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Introduction

- One of the main risk factors for numerous health problems is 

excessive drinking.

- Alcoholism can affect a person’s thinking and cognitive abilities.

- The diagnosis of alcoholism is challenging:

• blood tests

• questionnaires

This poses the need for fast, reliable, automatic, and preferably

non-invasive ways to detect alcoholism.
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- Electroencephalogram (EEG) is a non-invasive method that can help detect alcohol use 

disorders in a subject.

- Proposed: a mechanism to detect alcoholism using an EEG signal with a deep learning 

model that considers the spatio-temporal nature of EEG signals by leveraging common 

spatial features (CSP).
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- Machine Learning and Intelligent Systems repository at the University of California, Irvine.

- Multichannel EEG recordings from alcoholic and control patients are included in this 

collection.

- 64 electrodes with a frequency of 256 Hz, each trial was recorded for 1 s.

- Each set has 600 samples. There are 300 alcoholic samples and 300 control samples in each 

of the training and test sets.
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- High-dimensional data deteriorates the prediction abilities of the classifier used.

- Another factor that reduces the prediction accuracy is that data from nearby channels are 

prone to high correlation.

- CSP is used to deal with this problem of high dimensionality and correlation. 
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1.  EEG Spatial Covariance 𝑅𝑖 for each sample 𝑖

Given EEG signal matrix 𝐴𝑖 ∈ ℝ𝐶×𝑇

𝑅𝑖 =
𝐴𝑖∙𝐴𝑖

𝑇

𝑡𝑟𝑎𝑐𝑒(𝐴𝑖∙𝐴𝑖
𝑇)

2.  Composite Spatial Covariance 𝑅𝑐

𝑅𝑝 =
σ𝐴𝑖∈𝑝

𝑅𝑖

𝑁𝑝

𝑅𝑞 =
σ𝐴𝑖∈𝑞

𝑅𝑖

𝑁𝑞

𝑅𝑐 = 𝑅𝑝 + 𝑅𝑞
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3.  Eigenvalue Decomposition

𝑅𝑐 = 𝑋 ∙ 𝜆𝑐 ∙ 𝑋
𝑇

Eigenvector matrix 𝑋 ∈ ℝ𝐶×𝐶. Columns are eigenvectors of 𝑅𝑐.

Each eigenvector represents a principal spatial direction of EEG signal (e.g. [0.2,−0.5,...,0.3])

Diagonal matrix 𝜆𝑐 containing eigenvalues which represent variance along each eigenvector.

4.  Whitening Transformation

Whitening transformer/whitening matrix 𝑌 = 𝜆𝑐
−1 ∙ 𝑋𝑇

𝑍𝑝 = 𝑌 ∙ 𝑅𝑝 ∙ 𝑌
𝑇

𝑍𝑞 = 𝑌 ∙ 𝑅𝑞 ∙ 𝑌
𝑇

𝑍𝑝 + 𝑍𝑞 = 𝐼
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Why whitening?

Whitening transforms data so that the covariance becomes identity: 𝑌𝑅𝑐𝑌
𝑇 = 𝐼

Meaning: 

• all channels become uncorrelated

• variance becomes equalized (= 1)
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5.  Eigen Decomposition of Whitened Matrix

𝑍𝑝 = 𝑄 ∙ 𝜆𝑝 ∙ 𝑄
𝑇

These eigenvectors maximize the variance difference between classes. 

6.  Final Projection Matrix (Spatial Filters)

𝑊 = 𝑄𝑇 ∙ 𝑌

This matrix projects EEG signals into discriminative spatial components.

CSP finds spatial patterns that separate alcoholic vs control EEG.
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CSP + Deep Learning
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- The application of CSP not only linearly transforms a data matrix into a lower-dimensional 

subspace but also maximizes the discriminability of two classes.

- This work shows how deep learning can extract spatio-temporal features from multi-channel 

EEG signals and use these features for accurate classification.

Common Spatial Patterns + Deep Learning

- Examine using sophisticated deep learning architectures, including Transformers and Graph 

Neural Networks (GNNs), to increase the model’s efficacy.

- Try to incorporate multi-modal data (EEG + MRI), using explainable AI techniques to 

enhance model interpretability, or validating results on larger, more diverse datasets.

Future Work
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