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Introduction

There is structural plasticity in the human brain even for adults based on experiences or
events that they perceive (event-related), and this phenomenon is known as
neuroplasticity. Neural rehabilitation can be possible because of this neuroplasticity (1).
Brain-Computer Interface (BCI) enables direct communication between a machine and the
brain by passing and analyzing brain signals (2). 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. EEG data often comes in the
form of time-series data, sampled at short intervals to create active and accurate
representations of neural activity. The common way EEG data is used to analyze
psychological processes is through event-related potentiation (ERP). The ERP involves
invoking planned, organized stimuli for the purpose of analyzing the neural responses and

activity at the point of the stimulus. However, the information that is contained in the
resting EEG data pre-stimulus is also of immense value. In fact, the resting dynamics of the
brain can indeed predict oddball evoked potential, and is important to understand the way
the brain sets up and prepares before the next stimulus (3). Additionally, prestimulus
activity can be controlled to alter the amplitudes of ERPs (4). Moreover, another distinction
to be made is that individual neural processes have been related to various oscillations in
EEG responses. It has also been proven that different frequency bands in EEG data can
reveal different aspects of cognitive processes. These individualistic features of neural,
oscillatory activity can be left out in traditional ERP analyses (5, 6, 7). However, it can be
challenging to identify the correct features and process large amounts of data without any
computational assistance (1). This is where the techniques of machine-learning can come
into play. 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 (8). In terms of machine learning and signal processing, the EEG data
naturally takes the form of time series data. EEG data is generally temporarily
high-resolution 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 (9). Many
different types of analysis can be applied to EEG data. An example of classifiers used for
EEG data are convolutional neural networks which can be applied to analyze visual imagery
(2). Another set of classification methods build on top of hand-crafted features extracted by
human experts such as those frequency bands, and then apply methods such as Support
Vector Machines or K-Nearest-Neighbors, to create classifiers (15). The manner in which
the collection of EEG data is also very important because it can allow us to make specific
conclusions about the meaning outcome of the classification. In schizophrenia, working
memory is one of the most prominent and core areas of cognitive impairments (11). One
method of experimentation used when collecting EEG data for the purpose of testing
memory is called the Sternberg Working Memory Task (SWMT). In this task, subjects are
shown a list of letters. After seeing this list, the patients are given a probed letter and are
asked if the probed letter was in the original list. The neural data collected during this task
can reveal a lot about characteristics of working memory when analyzed properly (9, 10).
Additionally, it has been proven that features of EEG data like alpha and theta oscillations
are linked to working memory specifically (12). However, when data is collected from the
Sternberg Working Memory Test the data preprocessing happens in a way in which the
actual letter that is probed is not often included in the data analysis, and doing this is
excluding a potentially important feature as the encoding data of the letter that was probed
in the list is really the important part of the EEG working memory data. This step in
preprocessing can help the model understand the working of the brain in the encoding
memory process much better and narrow the focus of the data that a model uses. My goal

with this research is to improve on current machine learning models’ understanding of
working memory and the complex details involved in the process.

Proposed Methods

Preprocessing of the data

The EEG data from many subjects when they were taking a Sternberg Working Memory test
has already been collected and the single-trial data has been stored. Additionally, the data
regarding the results and details of the test taken in each trial has also been collected and
stored. For example, this data includes whether or not they got a question right or wrong
and also if the probed letter was actually in the list or not and also what letter was probed
during a certain time. The first step is to separate EEG data from the trial based on whether
or not the probed letter was actually there or not (positive and negative trials). After this,
we can connect the probed letter of positive trials to the eeg data during the time the letter
was probed. The EEG data from the letter that was probed and the corresponding letter
that was shown can be used as our feature and can thus be converted to time-frequency
plots, etc. This specific temporal data is crucial because it shows us how the letter probed is
being encoded and the data associated with the encoding process. This allows us to
increase the specificity of features of the model. Additionally, creating time frequency plots
of the data will allow our model to localize the features as these plots can depict which
features have importance in different times.

Deep learning classification model creation

We will be using multi-layer convolutional neural networks as our classification algorithm.
In this context, we will be able to use computer vision techniques to classify the
preprocessed EEG data in the form of the time-frequency plots. These time-frequency plots
will be created using wavelet transforms. This technique of using CNNs on time-frequency
plots will prove to be much easier and more efficient than normal because the extraction
and analysis of patterns and features in the time-frequency representations will be
automated, thus, allowing us to use our model on a diverse array of EEG data and saves us
the time and knowledge needed to manually select features (13). The CNNs will be trained
and tested on the cleaned and preprocessed time frequency data, as discussed in the last
section.

Understanding the extracted features for clinical application

In order to understand and interpret the results of our deep learning model, we will use a
multitude of resources to understand the broad patterns recognized by the layers in our
network and also the weights that are being activated given an input. One way we will
accomplish this is by using activation maximization methods. These methods allow us to
search for an input pattern of data for the model that will produce the highest class
prediction output response of our choosing. Each class that is part of the classification

process of our model has a probability function with a gradient. This means we can perform
gradient ascent on these functions to optimize the probability of a class response.
Interpreting this point can allow us to figure out what features cause the strongest class
responses, allowing us to form clinical conclusions about important features. We will also
create saliency plots to understand which features of the EEG data prominently affect the
model at specific times (14).

Research Role

I will be actively completing tasks for the research in all stages, such as the preprocessing of
the data, the creation of the model, and the interpretation of the model.
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