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Abstract: How to enhance computers’ understanding of human intentions in human-computer interaction systems has
attracted increasing attention with the development of intelligent technology. The integration of brain-computer interface
technology with neuroscience offers unique advantages in the field of human-computer interaction. Hybrid brain-computer
interfaces, through information fusion, enable the complementary integration of multiple modalities, paving the way for
future advancements in human-computer interaction. This paper first introduces the types and technical principles of
hybrid brain-computer interfaces, with a particular emphasis on the key technology of “signal fusion”. Subsequently,
from the perspectives of “controllers” and “monitors”, a statistical analysis of the current research status of hybrid brain-
computer interfaces in human-computer interaction is conducted. The results reveal that hybrid brain-computer interfaces
are primarily applied as “monitors” in human-computer interaction systems, with a high focus on applications such as
emotion recognition and cognitive state assessment. Finally, an outlook on the application prospects of hybrid brain-
computer interfaces in human-computer interaction is provided.
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Fig. 1 Schematic diagram of multiple physiological signals
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Fig. 2 Principles of hybrid brain-computer interface
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Table 1 Some HBCI fusion methods and performance parameters with emotion recognition as application
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