
Chapter 7

Convolutional Neural Network for
predictive analysis

In this chapter, we explore the deep learning approach, specifically Convolutional Neural
Network (CNN) with EEG signal for predictive analysis. The prime motivation of using
the CNN approach is to exploit the spatial relationship of EEG electrodes by generating a
Spatio-Spectral Feature Image (SSFI) as a topographic map. In addition, the CNN model
is used to explore the inter-subject dependency analysis. First, we explain the generation
of SSFI, then we describe the CNN model approach for LWR classification task. Finally,
we discuss the results obtained from the prediction model for an individual subject and
inter-subject dependency model.

Fig. 7.1 SSFI for a frequency band

7.1 Spatio-Spectral Feature Image -SSFI

For generating the SSFI, we use the 14 channels of EEG signal collected from the experiment
(Chapter 2). First, EEG signal is filtered with a 5th-order, a highpass IIR filter with cut-off
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Fig. 7.2 A collection of six SSFIs

frequency of 1 Hz. Then artifacts are removed from EEG signal using the wavelet-based
approach with steepness constant of 0.1 and Interpercentile range as 50 in soft-thresholding
operating mode (explained in Chapter 4). After preprocessing, all the segments of listening,
writing, and resting are extracted. For SSFI generation, we extract features from a small
window of a segment, as explained in Chapter 2 and shown in Figure 2.11. From each
segment, a small window of 14 EEG channels is extracted, with a window size of N = 128.
The windows extracted from a segment, are overlapping with m = 128−16 = 112 samples
or with a shift of 16 samples. Each channel of extracted window is decomposed into six
frequency bands namely delta (0.1−4 Hz), theta (4−8 Hz), alpha (8−14 Hz ), beta (14−30
Hz), low gamma (30−47 Hz) and high gamma (47−64 Hz), represented as δ , θ , α , β , γ1,
and γ2 respectively. Then we compute the sum of power for each channel in six bands using
the Welch method with Hamming windows. The resulting collection of spectral features was
therefore calculated as

Fi,k = ∑Pi(Ek)

where Ek is the kth EEG channel of extracted window and Pi(·) is the power spectrum of
the ith frequency band i ∈ [δ ,θ ,α,β ,γ1,γ2]. Since there are 14 channels and six frequency
bands, for a small window of signals, the feature vector F has 84 dimensions (F ∈R84), such
as
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(7.1)
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For one frequency band, given power of 14 channels, an image of topographical map can be
produced by interpolating to inside the points and extrapolate to outside points by placing
four points to form a square encompassing all data points, where each side of the square is
three times the range of the data in the respective dimension. This method of extrapolation
is adapted from MNE software library [123]. An example of generating a topographical
map image and corresponding 64 by 64 SSFI for one frequency band is shown in Figure 7.1.
Similarly, a collection of six images generated for six frequency bands for a small window of
the EEG signal is shown in Figure 7.2.

Fig. 7.3 CNN approach with SSFI for predictive analysis

7.2 Convolutional Neural network model

For the predictive analysis of LWR classifications, a CNN approach is shown in Figure
7.3. For each segment of listening, writing, and resting, a small window of 128 samples
with overlapping of 16 samples is extracted and a collection of six SSFIs is generated and
labeled according to segment label. The CNN model shown in Figure 7.3 is consist of five
convolutional layers (CNV), two fully connected layers (FC) and an output layer with 3 units.
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Fig. 7.4 CNN model for LWR classification

The schematic diagram of the CNN model is shown in Figure 7.4. Unlike the conventional
CNN for RGB images, the number of input channels for our case is six. Each convolutional
layer has a bank of filters of a size of 3 by 3 and followed by a max-pool layer with a filter
size of 2 by 2, except for CNV5. As shown in Figure 7.4, the number of filters for the first
convolutional layer is 32 and 16 for the rest of the layers. The activation function used for
the output layer is softmax and for all the other layers is rectified linear unit (ReLu) and
l2 = 0.01 regularization. The weights of the CNN model are optimised with Adam (Adaptive
Moment Estimation) method to minimize the categorical cross-entropy loss function [124].

7.3 Training and testing

Since each brain has a different folding structure [82], the CNN model is trained on the
data of an individual subject. The data of a subject is split into training and testing in serial
order. The first 100 segments of listening, writing and resting each, are used for training
and rest are used for testing. The serial split is used due to the temporal nature of data.
Future information should not be used to predict past events. Since the features are extracted
from a 1-second window (N = 128) with an overlap of 0.875 seconds (m = 112), a feature
vector of one window carries the potential information about the corresponding segment.
To avoid the information leak, the data is split into training and testing segments first and
then the features are extracted from each segment. A CNN model is trained and tested on a
subject. In addition, a trained model on a subject is tested on other subjects to analysis the
inter-subject dependency of the task. For completeness, the trained model is also tested on
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the same subject with all the data together, including training and testing data. The results of
the individual subject and inter-subject dependency are discussed in the next section.

7.4 Results and discussions

7.4.1 Individual subject model

The results for the individual subject model are shown in Figure 7.5. Since each segment is of
different duration, the number of data-points extracted from each segment is different. Unlike
segment-wise feature extraction, the random chance level is computed by the count of the
majority class. In this case, data-point for writing class are in majority for each participant
because the writing segments are longer than the other two. The random chance level for
each participant is different, which is marked in Figure 7.5 by a small bar. The performance
of the model was observed to better than a random chance for training, however for testing,
the accuracy was observed less for seven subjects. It can be observed that the same model
perform differently for each subject. The performance of the model could be improved by
tuning the model for an individual subject, however, the focus of this study is to analyse
the performance of a model in a general setting. The results of an individual subject model
cannot be compared to models used in Chapter 6, since the feature extraction process is
different for the CNN approach. The results for the CNN approach are corresponding to the
prediction of subtask forgiven a small window of EEG signals, whereas, in Chapter 6, the
performance is corresponding to the entire segment.

Fig. 7.5 Results for individual subject, with a bar of random chance level
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Fig. 7.6 Results for inter-subject model

Fig. 7.7 The average performance of model and subject

7.4.2 Inter-subject dependency model

The results for inter-subject dependency model is shown in Figure 7.6, as a matrix. On the
y-axis, subjects are labels on which CNN model is trained and on the x-axis, subjects are
labeled on which trained model is tested. The diagonal of the matrix shows the model trained
and tested on the same subject, hence the accuracy is higher on the diagonal. The matrix
shown in Figure 7.6 reveals interesting observations. It can be observed that for a model
trained on subject-1, perform better with other subjects on the other hand, a model trained on
subject-19, perform very poor, on other subjects. Interestingly, subject-19 perform better on
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a model trained on any other subjects (including itself) and subject-1 doesn’t perform well
on models trained on others. Surprisingly, subject-1 has the highest overall attention score
and subject-19 has the lowest overall attention score.

Figure 7.7 shows the average performance of a model on the other subjects and the
average performance of a subject on the models trained on other subjects. The SD for each
performance measure is shown by an error bar. It can be observed that a few selective subjects
(e.g. S8 and S20) are performing well on the models trained on other subjects. The models
trained on specific subjects (e.g. S1, S6, and S22) are performing well on the other subjects.
A variation in subject performance is more than a variation in model performance.

From the above observations, it can be concluded the few subjects exhibit the general brain
activity related to auditory attention than others. These subjects are a better representative of
general attentional behaviour.

(a) CNV1-layer (b) CNV1-layer

(c) CNV2-layer (d) CNV3-layer

(e) CNV4-layer (f) CNV5-layer

Fig. 7.8 Deep features learned from a CNN model at different layers. Each image column of
six images are corresponding to one filter.
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7.4.3 Features learned from deep filters in a CNN model

One of the common ways to explore trained CNN model is to visualise the patterns that
activate the trained neurons. This approach reveals the primitive patterns or features that the
network is looking for. This approach is more suitable for our case since our input image is
not a conventional image of an object. This is an indirect way to interpret the filters learned
in a deep network. A pattern is generated by feeding a random image to trained network and
maximising the activation of a selected neuron by optimising the input image using gradient
ascent method [125, 126].

The patterns generated from a model trained on subject-1 are shown in Figure 7.8. The
number of filters in CNV1 layers is 32 and in the other four layers are 16. A collection of six
images is generated for a filter, one for each frequency band. In Figure fig:cnv11, the first
column of images corresponds to the first filter, hence represent the features extracted by
the first filter. A top image of the first column corresponds to frequency band-δ and bottom
image corresponds to γ2. It is interesting to note that the filters of CNV1-layer (in Figure
7.8a, and 7.8b) are focusing on the specific locations of the input SSFI. Specifically, one filter
is focusing on the right temporal lobe of image and other is focused on the left temporal lobe
with the parietal lobe. In the first layer, the features learned are smoother than other layers.
The feature learned in the CNV2 and CNV3 layer are focusing the very small regions on the
SSFI on the entire image. The features learned in CNV4 and CNV5 are however more into
specific locations. It also can be noticed that most of the filters are producing a random noisy
pattern, which is the indication of a dead filter [126].

The approach presented in this chapter has the potential to exploit the spatial relationship
of EEG electrodes, which can be further used to analyse the Inter-subject correlation [127].
A CNN model used for our study can also be improved by processing each channel of SSFIs
separately since they are independent in terms of functionality they represent for the human
brain.


