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ConvNets can reveal the gender from EEG recordings. 
Human experts can't.

Motivation

Electroencephalography (EEG) is the measurement of electrical potentials that 
originate from the tiny neuronal currents of the brain. The medical evaluation 
of EEG requires elaborate work from specialists who can recognize and 
interpret patterns in the large and noisy datasets. Since the sensors only 
receive the superposition of many small and simultaneous activities, it can be 
assumed that many patterns remain hidden in the mixture and are not 
available for diagnosis. While gender provides essential information in other 
medical tests, there are no gender-specific features known for EEG assessment. 
Differences in the anatomy and hormone levels of females and males are 
indisputable, but distinguishing marks between their brains are highly 
controversial. In this work, we present a neural network model for automatic 
classification of EEGs. Based on the training data, it can either detect 
pathological (abnormal)jj datasets or distinguish gender.

Fig. 1: EEG recording (6 s out of 15 min) Fig. 2: EEG cap (inside-out)

Methods

We built a convolutional neural network architecture for binary classification. 
The network consists of 56 layers, including pooling, merging, and dropout 
layers, with 1.1 million tunable parameters. The binary output denotes the 
gender (m/f), respectively the healthiness (abnormal/normal). The EEGs were 
labeled by trained neurologists. The input is an EEG data matrix with 21 
channels and 1250 time steps, corresponding to 10 seconds sampled at 
125 Hz. The distinguishing spatio-temporal representations are learned from 
the data and cover time-delayed cross-channel connections.
We used 2680 recordings from 2167 adult patients of the TUH Abnormal EEG 
Corpus (v1.1.2) [1]. That database was split into training (2425 recordings) 
and evaluation (255 recordings) data.

Results

We identified normal and abnormal EEGs in the 255 evaluation recordings 
with an accuracy of 87 % after averaging the results over 36 samples from 
the same patient. The accuracy from single samples (10 s) was already 80 %. 

We identified males and females in the 255 evaluation recordings with an 
accuracy of 81 %.

Discussion

Our method outperforms the latest published baseline for pathology 
detection (87 % vs. 84 %) on the used dataset [2].
The ability to distinguish gender from EEGs indicates currently unrevealed 
differences in the EEGs of females and males. The different signals could 
result from:
   1. Functional differences in the cortical networks that are emitting the  
        signals.
   2. Anatomical differences in the volume conduction structure shaping the 
        signals when they propagate from the sources towards the EEG sensors 
        throughout the brain, bone and skin tissue.
   3. Gender-specific prevalences of EEG-altering diseases, as the dataset was 
        sourced from a hospital and contained data from diseased patients.

Our ongoing research now aims to identify and interpret the distinguishing 
spatio-temporal patterns.

Conv2D

BatchNormalization

MaxPooling2D

MaxPooling2D

Conv2D Conv2D Conv2D Conv2D

BatchNormalization BatchNormalization BatchNormalization BatchNormalization

Activation Activation Activation Activation

Concatenate

MaxPooling2D

MaxPooling2D

Conv2D Conv2D Conv2D

Cropping2D Cropping2D Conv2D Cropping2D

BatchNormalization BatchNormalization BatchNormalization BatchNormalization

Activation Activation Activation Activation

Concatenate

Dropout

MaxPooling2D

Conv2D Conv2D Conv2D Conv2D

BatchNormalization BatchNormalization BatchNormalization BatchNormalization

Activation Activation Activation Activation

Concatenate

Dropout

Reshape

Bidirectional CuDNNLSTM

Dense

Dropout

Dense

EEG Input

Output

32 x [3,1]

pool [3,1], stride [2,1]

24 x [1,1] 16 x [3,1] 16 x [5,1] 16 x [1,1]

pool [3,1], stride [1,1]

relurelu relu relu

relurelu relu relu

relurelu relu relu

sigmoid

relu

tanh

32 x [1,21] 24 x [3,21]

24 x [5,21]

24 x [1,21]

64 x [1,1] 48 x [3,1] 48 x [5,1] 48 x [1,1]

pool [3,1], stride [1,1]

pool [3,1], stride [1,1]

Fig. 3: Deep Neural Network for EEG Classification
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