C) “Brain sex” prediction from EEG data using
tree-based algorithms
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Introduction

Current research on sex-related electrical : e
signatures of the brain shows that some of these Results: Sex prediction

features are more common in females and others e balanced accuracy (whole set of features): 73.7%

are more common in males. Overall, sex-related (AUC = 0.808, f1 score = 0.76)

brain variance is better described as a continuous e balanced accuracy (top 40 features): 72%
rather than a binary variable. Moreover, fMRI (AUC =0.77, f1 score = 0.74)

studies have found the mosaic “male” and
“female” zones (Joel et al., 2015), and the
distribution of such zones can be unique for a
person. The “brain sex” phenotype may act as a |
biomarker to mark certain mental health disorders
(Phillips et al., 2019).

Objectives

1. To investigate the accuracy of “brain sex”
prediction by utilizing machine learning
algorithms

2. To examine what would be considered the

" 14 . b}
MoOost |mp0rtant features for bram SEX Figure 1. represents feature explanation “by gain” for the Light GBM model. The gain implies the relative contribution of the
p red ictio N corresponding feature to the model calculated by taking each feature contribution for each tree in the model

3. To examine Individual differences In
sex-related EEG  features (“mosaic”
distribution of gEEG for a person)

Methods
Dataset: An initial TD-Brain dataset (van Dijk et
al., 2022) consisted of 1,274 patients (620
females), aged 38.67 £ 19.21 (range 5—-88) years,
with a total of 1,346 EEG sessions.
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qEEG features:
We calculated 4298 features from 2 min EEG
recordings with eyes-opened and eyes-closed

conditions. We used _ Figure 2. shows example of the weights of the different features for the sex prediction of 4 different people. f(x) - The base logit value for the
- FE EG LIB p ac kage (|_ C abanero-Gome 7 et a| . prediction for the given person. Calculated with SHAP (SHapley Additive exPlanation) library, based on the a game theoretic approach to

2017) focused primar”y on calculation of explain the output of machine learning model
complexity and connectivity features

Top features explanation:
BP_band - absolute spectral power for the given band (a - alpha, b - beta, t - theta, d - delta)

- Neural PY (Toole and Boylan, 2017) focused Spectral relative power - spectral power in the frequency band, normalised to total spectral power EEG power
: i tatisti | fi fE EG si | CCC - cross correlation coefficient between the data in c1 and the data in c2.
primarily statistical properties o Slgna S DTW - the dynamic time warping algorithm between the data of the given channels. DTW It is a method to calculate the optimal

- Phase synchronization (wPLI) calculated with Tg’tghingfbetweint;vg;imesl_erielsa Vinalcetal 2013) oaloulated s S
- |- weight | tal, : t t i )
MNE_Python (Gramfort et al, 2017) _wpli - weignte ase Lag Inaex (VINnCK et a ) CalCculate etween Cl and cZ in tne Z Trequency range

ML model development: Discussion

We used the tree-based LightGBM model (Ke et = The feature importance analysis shows that the most important features are related to

al., 2017) to analyze the accuracy of brain sex cross-electrode connectivity (primarily, based on wPLI synchronization) in fronto-central

prediction. To avoid overfitting or selection bias, areas of the brain. Results are in line with the Zhang et al. (2018) study, where 87%

5-fold cross-subject cross-validation was used. prediction accuracy was achieved from fMRI data with functional connectivity features within
the default mode, fronto-parietal and sensorimotor networks contributed most to the “brain

To find the best hyperparameters for the model  sex” prediction. The individual patterns of sex-related gEEG patterns are unique for an

we used Scikit-Optimize library (Head et al.,, Individuals.

2018).

The hyperparameters for the best model were: Conclusion
learning_rate: 0.09, num_leaves: 83, max_bin: Accurate prediction of the person “brain sex” is feasible from qEEG data with high

179, min_child_samples: 83, subsample: 0.5, accuracy. The individual EEG “brain sex” phenotype score can be in future investigated
colsample_bytree: 0.37 as a biomarker for various mental health disorders.
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