Machine Learning EEG Biomarkers in SYNGAP1 Rodent Models
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Syngapl-related disorder (SRD) is a rare
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gene results in severe disruption of 2. Are these markers translatable?
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AIMS MAIN FINDINGS

I. Can a machine learning classifier distinguish ~ * Spectral power ratios are the strongest discriminators.
SYNGAPI haploinsufficient rats from wild-type controls ~ SYNGAPI animals show reduced alpha/delta ratio, and
using interictal EEG features? elevated beta/theta ratio compared to wild-type.

2. Which feature domains contribute most to the  Motor and Somatosensory cortex channel features were
classification? ranked most important.

3. Does the classifier generalise across individual — * Genotype classification is statistically robust: permutation
animals, and is the performance above chance as assessed testing confirms above-chance performance in XGBoost

by permutation testing? classifier.
Permutation Test (LOOCV) — Null AUC Distribution

RESULTS: '

70 Null distribution
Table 1 — Classification performance (global) (n=1000 permutations)
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