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Introduction

> Beta oscillations (13-30 Hz) are implicated in motor control and cognition.

> Traditionally beta is treated as a continuous activity. But increasing evidence suggests that beta is generated as bursts [1].
> Beta bursts vary in occurrence rate, duration, peak frequency, and amplitude.

> An important yet underexplored feature of beta bursts is their waveform shape, which may reveal underlying physiological
mechanisms [2] and distinguish different functional states.

> We developed a comprehensive pipeline to systematically analyze beta burst waveforms, and validated on the simulated data.

@ 200D Waveform Space

Each burst waveform is represented as a point in a 200D space.
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In the simulated dataset, topological analyses revealed that beta bursts are best characterized as a
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These results confirm that our pipeline reliably recovers ground-truth waveform structures, providing a
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It further enables exploration of beta burst waveform diversity and their functional relevance.
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