Decoding Inhibitory Control

Deep learning on brain data from Stop-Signal Task (SST)

When you “cancel” an action right after initiating it, that’s called inhibitory
control. We used deep learning on brain signal data from a well-known experiment to
identify the response structure of inhibitory control. We achieved high accuracy and
a structure matching the empirical response, and also identified left vs right-hand
responses along the way.
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* Plausible explanations for the underlying
brain activity: interactive race model,
broactive control, pause-then-cancel.

* Why does this experiment matter? Provides
insight into inhibitory control behavior,
which 1s linked to behaviors like ADHD,
addiction, compulsive behavior, etc.

EER A

Author: Maanas Karwa
Mentor: Prof. Yu-Chin Chiu

Average stop-signal onset after go onset = 0.273 s
fraction of failed-stop responses inside stop-locked P3 window = 0.115
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Obsexrvations

e Stop-success and stop-failure trials almost
identical in P3 window. Similar response observed
regardless of whether subject actually stopped.

Failed stop-responses
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* Ran EEG channel-level ablation, found that most
important channels for decoding aren’t Cz or FCz

(frontocentral channels), instead are more parietally
located channels (P7, P8, TP10).

Conclusion & Future Work

* Improved results on decoding SST responses using deep
neural networks and a data-driven approach.

* High accuracy, can be scaled up easily, and
requires no manual intervention (such as running
ICA and finding components by hand).

* Can decode new subjects without much calibration,
since evaluation scheme (LOSO) explored zero-shot
classification on new subjects.

* Future work: decode other tasks with high accuracy,
including when neural response is not empirically
known.
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