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Introduction
Brain-Computer Interface (BCI) enables direct communication between a
machine and the brain by passing and analyzing brain signals (1). Generally,
electroencephalography (EEG) can be used to predict real-time changes to
neural activity and dynamics when paired with experimentation conducive to
meaningful change in that data. It has also been proven that different frequency
bands in EEG data can reveal different aspects of cognitive processes (2).
Machine learning is a study area of designing statistical approaches to make
computers learn from observations and data. Machine learning techniques can
be used to extract patterns from data and quantify the patterns into models that
can generalize to new data. They have been widely used in medical science in
recent years, and are creating opportunities for more accurate classification and
more efficient processing of medical data than ever before (3).
In terms of machine learning and signal processing, the EEG data naturally
takes the form of time series data. EEG data is generally temporarily highresolution but spatially low-resolution. To process EEG, the signal data are often
segmented into small intervals, for instance, according to the information
processing stages of the brain. Afterwards, magnitudes of different frequency
bands are extracted from the EEG segments. The feature extraction step is used
to summarize the complex EEG signals into more interpretable features that can
be potentially useful for prediction or forecast of a task performance. Automatic
feature extraction can ease the process and versatility of classification models
because the models can be applied to a wide range of data (4).
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This plot shows the accuracy of the model’s predictions on the training and
testing data (which was split 75% to 25%) for 10 epochs of training. The
testing accuracy (val) maxed out at approximately 74%, and the training
accuracy (train) maxed out at around 99%.

This plot is a Receiver Operating Characteristic curve, which shows the
level of improvement of the model’s predictions over random guessing.
The area under the blue curve depicts this (AUC = 0.76)

The EEG time-series was data collected from 64 channels. I then segmented
and labeled this data using an XML script to provide the markers of the
letters of the SVM. These markers were provided at specific times (the time
certain events occurred), and segmented phases of a trial. I placed these
markers into the XML script using a regular expression algorithm.

Conclusions

I then used data from 1 of the channels, the occipital channel, and I applied
Morse wavelet transformations to the time-series EEG data to convert it into
time-frequency image data using MATLAB and FieldTrip. The time-frequency
images were separated by trial, and the EEG data used for the images was
solely from the baseline stage. This produced 1,823 time-frequency images.

The prediction capabilities of the model proved that it was able to do better
than random guessing (which would yield an accuracy of around 60%) as it
yielded a 99.1% training data accuracy, and it predicted 77% of the cases
without schizophrenia and 70% of the cases with schizophrenia during the
testing phase. This shows that there are deeper patterns in the EEG data that
can be used to drive better prediction. Based on these prediction
capabilities, our model showed more importantly, that there is a possibility
for neural networks to accurately predict the diagnosis of schizophrenia.
Additionally, there are lots of potential ways to improve the prediction
accuracy, as shown.
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Engineering Goal
Schizophrenia is a serious mental illness that affects 1% of the
population worldwide. Our aim is to use convolutional neural networks
(CNNs), classification methods, to predict whether or not an individual
is diagnosed with schizophrenia.

Schizophrenia
Schizophrenia

Healthy

Predicted

A confusion matrix with images of the most extreme cases of predictions by the model
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Future Directions
Now that we know that EEG data taken from the Oz and Fz channels (in the form of time
frequency images) can improve the accuracy of prediction of schizophrenia, there are
many ways we can manipulate the data and methods to improve the accuracy further.
One way this is possible is by using EEG data from the encoding phase of the SWM. The
data can also be separated based on whether or not a subject answered correctly or
incorrectly per trial and also based on the probed letter in the trial. This could allow the
model to easily extract more relevant features from the data. The data also includes the
amount of letters presented per trial, so separating the data based on that can provide
us with more information on the effect of memory load on working memory. All of these
markers and modifications to the data have already been set up, so now that we know
the data is relevant in the first place, these additional measures can be taken to improve
the test accuracy to get to a point where we can very accurately predict clinical status.
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These images were generated to be used as input feature data for my deep learning
model. I created a convolutional neural network with 3 convolution and max-pooling
layers, followed by Dense activation layers. This model also used the Adam optimizer.
The model started with an input layer that consisted of the preprocessed forms of
the time-frequency images, which we had also standardized beforehand. These
tensors contained the standardized rgb values of all the time-frequency images. The
classes/labels of the data were simply whether or not the data came from someone
diagnosed with schizophrenia or someone from that is healthy.

This is a confusion matrix which depicts the percentage of accurate and
inaccurate predictions per class (healthy or schizophrenic). It is clear that
the model can more accurately predict when someone has schizophrenia,
but also makes more inaccurate predictions of schizophrenia when one is
really healthy.

Actual

I used an EEG dataset previously used to classify working memory
performance on the Sternberg Working Memory Task (SWM). EEG is used to
measure voltage changes in the brain and is collected during behavioral
experiments. The EEG data we used was sampled at the frequency of 0-50
Hz. The SWM is a well-known behavioral experiment that studies the 4
phases of the working memory: baseline, encoding, retention, and retrieval.
The format of the SWM is shown in the image below.
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