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Abstract: More than 16 million people in the United States are living with cognitive impairment. Reports 
suggest that 12,000-15,000 people have amyotrophic lateral sclerosis and approximately 17 million people 
have cerebral palsy, globally. The engineering goals are (i) to design an experimental study to analyze and 
improve cognitive performance and (ii) to develop a communication aid to support people with 
neuromuscular disorders using non-invasive brain-computer interface. A low-cost EEG device, Emotiv 
EPOC+ is used to record EEG data and a Python interface is used to stream the data for analysis. The 
features extracted are used to train the classifier, Linear Discriminant Analysis. The participants’ cognitive 
performances were measured initially and after giving 20 days of feedback sessions with alpha-numeric 
speller. The performances were in the range of 76%- 81% initially and accuracy improved for all the 
participants and are in the range of 84%-89.3% after feedback sessions. The proposed feedback training 
design is an excellent way to improve cognitive abilities and can be used for healthy individuals as well as 
people with attention deficiency to improve their attention. A software application is developed to use the 
system as a communication aid for neuromuscular disorder patients who are unable to communicate. The 
accuracy in identifying the words of participants’ choice are measured only using their brain activity. The 
communication aid was able to predict more than 91% of the words correctly. The system is low-cost and 
easy-to-use with a short setup time regardless of users’ expertise.   

1. INTRODUCTION 

Cognitive impairment is not limited to a particular age group and it is not caused by any one disease 
or condition alone. Alzheimer’s disease, other dementias or conditions such as strokes, brain injuries, and 
developmental disabilities, can cause cognitive impairment (CDC Report, 2010). Reports suggest that 
12,000 to 15,000 people in the United States have amyotrophic lateral sclerosis (ALS) and approximately 
17 million people have cerebral palsy, globally. Brain computer interface (BCI) is an emerging technology 
that can help the lives of these people. BCI monitors brain signals, extracts relevant features, and converts 
them into outputs that replace or improve human cognitive abilities. BCI has the capability to improve 
cognitive performance in healthy individuals as well as to replace or restore important functions to people 
disabled by neuromuscular disorders such as ALS, cerebral palsy, strokes, or spinal cord injuries. To study 
the activities of the brain, electrical activities of neurons are monitored through electroencephalogram 
(EEG). It can be measured either by invasive or noninvasive methods. One of the techniques to study the 
brain activity is to stimulate it by presenting a paradigm. The P300 event related potential embedded 
within the EEG signals can be used to analyze, improve and communicate human thinking. The P300 
signal is seen in the EEG signals as a rapid single potential change in response to a sensory, cognitive, or 
motor event. The signal's peak appears at an average of 300 milliseconds after the stimulus. The detection 
of the P300 signals require the subject to correctly recognize the stimulus event to generate a strong and 
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observable P300 (Haider et al., 2017). 
The engineering goals of this project are (i) to design an experimental study to analyze and improve 

cognitive performance and also (ii) to develop a communication aid to support people with neuromuscular 
disorders using non-invasive BCI. 

1.1. Research 

Various studies have been done to improve the cognitive abilities, and the use of computer-based 
training programs are of growing interest in recent years. Computerized interventions are low-cost and 
can be exercised from anywhere as compared to traditional face-to-face training programs (Kueider et al., 
2012). Previous studies include a user-friendly BCI based cognitive training system targeted to healthy 
elderly which showed promising results in improving memory and attention (Lee et al., 2013). Other 
studies show that it is possible to influence the brain waves (theta, alpha, beta and gamma) to improve 
attention, memory, motor skills and mood (Gruzelier, 2013). Another study shows that substantial 
improvement in the response time in young adults after providing neurofeedback training and hence 
suggests that neurofeedback training is a promising tool for improving attention mainly for those who are 
at risk of attention deficiency (Arvaneh et al., 2018).  

Patients with motor disabilities caused by stroke, or by neurodegenerative diseases such as ALS are 
conscious and alert but are unable to use their muscles, significantly disabling communication, even by 
writing. Birbaumer et al. developed a communication system for patients with ALS that employed an 
electronic spelling device in which letters were presented on a screen. The letter selection is slow, but it 
is reliable and precise enough to allow patients to communicate (Birbaumer et al., 2003).  

P300 is a positive deflection in the EEG signal which occurs around 300 ms after the appearance of 
the target stimulus. P300 potential (evoked by a target stimulus) is distinguishable from the samples 
synchronized with frequently ignored non-target stimuli. The P300 potentials reflect peaking signal 
patterns observed to occur around 300ms after the appearance of visual stimulus. P300 is very useful in 
assessing cognitive function. Human attention, memory performance and error awareness are largely 
dependent on the amplitude, latency and energy of P300 signal. According to previous studies, shorter 
P300 latency and larger amplitudes are associated with higher cognitive performance (Polich, 2007).   

2. MATERIALS AND METHODS  

The EEG data is collected from 4 subjects aged 16 – 57 years over 20 days using Emotiv EPOC+ EEG 
headset. The same experimental conditions are maintained for each subject and data are collected for the 
same number of sessions. 

The Emotiv EPOC+ is a portable, high resolution, 14-channel, EEG system. The EEG signals are 
obtained from the 14 sensors located in the positions AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, 
F8, AF4 arranged according to the International 10-20 locations. Emotiv EPOC+ has 2 reference locations 
P3 and P4. Figure 1 (a) shows the device and the placement locations of the electrodes are given in Figure 
1 (b). Emotiv EPOC+ headset connects to the computer wirelessly. The EEG signals are recorded from 
all the 14 electrodes with a sampling rate of 128 Hz (EPOC+ User Manual, 2019). 

Saline solution is used to hydrate the sensors to get good contact. After fitting the headset on the head 
of the subject and powering on the device, the contact quality is checked by the freely available software 
from Emotiv (EmotivPRO).  There are four states with color codes as given in Figure 1 (c). Before 
acquiring any EEG data, the contact of all the electrodes is ensured by pressing the sensors on the scalp 
firmly until a green indicator (100%) is received for each sensor from the software (EPOC+ User Manual, 
2019). 
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         Figure 1. (a) Emotiv EPOC+ headset   (b) Placement of the electrodes      (c) Checking the contact quality 

 

2.1.   Methodology 

The methodology used in this research is given in Figure 2. First, the training dataset from a given 
participant is acquired while he/she performs a real time BCI activity. The recorded data is preprocessed 
and is used to train the classifier off-line as given in Figure 2 (a). The next step is to measure the 
performance of the participant while doing an online BCI application as shown in Figure 2 (b). After 
preprocessing the EEG data acquired, the relevant features that distinguish a target (P300) signal from a 
non-target (non-P300) signal such as band power features and power spectral densities are extracted from 
the data. These feature vectors are used by the trained classifier to classify the data and give the feedback 
to the user in real-time. The user performance in executing the BCI activity is calculated. 

 

 
Figure 2. Methodology (a) Training the classifier (b) BCI online application 

2.2. Software 

OpenViBE software version 2.2.0 is used to design the scenarios in which the EEG data will be 
analyzed in order to obtain P300 evoked potentials. OpenViBE is an open-source software platform which 
enables researchers to design, test and use BCIs (Renard, 2010). OpenViBE consists of two modules: (i) 
the Acquisition client that imports EEG data for online and/or offline processing, and (ii) the Designer 
which supports data pre-processing, processing and visualization. A Python interface, CyKit is used to 
stream the raw EEG data from the Emotiv EPOC+ headset to OpenViBE. CyKit is a Python 3x server to 
provide EEG data to browser and generic users via Transmission Control Protocol (TCP) stream 
(CymatiCorp, 2020). To study the cognitive performance, the P300 speller scenario is used.  

The P300 spelling model depends on the visual evoked potentials (VEP) and was first proposed by 
Farwell and Donchin (Farwell et al., 1988). P300-based speller consists of a 6x6 matrix of an 

Color code of 
contact quality 
displayed by 
EmotivPRO 

 
Sensor Status 

Black No contact 

Red Poor Contact 

Orange Average Contact 

Green Good Contact 
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alphanumeric display on a computer screen. The rows and the columns of the matrix are flashed in a 
programmable configuration. The target letter to identify is highlighted in blue color at the beginning of 
the scenario. Then, the participants were instructed to focus at the target letter and count quietly whenever 
the target letter flashes on the screen. The EEG signals were recorded during this process. The flashes of 
row/column of the target letter (target stimulus) should generate a P300 signal in the EEG data and the 
flashes of all other rows/columns (non-target stimuli) correspond to non-target EEG data. In order to 
preprocess the recorded EEG data, an xDAWN filter is used (Rivet et al., 2009), while the Linear 
Discriminant Analysis (LDA) machine learning algorithm is used for the classification of P300 signals. 

2.3. Experimental Design to Improve Cognitive Abilities 

The participants were informed about how the alphanumeric speller works and were asked to sit in 
front of a computer monitor. The participants completed a session with 12 flashes each per row/column 
(a total of 24 flashes) of the target letter and there were 20 target letters in each session to identify. So in 
one session, each participant would generate 480 evoked potentials. The target and non-target EEG signals 
were collected in real-time using OpenViBE software. The OpenViBE acquisition client that is connected 
wirelessly to the Emotiv EPOC+ collects the data which is subsequently imported and written to a file. 
All these functions as well as the target letter generation and p300 alphanumeric speller visualization are 
implemented using OpenViBE box algorithm modules (Renard, 2010). The number of trials, the number 
of repetitions a target letter flashes, the flash duration, and the inter-trial delay time are configurable. The 
EEG data is collected while running the P300 Speller. 

The recorded EEG data is pre-processed using the temporal filter. The channels are selected using the 
xDAWN spatial filter after the filter is trained by the acquired EEG data. The data collected from all the 
channels are then aggregated into one feature vector that can be used by the classifier. The feature vector 
from the target events and the feature vector from the non-target events are sent to the classifier, LDA. 
These feature vectors are used as different inputs to train the classifier to distinguish between the target 
and non-target signals produced by the participant’s brain activity.  

This offline testing is done by k-fold cross-validation (k = 5) in which the data set is randomly 
partitioned into k subsamples of equal size. Among the k subsamples, k − 1 subsamples are used as 
training data for the model and the remaining one subsample is used as the validation data for testing the 
model. This process is repeated k times, thereby using each of the k subsamples only once as the validation 
data. The results of the k trials are then averaged to produce a single estimation. In this method, all 
observations are used for both training and validation, and each observation is used for validation only 
once. The performance was calculated according to the number of samples correctly classified into the 
target (P300) and non-target (non-P300) categories with the classifier.  

Once the classifier has been trained, the participant can use the system with free choice of words in 
real time. The online application collects the EEG data, pre-processes and classifies the data and also 
displays the result of the prediction.  

For the initial testing of the cognitive abilities, the participants were asked to spell the words (including 
non-dictionary words) and numbers “uncopyrightable” “mfdjq” “xvkswz” “1357924680” “jumbling” 
“vext” “frowzy” “hacks” “PDQ” “1470258369” (contain all letters of the alphabet and numbers equally) 
by identifying the letters using BCI alphanumeric speller. Each target letter was flashed 24 times (12 each 
per row /column). The EEG signals were recorded. The performance of each participant is calculated 
using the trained LDA classifier model.  

The participants were given feedback sessions after the initial testing of cognitive abilities. They were 
asked to focus on a target letter highlighted in blue color and count whenever it flashes. EEG signals were 
recorded during this process. At the end of 24 flashes, the target letter identified by the trained classifier 
(from the collected EEG data) was highlighted in green color, allowing the participants to learn whether 
they correctly identified the letter. This is repeated for 15 target letters, each time displaying the feedback 
letter. Each participant went through three 20-minute feedback sessions and is repeated on 20 different 
days. 

Testing the cognitive abilities session is repeated for each participant after giving 20 days of feedback 
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training and the performance of each participant in correctly identifying the target letter before any 
feedback training and after the feedback training on the 20th day are calculated.    

2.4. Communication Aid System        

In order to implement a system that can be used as a communication aid, a software application is 
developed to display a screen with 12 words which would be commonly useful for a patient suffering 
from neuromuscular disorders (Figure 3). Three scenarios are developed using OpenViBE software: EEG 
data acquisition, Offline training of the LDA classifier, and Online application in real time. The three 
scenarios were implemented using OpenViBE box algorithms.  

The participant was asked to sit in front of the monitor and the images of the words are displayed. A 
target word was highlighted in blue color and participant was asked to focus on that word and count 
quietly whenever the word appears. When the word disappears a black screen was shown at its place. The 
words appear in the screen randomly and each word appears 10 times and is repeated for 10 words. Hence 
the target words appeared 100 times and the participant generated 100 evoked potentials for the target 
events.     

 

Figure 3. 3x4 Display matix of words 

 The collected EEG data is passed through a Butterworth band pass filter to remove the signals below 
1 Hz or higher than 30 Hz because the normal EEG data should be in the range between 1 Hz and 30 Hz. 
There are two groups of data, one for the target events and another for the non-target events. The features 
are extracted and used to train the LDA classifier. K-fold cross validation is used (k=5) for the offline 
training.  

Once the classifier has been trained, the interface can now be used in real time application. The 
participant is presented with the display of 3 x 4 matrix which consists of different words. The participants 
are asked to focus on the word of their choice and count the number of times it appeared. The words 
appear in the screen randomly and each word appears 10 times. At the end of this, the word predicted by 
the classifier is displayed in green color. Hence, the participant can check whether the target word was 
correctly identified. This is repeated for 12 words and each time, the identified word is displayed in green 
color. The performance of the system is calculated with all the participants.    

3. RESULTS 

3.1. Application To Improve Cognitive Abilities 

The four participants were asked to spell the words and numbers “uncopyrightable” “mfdjq” “xvkswz” 
“1357924680” “jumbling” “vext” “frowzy” “hacks” “PDQ” “1470258369” by identifying the 
letters/numbers in the alphanumeric speller. The performance of each participant is measured over 3 trials 
and were in the range of 76%-81%. The participants were given three sessions of 20 minute feedback 
training. This is repeated for 20 different days.  The performances of the participants are again measured 
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on the 20th day. The accuracy of identifying the correct letters/numbers improved for all the participants 
after the feedback sessions and are in the range of 84%-89.3%. The results are tabulated in Table 1. The 
graph of the performance of the participants in cognitive abilities before and after the feedback sessions 
is shown in Figure 4. 

Table 1. Performance in cognitive abilities. 

Subject # 
Performance  

Before any feedback session After the feedback sessions (on 20th day) 
1 78.71% 84.72% 
2 80.09% 87.04% 

3 75.93% 84.26% 

4 81.02% 89.33% 
 

 
Figure 4. Performance in cognitive abilities 

3.2. Communication Aid System  

The number of words correctly identified by the four participants during the online application in real-
time over 4 trials (the 4 trials are done on different days) are given in Table 2. The words provided are 
commonly used words on a daily basis by a disabled person and are provided as images (Figure 3). The 
average of the performance of the system for each participant is calculated and is also given in Table 2. 
The classifier was able to predict more than 91% of the words correctly with all of the participants. The 
highest performance achieved was 97.92%. The graph of the performance of the system used as a 
communication aid is shown in Figure 5. 

Table 2. Performance of the communication aid 

Subject # Number of words 
in each Trial 

Number of words identified 
correctly over 4 trials 

Average 
Performance 

1 12 11, 12, 11, 11 93.75% 
2 12 11, 11, 12, 12 95.83% 
3 12 10, 11, 11, 12 91.67% 
4 12 11, 12, 12, 12 97.92% 
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Figure 5. Performance of the communication aid 

4. CONCLUSION AND DISCUSSION 

The engineering goals of this project were (i) to design an experimental study to analyze and improve 
cognitive performance and also (ii) to develop a communication aid to support people with neuromuscular 
disorders using non-invasive BCI.     

A low-cost EEG device, Emotiv EPOC+ headset with 14 channels, is used to record EEG data while 
executing the BCI alphanumeric speller task by the participants using only their brain activity. OpenViBE 
software is used to design the application scenarios for real-time and off-line analysis of EEG data. A 
Python interface is used to stream the raw EEG data from the Emotiv EPOC+ headset to OpenViBE. The 
EEG data is preprocessed and the features extracted for the target and non-target events are used to train 
the classifier, Linear Discriminant Analysis (LDA). The performance of the participants are measured 
during the task of spelling various words (i) just after the initial training on how to use the speller and (ii) 
after giving feedback sessions for 20 different days. The performances were in the range of 76%-81% 
while spelling the words before any feedback sessions. After giving feedback trainings in alphanumeric 
speller task for 20 days, the accuracies of identifying the correct words improved for all the participants 
and are in the range of 84%-89.3%. The proposed feedback training experimental design is an excellent 
way to improve the cognitive abilities and can be used for healthy individuals as well as people with 
attention deficiency to improve their attention. 

To use the system as a communication aid, a software application is developed to display a screen with 
12 useful words for patients suffering from neuromuscular disorders. This application will enable the user 
to identify the words by using only the brain activity, more precisely P300 signals. Once the participants 
complete a brief training to identify target words with this application, the classifier LDA is trained with 
extracted features of target and non-target events. The performance of the communication aid system to 
identify the words correctly is measured with the participants. The system was able to predict more than 
91% of the words correctly with all of the participants. The highest performance achieved was 97.92% in 
the case of participant #4. People suffering from neuromuscular disorders have limited or no 
communication capacity. As an alternative of taking the difficulty to identify each character in the speller 
to form a desired word, identifying the words used to communicate on a daily basis would be an easy task 
for the patients suffering from debilitating neurological disorders. The Emotiv headset is affordable as 
compared to other medical devices and the setup time for the device is short and can be used by anyone 
without expertise.  The engineering goals of the project were achieved by the design and both cases were 
met with promising results. 

Brain-computer interfaces using this technology can effectively improve cognitive and communication 
abilities for patients with neuromuscular disorders, allowing them to communicate through their brain 
signals more easily and accurately. Consequently, the lives of these patients are much less stressful with 
an easier method of communication. Lastly, the regular use of this BCI technology can help improve their 
focus and skills which may further aid their living situations. 
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