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Analysis of Biosignals: Current State and
Foundation Model Driven Evolution
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ABSTRACT

Biosignals are measurable signals originating from biological systems, encompassing the
electrical activity of the nervous system, muscles, and heart, as well as physiological responses
such as changes in blood flow and skin conductance. Representative modalities, including
electroencephalography (EEG), electrocardiography (ECG), and electromyography (EMG), are
widely used in clinical diagnosis, human-computer interfaces, and digital healthcare. Conventional
biosignal analysis pipelines typically involve data acquisition, preprocessing, and algorithmic
modeling. However, many existing approaches are application-specific and are trained on limited
datasets, resulting in restricted generalization and scalability. Recently, foundation models based
on large-scale pre-training have emerged as a promising paradigm for learning transferable
representations. This report reviews the landscape of biosignal analysis and discusses research
directions for foundation-model-based approaches toward more generalizable and robust biosignal
intelligence.
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