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NEUROTECHX L1’ s N and electroencephalography (EEG) to study the structure and activity of the brain. From these measurements,

How old is your brain? What may sound confusing at first is actually a relevant parameter towards more

.. , , quantitative diagnostic approaches in neuropsychiatry. Researchers use magnetic resonance imaging (MRI)
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Correspondence: sven.guenther@tum.de 2 DES SCIENCES DU NUMERIOUE a so-called brain-age can be predicted. The deviation of the predicted to the actual age may then be used to

detect aberrant developmental processes posing relevant diagnostic indications. Key to this approach is
In a nutshell

machine learning. Therefore, NeuroTechX initiated the brain age prediction challenge. Here, we will present

our approach to that challenge.
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What is the state-of-the art in predicting brain age from EEG signals?

o 1D Convolution

o Batchnorm and GelLU
Maxpool
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Preprocessing | B we present place 1 and 3 of the brain age prediction challenge

4000 6000 age can be predicted from EEG recordings with a mean average error of 1.16 years
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Samples (100 H) the deep learning approach outperforms a standard machine learning approach

brain age prediction benefits from large number of participants (~ 3500)

“SVM Margin” by Larhmam licensed under CC-BY-SA 4.0
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EEG
e Electroencephalogram (EEG) is a non-invasive method to measure signals from the brain T . 1. Sample Selection: select only samples that contain EO + EC
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e EEG s prone to artifacts (hence, preprocessing) e Interpolating channels > dropping them

Bear, Connors & Paradiso, 2015
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3. Standardization & Combination

e ——— — Input to Model (1 channel)

e Psychiatry is the only medical field without quantitative diagnostic criteria ® GELU better than ReLU

e Brain Age is a promising physiological parameter to detect discrepancies e Constant dilation to regularize without changing the Prmsnio 8

receptive field | loss_step

= group: Simple convnet, with 129 chs, jobType: eval

between normal and pathological developments
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Feature Value (aU)

e EEG approach is superior to MRI regarding cost and availability * 4layers <3 layers, possibly because hyperparameter 4. Model Selection & Hyperparameter Tuning

tuning is slower
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i ] data into S , use s for training data and hold ocut 1 fold to
| 1 o= . 5 - 2 &
i | r pur.wr ance. Repeat 5 times holding out a different fold :
1 1
[} 1
. . 40
1 1
! i | Innexr loop: Split training data into 3 Features
! i | folds, use 2 fold for hyperparameter tuning
[ 1 and v:‘iv'.;’n ~laseifier tige he other folc
[} 1
. 1 ] s
I 1 - . &
[} 1
1 ]

XYaining ciasgilier. Use the other
for model evaluation. Repeat 3 times,
holding out a different fold

Training process:
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Codalab Challenge Dataset Healthy Brain Network (HBN) 600
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Hyperparameter Search Kernel: Linear, Sigmoid, Poly, RBF

® resting-state EEG, 129 channels, 500Hz Gamma: logspace(-10:10)

resting-state EEG, 129 channels, 500Hz . L | Ryperparameters P
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Support Vector Machine
Kernel: Linear
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- Enhance signal-to-noise ratio

Time cropping - Reference to neighboring channels - For HBN only: 5 R 1 tsneurotech 1 11/21/22 1.156811 (1)
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v - Remove noise at start and end of recording v - - Mostly clean

e Alexander, L. et al. (2017). An open resource for transdiagnostic research in pediatric mental health and learning disorders. Scientific

- _ , thatsvenyouknow 11/20/22 1.603094 (3)
Detect and o Band-pass e T - No more line Data4.1/70181.
interpolate bad Standardizing data: L filtering [ e interference zeta 11/21/22 1.640561 (4) ’

channels ) - More suitable for Machine learning 545z sl . go DC biasl f Nitin_Singh 112175 b it 1.660653 (5) e Azevedo, T, Passamonti, L., Li6, P. & Toschi, N. (2019). A Machine Learning Tool for Interpreting Differences in Cognition Using Brain
! o | | - Downsample for

E16

Downsampling: lighter processing
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