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Abstract

The purpose of this research is to explore electroencephalogram 
(EEG) signal features and evaluate the performance of different pre
diction models. This paper presents the methodologies of how to set 
up experiments to collect and visualize EEG data, discover feature cor
relations and build efficient classification models. Several experiments 
are conducted to collect raw EEG data from ten healthy subjects.
In the experiment, subjects are asked to watch a looping video which 
shows rock, paper, and scissors repeatedly 90 seconds for each, they are 
also imagining doing the same thing in their mind. At the same time, 
a device called Emotiv Epoc placed on their head will record the EEG 
signals and transmit them to the computer. After data preprocessing 
and feature extraction, EEG data is fed into several different predic
tion models including Support Vector Machines, Logistic Regression, 
K-nearest Neighbors, and Neural Networks. The performance of the 
classification process due to different methods is presented and com
pared based on their accuracy, recall, precision, and F-1 score. The 
best model achieved in this study is Neural Networks with an accu
racy of 76.5%, this is more than twice higher than guessing randomly 
with an accuracy of 33.3%. A GUI is also built as a brain-computer 
interface powered by the model with the best performance, which can 
be further developed for medical use or other purposes.
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1  I N T R O D U C T I O N

1.1 The problem and motivation
The human body is a very complicated and magical system, it can interact 
with the physical world through verbal or physical movements, for example, 
greet someone or pick up a book. It is a relatively easy task for a healthy 
person to complete these tasks, however, for people with motor (physical) 
disabilities which means having difficulty coordinating muscles, i.e. muscles 
of hands or legs, this could be very challenging [22].

There are mainly two ways to help to solve the problem, one is to try to 
recover patients’ motor abilities, the other is to find an alternative way that 
can bypass the neuromuscular system.

For patients with some of the progressive diseases, such as amyotrophic lat
eral sclerosis(ALS), Parkinsons disease, injury to the spinal cord, cerebral 
palsy or brain, motor recovery is not very effective at current. There have 
been some innovative strategies that help patients with these kinds of dis
eases to rehabilitate some of their motor functions, but with current available 
strategies, it is hard to reach a satisfactory level [6].

Therefore, it is important to develop an alternative way that can enable pa
tients with motor disabilities to directly communicate or interact with the 
physical world without sending brain signals to the rest of their body.

1.2 Introduction to electroencephalogram
There are billions of neurons in the human body and brain, groups of these 
neurons form the nerves. Just like internet cables connect all the computers 
across the world, nerves connect the human brain and the rest of the body. 
They carry messages from the brain, i.e., when a person wants to pick up a 
book on the table, the brain will send the messages through the nerves and 
nerves send electrical impulses to the muscles in hand to contract. Billions 
of neurons working integrately so that human can perform movements with 
considerable precision.
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Typically, using electrodes attached to the scalp to detect brain electrical 
activities is called electroencephalogram(EEG).

EEG analysis is very useful in many different fields, i.e., in clinical settings 
to identify pathologies and epilepsies [33]. Compared to traditional tests 
through analyzing melatonin in the blood, urine or saliva. EEG analysis 
provides a new measurement [27]. Study of EEG has become one of the 
most important ways to diagnose neurological diseases [20].

1.3 The data
The data collected for this research is mainly from students in California 
State University Channel Islands. There are 10 subjects in total partici
pated in the data collection experiment including 7 males and 3 females. 
Each subject enrolls in three 90 seconds sessions.

An approval letter from Institutional Review Board of California State Uni
versity Channel Islands is attached at the appendix section.

1.4 Challenges and contribution
EEG signals vary from trail to trail and at the same time are mixed with a 
lot of artificial effects [21]. If the dataset is not large enough, when feeding 
it into prediction models, it may not generate satisfactory results with those 
unfavorable noises. It is even hard to tell which is signal and which is noise.

Machine learning technology is a great method to choose for data analy
sis of brain activities. In this research, EEG signals are transformed from 
time domain to frequency domain and decomposed by using the Fast Fourier 
Transform. The average band powers are used as features. After feature 
extraction and data preprocessing, a subset of all the features is selected and 
used for modeling.

The biggest challenge of this research is how to effectively eliminate the arti
facts as much as possible when acquiring data, extract most useful features
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and find the best prediction model in order to maximize the prediction ac
curacy.

The contribution of this research is to provide methodologies including EEG 
data collection, processing, and analysis. The author also evaluates the per
formance of different prediction models and builds a human computer inter
face that can further be developed for medical use or other purposes.
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2  B A C K G R O U N D

2.1 EEG brain computer interface

2.1.1 In trod u ction

Brain-computer interface(BCI) [4] provides a new way of human computer 
interation that can bypass the neuromuscular system and send human com
mands and messages to the external world. Brain signals can be acquired 
by electrodes placed or implanted on the scalp. Then they are transmitted 
to the computer for processing and interpreting in real time commands that 
can operate a computer display or other devices.

BCI is often used for researching, mapping, augmenting or repairing some 
motor functions for patients. The idea of BCI is originally proposed by Jaues 
Vidal in [34] in which he proves that EEG signals from brain activity can 
be used to effectively represent a user’s intent. In [1], the author develops 
a mouse that can be used to control applications via imagining movements. 
In [2], the researcher uses the dataset created by developers of BCI2000 [28] 
and he is able to efficiently classify left and right commands using a Support 
Vector Machines model with an accuracy of 97.1%.

Research of BCI application has been studied for several decades. For pa
tients with motor disabilities, BCI provides a new communication option for 
them because it does not depend on peripheral nerves and muscles [7]. The 
logic behind BCI is getting amplified power spectra recorded through elec
trodes placed on the scalp, then using translation algorithms to convert these 
electrophysiological inputs to output commands. A BCI system should be 
able to efficiently encode EEG signals and the translation algorithms should 
be reliable enough to interpret EEG signals correctly.

The performance of a BCI system depends on the way we translate EEG 
signals. As mentioned earlier in the article, for patients with neuromuscu
lar disorders such as amyotrophic lateral sclerosis, cerebral palsy, stroke or 
spinal cord injury, a well developed BCI can be used to replace or restore 
some useful motor functions, thus improving their life [16].
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2.1.2 C om p on en ts  o f  a brain  com p u ter  interface

In general, a BCI system is used to detect signal patterns that can be mapped 
to different commands simulating user’s intent (see Figure 1). A BCI system 
usually consists of four major components [31]: (1) signal acquisition (2) 
feature extraction (3) feature translation (4) device output.

Figure 1: Brain computer interface components

Signal acquisition is the process of recording brain activities usually the mi
cro voltage fluctuation, depending on different states. This is achieved by 
using a particular device placed on the scalp with extracranial or intracranial 
electrodes. The device amplifies the signals that are affordable for further 
processing. Then these signals are digitalized and transmitted to the com
puter.

Feature extraction means distinguishing the patterns in different imagining 
states from extraneous and noisy data, then mapping them into different 
predefined classes. Feature extracted should be highly correlated with the 
user’s intent. Time based EEG response amplitudes and power spectrum 
with specific frequency bands are often used to study EEG signal features 
[13]. Data cleaning approaches need to be adopted to reduce environmental
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and physiologic artifacts as much as possible because these noises will influ
ence the accuracy of feature measurement of EEG data.

Feature translation algorithms are applied to analyze the extracted features 
and convert them into appropriate commands for the output device. The 
translation algorithms should be efficient and consistent so that the user’s 
intent can be interpreted correctly.

Device output means the translation algorithm finally sends computer com
mands to operate, in this study, it will display either rock, paper or scissors 
according to the user’s intent. The control loop runs until it gets the next 
input.

2.2 Signal processing

2.2.1 In trod u ction

Spectral analysis is a great way to choose for exploring time based EEG 
signals by decomposing them into subspectral components. There are many 
ways to do spectral analysis such as the wavelet transform and the fast fourier 
transform. In this study, the fast fourier tansform is used to convert EEG 
signal from its time domain to frequency domain.

2.2.2 Fast Fourier T ransform

Fast Fourier Transform (FFT) is the name for any alogrithms that can fast 
calculate the Discrete Fourier Transform (DFT) of some sequences. It is the 
implementation of the Discrete Fourier Transorm. They have the same re
sults but FFT is in a faster way. As it can be seen in Figure 2, time based 
signals are decomposed into different sines and cosines. Fast Fourier Trans
form transforms a function of time G(t) into a function of frequency G(f).
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Figure 2: View of a signal in the time and frequency domain [10]

FFT is very widely used for analysis of time dependent phenomena. One 
of its applications is the analysis of EEG signals. It is important to get the 
frequency distribution of the power in EEG signals and do further research.

2.3 Machine learning techniques
Machine learning methods are increasingly used for neuroscience data anal
ysis. One of the advantages of machine learning is that it is very efficient for 
high dimensional datasets, e.g., feature analysis of EEG signals. Supervised 
learning is usually used for training prediction models and mapping inputs 
to labeled classes. Unsupervised learning and data visualized techniques can 
uncover hidden structures in EEG datasets.

2.3.1 R a n d om  Forests

Random forests, also called random decision forests can be used for classifi
cation and regression. Random forests are a combination of individual trees 
that each subtree depends on the value of a random vector [5]. Extra trees
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are similar to random forests. The difference is when choosing variable at a 
split, extra trees use the sample from the entire training set whereas random 
forests use a bootstrap sample, so for extra trees, the randomness level is 
even higher.

Decision trees like random forests and extra trees can be used to estimate 
the importance of features. In this research, extra trees are used to select 
the most important features.

2.3.2 S u p p ort V ector  M achines

In machine learning, support vector machines [19] are supervised learning 
models. Basically, support vector machines look for the optimal separating 
line between two classes. As it can be seen in Figure 3, SVM finds the best 
seperating line that can maximize the difference between black and blue dots. 
For a given binary classification, data is mapped to one or the other classes.

Figure 3: Support Vector Machines [19] 
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SVM is a linear model. When there is no linear separation, such as the multi
classification of EEG data, data points can project into higher dimensional 
space. At that time, it is possible to separate them using a hyperplane. 
Multi-class nonlinear classification is achieved by using kernel techniques, 
which implies classify inputs into high dimensional spaces.

2.3.3 L og istic  R egression

Logistic regression is similar to linear regression, the difference between them 
is linear regression is used for predicting values, however logistic regression 
is used for classification. In binary classification, such as 0 and 1, logistic 
regression uses a sigmoid function to compute class probabilities (see Figure 
4). If the dataset uses a linear regression, prediction of some values will above 
1 or less than 0, rather than that, logistic gression outputs a probability for 
a given value which is between 0 and 1.

Figure 4: Logistic Regression [25]

Besides binary classification, logistic regression can also be used for multi
class classification, i.e. for more than two possible outcomes. In the normal
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logistic regression, it uses the sigmoid function, in multinomial logistic re
gression it uses the softmax function.

2.3.4 K-nearest Neighbors

K-nearest Neighbors algorithm (K-nn) is a non-parametric method used for 
classification and regression [15]. K means the number of neighbors for a 
certain data point. A data point takes its K nearest neighbors and falls into 
the class with the highest votes. For example, the green dot in Figure 5, 
its nearest 3 neighbors are two red triangles and 1 blue square, so the out
put of the green dot’s class would be the same with the red triangle. It is 
the same logic with K =  1 and K =  5 which means its nearest and top 5 
nearest neighbors. If K =  1, green point is clssified to the same class with 
the red triangle. If K =  5, it is clasified to the same class with the blue square.

2.3.5 Neural Networks using Tensorflow

A stardard Neural Network (NN) usually consists of three parts, the input 
layer, the hidden layer and the output layer (see Figure 6). There could 
be several hidden layers. Each layer is made up of many connected proces
sors what we call neuros, these neuros can be activated based on weighted 
caculation from their previous layer. After the input layer gets the input, 
different neurons get activated in the hidden layer, and finally pass the result



to the output layer. The output layer has the same number of neurons as 
the number of the labled classes. [29].

Figure 6: Neural Networks [11]

In one of the experiments of EEG based emotion recognition conducted by 
Zheng [38], Neural Network model usually obtains higher accuracy and lower 
standard deviation than some of the shallow models such as Logistic Regres
sion, K-nearest Neighbors and Support Vector Machines. In his experiment, 
it shows the Neural Network is reliable to classify specific emotional states 
with brain activities. Neural Networks learn the weights for different emo
tions and share identical results among different subjects.

Tensorflow, released by Google, is an open source deep learning software 
library for defining, training and deploying machine learning models. It 
simplifies neural network training procedures and has been widely used for 
machine learning research. Tesorflow also has other algorithms involving a 
large number of mathematical operations [24].
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3  L I T E R A T U R E  R E V I E W

3.1 Related work on electroencephalogram
Research of electroencephalogram has attracted increasing attention with the 
rapidly growth of dry electrode techniques and machine learning methods. 
In the research of emotion classification [37], Wang conducts an emotion 
EEG signal collection experiment by letting subjects watch movies. He finds 
that power spectrum feature is superior to other features, he also introduces 
an efficient feature smoothing method for removing the noise unrelated to 
emotion task which can significantly improve emotion classification accuracy.

In [27], Dariusz finds that with eyes open, the amplitude of low frequency 
waves (theta and alpha) increase and with eyes closed in a state of drowsi
ness, alpha wave activity begins to decline. As a result, EEG signals behave 
differently with eyes open and closed. This research aims to test different 
imagining states of rock, paper, and scissors, so in the experiment process, 
the state with eyes open or closed should be well controlled in order to achieve 
a better result.

In human brains, sensory and association areas are organized distributively. 
Responses from different regions of cortex integrate together to perform an 
action [26]. There exists a mechanism that the human brain can relatively 
achieve fast and efficient information integration. Studies has found that 
large scale of phase synchronization is the foundation of the mechanism. 
Phase synchronization occurs in a wide portion of the spectrum from lower 
frequency as theta waves(4-8 Hz) to higher frequency as gamma waves(> 30 
Hz).

Gamma activity has relation with allocating attention to a selected target 
[12]. It is not only correlated with a high speed memory and the reaction 
time needed to the stimulation but also with attention.

When using the fast fourier transform to analyze EEG signals, EEG signals 
in frequency domain from time domain is usually decomposed into function
ally distinct frequencies bands, such as theta (4-7 Hz), alpha (8-12 Hz), low 
beta (13-18), high beta (18-30 Hz), and gamma (30-100 Hz).
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In each frequency bin, it contains the information of signal amplitude and 
phase. In order to make amplitude all positive, we take the squared abso
lute magnitudes of the FFT which indicates the power spectral density. It is 
typically digitalized in micro-volts2 per Hertz.

There are several types of analysis such as relative band power or average 
band power that can be performed with power spectral density, in this ex
periment, the average band power is chosen.

For example, higher gamma values indicate a higher amount of fast waves 
and are associated with increased subjective active quality. Using that simple 
metric, it then becomes easy to compare objectives with different imagining 
state of rock, paper, and scissors.
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4  E X P E R I M E N T  S E T U P  A N D  I M P L E M E N 

T A T I O N

4.1 Method

4.1.1 S u b jects

Ten subjects (7 males, 3 females) participate in the experiment. The subjects 
are undergraduate and postgraduate students from California State Univer
sity, Channel Islands, with an average age of 27, ranging from 21 to 34.

All the subjects meet the following requirements: no report of any physical 
or mental health problems and no use of any medication. The experiment 
is reviewed and approved by Institutional Review Board of California State 
University Channel Islands in Camarillo, California, United States of Amer
ica. Informed consent forms are obtained from each subject. Subjects are 
not paid for their participation.

4 .1 .2  E m otiv  e p o c  in trod u ction

Currenlty, many devices are available to use for recording EEG data from the 
brain. Based on the sensors, there are generally two types, invasive which 
means electrodes are inplanted in the brain and non-invasive which means 
dry contact electrodes placed on the scap by using some conductive fluid. In 
this experiment, a non-invasive 14 electrodes EEG device called Emotiv epoc 
is used (see Figure 7). The 14 electrodes are arranged around the head in 
fortal, front parietal and post parietal, they are AF3, AF4, F3, F4, F7, F8, 
FC5, FC6, T7, T8, O1, O2, P7, P8. Emotiv epoc keeps an internal sampling 
rate of 2048Hz and after cleaning artifacts, it is resampled to 128Hz. EEG 
signals are transmitted from Emotiv epoc headset wirelessly to the computer 
through a USB receiver. The arragment of all the 14 electrodes is shown in 
Figure 8. CMS and DRL are two reference channels.
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Figure 7: Emotiv epoc headset (Emotiv official website)

Figure 8: Emotiv epoc electrode locations [18]

The reason to choose Emotiv epoc is it is easy to set up and low cost. Ac
cording to the research in [8], the device is able to record EEG data in a 
satisfactory manner and can be chosen for developing games, communica-
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tion systems, etc.

Emotiv company requires a monthly subscription if researchers want to re
trieve raw data from all the 14 channels. But it also provides a community 
open source API that we can get the raw data from 5 channels for free, which 
are AF3, AF4, T7, T8, O1 (see Figure 9). The manufacturer of Emotiv epoc 
states that these 5 electrodes are good enough for basic EEG research. An
other emotiv EEG product called emotiv insight also uses these 5 electrodes.

Figure 9: EEG channel selected [18]

4 .1 .3  D ata  acqu isition  p roced u re

All subjects are trained before participating in the experiment. They are 
told to concentrate and try to reduce muscle movements as much as possi
ble. Because muscle movements such as blinking eyes and frowning eyebrows 
could be a consistent influence of mental multiplication under the conditions 
desired [17]. However, it is not related to changes in heart rate and conduc
tance level. Experiments are conducted in a quiet study room that aims to 
eliminate distractions as much as possible.

Subjects are informed to be well rested before taking the experiments. Dur
ing the EEG signal collection session, they are suggested not to have caffeine 
or drinks containing alcohol. In [7], the author finds that alcohol stimulates 
nerves and has a strong influence on EEG signals. The amount of fast waves
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in the occipital region such as gamma wave will decrease. Neurons in this 
part will be less active, so coordination, feeling, and eyesight of people will 
become weak.

After the training, subjects are instructed to sit in front of a computer and 
put on the Emotiv epoc headset. Emotiv BCI software is launched to check 
if all the 5 electrodes chosen in this experiment are in good contact qual
ity (see Figure 10). When all the electrodes are green, which means good 
in contact quality, participants will watch a looping video showing a person 
placing rock, paper and scissors 90 seconds respectively, at the same time, 
they are imagining doing the same thing in their mind. A python script will 
run and record all the EEG signals corresponding to the video.

All the data recorded is digitalized and saved in .csv format. (see Figure 10)

Figure 10: Raw EEG data in .csv format
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4.2 Dataset overview
There are total 30 sessions of EEG data collected, each session takes 90 sec
onds. For one subject 5, the session is adjusted to 93 seconds because of data 
segmentation error. This should not be a problem for further analysis. All 
the data is labeled and appended together for a larger dataset.

The original dataset is a 35005 by 5 matrix with channels as AF3, AF4, 
T7, T8 and O1, frequency names as theta, alpha, low beta, high beta, and 
gamma. Then the dataset is flattened and reshaped to a 7001 by 25 matrix 
and appended an output column with 0 for rock, 1 for paper and 2 for scis
sors. As a result, the final dataset is a 7001 by 26 dataframe with the last 
column named ’out’ (see Figure 11).

Figure 11: Original dataset overview

4.3 Data preprocessing
The first step is to remove the outliers using Z-score. Z-score is numerical 
measurement of data points to the mean in a group of values. Z-score finds 
the distribution of data with mean is 0 and the standard deviation is 1. Z 
score aims to filter data points which are way too far from zero which con
sidered as outliers. Traditionally, a threshold of 3 to -3 is suggested, data 
points above 3 or less than -3 will be filtered.

In this research, Z-score function defined in SciPy library [14] is used to de
tect the outliers. After filtering the outliers, a new dataset which is a 6761 
by 26 dataframe is provided to use for further data analysis (see Figure 12) 
rather than using the orginal dataframe of 7001 by 26.

18



Figure 12: Dataset size after removed outliers
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5  D A T A  A N A L Y S I S

5.1 Introduction
In this study, the dataset is visualized and analyzed by using different plotting 
tools. In addition to that, statistical approaches such as Support Vector 
Machines, Logistic Regression, K-nearest Neighbors and Neural Networks 
are implemented on the dataset to train prediction models. The details of 
the data mining process are listed and explained below.

5.2 Data visualization and feature extraction

Figure 13: Boxplot of all the features 
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After cleaning the dataset, all the features (see Figure 13) are boxplotted. 
From the figure, in the frontal, such as AF3_theta and AF4_theta are much 
higher than other frequencies, suggesting there are slower brain waves. This 
means in the cognitive process frontal areas should be selected for detecting 
low frequency waves, for example in this research, the theta wave.

Figure 14: Correlation of all the features

We can also see the correlation of all the features with a heatmap (see Figure 
14). From the plot, we can easily tell theta waves from channels of T7, T8 
and O1 are highly positively correlated.
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There are 25 features for EEG data in this study, many of the features some
times are redundant, so a feature selection approach called ExtraTreeClas- 
sifier is used. It can estimate the importance of features. Then we fit the 
model using a threshold each time adding more features according to their 
feature importance ranking (see Figure 15).

There are several different approaches, for example, univariate selection, re
cursive feature elimination, principal component analysis and important fea
tures. In this research, feature importance approach is used.

Figure 15: Number of features VS accuracy

As we can tell from the output, when the number of features reaches to 9, 
it gives an accuracy of 69.03% compared to 25 features with an accuracy of 
69.99%. A feature importance plot is showed blow (see Figure 16) and also a 
plot sorted by their feature importance (see Figure 17). Taking the training 
speed and accuracy into consideration, we only select 9 out of the 25 fea
tures, which are T7_gamma, T7_hBeta, T8_gamma, AF3_gamma, T8_hBeta,
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AF4_gamma, OLgamma, O1_hBeta, AF3_hBeta respectively. An overview 
of the dataset after reducing dimension can be seen in Figure 18.

Figure 16: Feature importance plot
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Figure 18: Dataset after reduced dimension

After reducing the dimension, a density plot colored by their classes for the 
selected 9 features is shown in Figure 19, we find that in frontal and front 
parietal channels (AF3, AF4, T7, T8), rock is least condensed, but for the 
posterior channel O1, scissors is least condensed.
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Figure 19: Density plot of different classes

A pairplot of all the selected 9 most important features is shown in Figure 20. 
We can have an overview of all the feature correlations from the plot. Take
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a closer look at Figure 21, we find O1_gamma and T7_gamma did a good job 
separating scissors and rock. High T7_gamma suggests a higher possibility 
of rock whereas high OLgamma suggests a higher possibility of scissors.

Figure 20: Pairplot of the most important 9 features
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Figure 21: Correlation of O1_gamma and T7_gamma

Figure 22: Correlation of OLgamma and T8_gamma

As we can see from Figure 21 and Figure 22, these three features T7_gamma, 
T8_gamma, OLgamma which can better differentiate rock, paper and scis
sors are selected to show a 3d plot (see Figure 23). At the very begin-
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ning, all the classes seem to cluster together, but with adding more data, 
higher O1_gamma with lower T7_gamma suggests higher probability of scis- 
sors(marked in blue), lower O1_gamma with higher T8_gamma suggests higher 
probability of rock(marked in red), lower O1_gamma with higher T7_gamma 
suggests higher probability of rock(marked in green).

Figure 23: 3-d plot by the most important 3 features

5.3 Data modeling
Scikit-learn [9] is a machine learning library in Python. It contains a large 
number of supervised and unsupervised statistical modeling algorithms that 
makes it easier for analysis of EEG signals.
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5.3.1 Training on SVM

After training the model, a confusion matrix(see Figure 24) and a confusion 
matrix report (see Figure 25) are plotted to show the performance of the 
model:

Figure 24: Confusion matrix for SVM
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Figure 25: Confusion matrix report of SVM 

5.3.2 T rain ing on  L og istic R egression

After training the model, a confusion matrix(see Figure 26) and a confusion 
matrix report (see Figure 27) are plotted to see the performance of the model:
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Figure 26: Confusion matrix of Logistic Regression

Figure 27: Confusion matrix report of Logistic Regression
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5.3.3 Training on K-nearest Neighbors

Then train the model using K-nearest Neighbors with k =  1, k =  3 and k =  
5 respectively.

After training K-nearest neighbors model with k = 1 , k  =  3 , k  =  5, the best 
performance model is achieved with k =  1. A confusion matrix(see Figure 
28) and a confusion matrix report (see Figure 29) are plotted to show the 
performance of the model:
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Figure 28: Confusion matrix for K-nearest Neighbors(k =  1)

Figure 29: Confusion matrix report of K-nearest Neighbors(k =  1)
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5.3.4 T rain ing on  N eural N etw orks

Neural Network is configured with improved parameters (see Figure 30). 
Training data to validation data split ratio is set to 8 to 2. The Neuro 
Network is configured with 2 hidden layers, each with 256 neurons. It also 
uses a softmax function for output layer which is optimized for multi-classes 
classification.

Figure 30: Code for setting up tensorflow

Epoch is set up for 300 and also a checkpointer for saving only the best pre
diction model(see Figure 31).

The reason why choose 300 for epoch is becuase if it is set to under 100, 
as it be be seen in Figure 34, the validation loss is still decreasing, it is not 
possible for us to find the best model. Only when we find the lowest point 
of validation loss, we are able to find the best model.

34



Figure 31: Training on Neural Network model and saving the best one

After training the model, a confusion matrix(see Figure 32) and a confusion 
matrix report (see Figure 33) are plotted to show the performance of the 
model:

Figure 32: Confusion matrix for Neural Networks

35



Figure 33: Confusion matrix report for Neural Networks

A plot of train and loss can be see in Figure 35, when the epoch is around 
100, the validation loss reached the bottom  and after that it starts to rise. 
This means the model is beginning to overfit. Best model is saved in hdf5 
format by implementing the checkpointer.
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Figure 34: Train and validation loss plot for Neural Networks

5.4 Comparison of different models
When evaluating the performance of machine learning models, accuracy, pre
cision, recall, and f-1 score are often used.

In the binary classification of 1 as positive and 0 as negative. True Positives 
(TP) means correctly predicted positives. i.e. if the real class is 1, and the 
predicted class is also 1. True Negatives (TN) means correctly predicted 
negatives. i.e. if the real class is 0 and the predicted class is also 0. False 
Positives (FP) means incorrectly predicted positives, i.e if the real class is 
0, however, the predicted class is 1. False Negatives (FN) means incorrectly 
predicted negatives, i.e if the real class is 1, however, the predicted class is 
0.

Accuracy =  (TP +  TN) /  (TP +  TN +  FP +  FN). Accuracy is the most 
intuitive measurement of model performance. It represents the ratio of cor
rectly predicted instances to the total number of instances [30]. It is a great 
measurement only when the dataset is symmetric. A  dummy classifier can 
have a higher accuracy with the most frequent labels, i.e. a large portion of
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label data points fall in one class. So we need other measurements such as 
precision, recall, f-1 score mentioned above.

Precision =  TP /  (TP +  FP). Precision is the ratio of correctly predicted 
positive observations to the total predicted positive observations in binary 
classification [30]. Precision reflects how close measured values are to each 
other.

Recall =  TP /  (TP +  FN). Recall is the ratio of correctly predicted positive 
observations to all observations in real class [30].

F-1 score =  2 * (Recall * Precision) /  (Recall +  Precision). F-1 score is the 
weighted average of Precision and Recall. It is calculated as percentages and 
combined as the harmonic mean of the two primary attributes [30].

For multi-class classification, none of these attributes precision, recall and f-1 
score work except accuracy. For the data recording process, all training sets 
of the three classes are relatively equal, so accuracy is credible to compare 
the performance of these models. In this study, Logistic Regression model 
has the worst performance while the Neural Network model has the best 
performance (see Figure 35).
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Figure 35: Performance comparison of different prediction models

5.5 Building a GUI
A GUI called RPS master is built by using Python tkinter. It is able to 
predict what the user think and beats the user in the game rock, paper, and 
scissors.

The logic behind the GUI is described as below:

First of all, the user needs to put the Emotiv epoc device on their head, 
launch EmotivBCI application on the computer. Turn epoc on, if all the 
electrodes showing on the screen is green, that means it’s good in contact 
quality or the user should wiggle the electrodes of the epoc a little bit until 
all of electrodes are green.

Second, launch the RPS master GUI, the GUI only have two buttons you
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show and machine show.

Third, the user needs to click the button you show, a dialogue window will 
show up asking the user to pick one of the three pictures rock, paper or scis
sors. Then the user will keep looking at the picture and imagining what they 
see in their mind for about one miniute. At the same time, a python script 
running in the back end will record all the corresponding EEG signals and 
save it as csv format.

At last, after the recording process is finished, the user needs to click the but
ton machine show. Another python script will load the data just recorded 
and do the heavy work, such as eliminating outliers and dimension reduction. 
It also loads the best model achieved in the research and uses it for prediction.

Figure 36: GUI powered by the best model
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6  C O N C L U S I O N S  A N D  D I S C U S S I O N

6.1 Conclusions
In the area of frontal, slow waves such as theta waves i.e. AF_3 and AF_4 
are more significant than they are in front and post parietal i.e. in T7, T8, 
O1 in cognitive state. For specific EEG features studied in this research, T8 
theta, T7 theta and O1 theta are highly positively correlated. So we come 
to one conclusion frontal is good to choose for lower frequency analysis, this 
is consistent to the research [3] that frontal midline theta rhythm often ap
pears on electroencephalogram(EEG) during doing consecutive mental tasks.

In the experiment, we also find that for concentration tasks, higher frequency 
waves such as gamma and high beta are more active than low frequency 
waves. In this experiment, gamma wave from T7, T8 provides the best fea
tures for prediction.

For different imagining mental tasks, scissors is with higher O1-gamma, 
higher T8_gamma and lower T7_gamma while rock is with higher T8_gamma, 
higher T7_gamma, and lower O1-gamma. Imagining of rock is least con
densed in front and front parietal, however imagining of scissors is least 
condensed in post parietal.

Finally different statistical models are compared such as Support Vector Ma
chines, Logistic Regress, K-nearest Neighbors, and Neural Networks. In this 
study, Neural Networks are found to have the best performance with an ac
curacy score of 76.5%.

6.2 Discussion
This paper focuses on visualization and classification of EEG signals recorded 
by subjects performing an imagining mental task of rock, paper, and scissors. 
After exploring with different statistical models, the best result is achieved by 
Neural Networks model and it generates a satisfactory result. The research 
provides a methodology for the whole process from EEG signal acquisition 
to model testing.
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The reason why choosing to classify rock paper scissors is these are concrete 
words. When we collect the EEG data, the input could be controlled however 
for some abstract words such as spring or summer, people may have very 
different understandings.

6.3 Future work
In the future, a larger dataset and more electrodes could be used to reduce 
bias and improve accuracy. Methods such as Principle Component Analysis 
or Independent Analysis could be explored in the feature extraction process 
[35]. At last, the GUI could be developed into a real time based brain- 
omputer interface for health systems [23] or computer games [36].
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7  A p p e n d i x

Below is the approval letter for conducting EEG signal collecting experiments 
from Institutional Review Board, California State University.
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