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INTRODUCTION

The use of neural signals such as those measured by EEG for pathology detection has p fincludi holozical d I . .
h duri L with th 1 for hich clinical rel 1 o h Effect of Including pathological data when pretraining
een an enduring goal with the potential for high clinical relevance. Deep learning has TUAR
enabled considerable progress in various fields, but requires large, labeled datasets, ——— T p— —— = ——

. . . o« . . . . . ] - + ontra + im + eg PAT+ u +
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pretraining with unlabeled data and may therefore be a promising approach for 0.04 - i
label-scarce pathology data. Initial applications to EEG data are promising [1-3], but § . \I\}fﬁ"
important questions remain, which we aim to address in the present work: -
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1. If only between-subject pathological information is of interest, can we improve w0
existing SSL approaches? HEN PR EPLL G AT PELG PSP P P
2. Can SSL methods effectively differentiate between healthy and diseased populations
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3. Can SSL address the issue of small pathological datasets via transfer learning or data .
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DISCUSSION & CONCGLUSION
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The similar performance of diverse methods, the surprising relative performance of
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0.875 - T indicate that learned features are of relatively low complexity. Future work may
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