Machine Learning EEG Biomarkers in SYNGAP1 Rodent Models
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MACHINE LEARNING AIMS

Input each median aggregated feature set into a classifier

LOOCV (N=18) 1. Can a machine learning classifier distinguish SYNGAP1 haploinsufficient rats from

In every fold: wild-type controls using interictal EEG features?

. . . . .
Feature Selection with BorutaSHAP 2. Which feature domains contribute most to the classification:

. | _ 3. Does the classifier generalise across individual animals, and is the performance
Baysian Hyperparameter Tunning above chance as assessed by permutation testing?

’
MAIN FINDINGS

» XGBoost outperforms CatBoost in every brain state, with the strongest result on the full
(all brain states) feature set (AUC = 0.9630, p < 0.0001).

/ \ » XGBoost is significant above chance (confirmed by permutation test) in all 4 brain states
(p £0.004); CatBoost only in Wake and NREM.

Model training

Syngapt/- Wild-Type o
 Top features: reduced alpha/delta ratio in Motor Cortex and stronger cross-

correlation in the delta band between Motor and Visual cortex. Align with SYNGAPI

p tation Test EEG signatures: elevated delta/hyperexcitability in rodents’, and a significantly lower
ermuiaiien West) alpha/delta ratio in SYNGAP1 children vs. controls (p = 0.043)-.

RE S l | I I S o Mann-Whitney U test: stable features selected in =3/18 LOOCYV folds
* BorutaSHAP + XGBoost for all brain states

Prediction and Evaluation
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