropout rate problem in online learning.
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Fig. 1 Emotion Recognition Method Based on RNN
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Table 2 Comparison of advantages and weakness of each method
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Fig. 4 Multi-dimensional emotion analysis framework for educational scenarios
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Fig. 5 Emotion-driven adaptive learning intervention framework
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