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Abstract
of
EEG SENSOR DATA ANALYSIS
FOR
MENTAL HEALTH ASSESSMENT

by
Mrunal GovindBhai Makwana

A very interesting field of Computer Science called Artificial Intelligence is concerned
with the study and design of intelligent machines and applications. Advanced AI
technologies are already at work around us in almost all areas, and medical science is not
left behind. The relationship between Computer Science and Medical Science is not new,
there are thousands of computer aided diagnostic tools available across the world to
identify patient’s health issues. A common and burdensome problem concerned with
human beings is mental health or psychological disorders such as depression. The
symptoms of mental health, specifically depression, appear mostly as behavioral. Studies
say that Electroencephalogram (EEG) may be used as a tool to diagnosis a human’s mental
or behavioral health. The behavioral and mental healthcare fields are also benefitting from
advancements in AI.

v

The objective of this study is to assess the human’s mental health based on 5 main
brainwave signals collected using an EEG sensor. The objective of this study was twofold,
first to collect the brain signals data of a human being in their different states of mind, and
second using those data to train Machine Learning and Deep Learning techniques. The
complex, non-linear and non-stationary EEG signals are very tedious to interpret visually
and it is highly difficult to extract the significant features from them. Hence, nonlinear
dynamic methods are used in extracting the EEG signal for computer aided diagnosis of
mental health. Data has been collected for some time based on the specified mood status
which are considered as dependent on each other within a certain time period. A powerful
type of neural network called Recurrent Neural Network which is designed to handle
sequence dependence, is used in this study, as well as the Long Short-Term Memory
network or LSTM network. Prediction had the highest accuracy using standard neural
network when focusing on only happy/ sad states, but accuracy varied with LSTM using
‘tanh’ and ‘softmax’ activation functions.

_______________________, Committee Chair
Dr. Scott Gordon

_______________________
Date
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1. INTRODUCTION
Artificial Intelligence (AI) is progressing rapidly. Innovative technology is offering new
opportunities to millions of people across the world in all areas. These technologies are
used for predicting weather patterns, monitoring and predicting stock prices and its widely
spread from automobiles, air craft guidance to smartphones [1]. From talking to your cell
phone (e.g., SIRI an app from apple) to self-driving cars, AI is widely spread. Some AI
techniques used to solve problems and perform tasks in more reliable, efficient and
effective ways. Nowadays AI techniques are used for health care as well. Many
smartphones have the sensor which monitors your heart rates, pulse rates, monitors how
many miles you walked etc.
AI technology in medical assessment is not new. As mentioned above it is used for
a wide range of problems from heart conditions to cancer disease. But one such problem
which is a serious threat to the world and expected to be the world’s largest burden by the
year 2020 (by World Health Organization) is depression (a serious mental health problem)
[2]. ADHD (Attention Deficit Hyperactivity Disorder) affects kids under age of 10-15
while depression affects maximum above the age of 15 and so on. Just like any other
physical health problem there are many ways to assess human’s mental health. When you
suffer from cold or fever, you tell symptoms to your doctor, he prescribes some medicines.
If it helps you feel better, then its good but if they are not affective your doctor asks you to
do some body tests like blood test or urine test. Similarly, when you go to a psychotherapist
or psychiatrist he or she asks you about symptoms and make a judgement about your
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disorder. Sometimes, this judgement goes right and if it doesn’t the doctor changes
medicine.
Mental disorders or mental illness, are a large and diverse group of conditions that
affect one’s behavior patterns. The symptoms of mental disorder vary based on the
condition. Different people can experience the same mental disorders very differently.
Besides diagnosing mental disorders only with psychotherapy or few test, medical science
analyze brain using diagnostic tool called Electroencephalogram (EEG). An EEG is a test
that detects electrical activity in your brain. Your brain cells communicate via electrical
impulses and are active all the time, even when you are asleep. This activity shows up as
wavy lines of EEG recording. Though EEG can be used for mental disorder or not is a big
research area and it is ongoing debate, classifying the state of mind is a difficult task. In
this project, the brainwaves have been collected using EEG headset (details of this tool
have been discussed in depth in Chapter 2) in a different time for minimum 10 minutes and
in a different state of mind.
The goal of this project is to classify data collected in different states of mind
(happy, sad, depressed or angry) and classify them. Machine Learning offers several
techniques for both supervised and unsupervised learning. One very popular technique
called Artificial Neural Network (ANN) has been used to perform this task. Since the
brainwaves change at every second and generates enormous amounts of data, ANN with
one hidden layer is more expensive in terms of time and efficiency. So, in this project data
has been experimented using deep neural networks (an ANN with multiple hidden layers
between the input and output layer).
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Additionally, since the data changes at every second, they have been considered as
dependent on each other within a time period, they have been used to train a Recurrent
Neural Network, in which network can use their internal memory to process arbitrary
sequence of inputs. Also, a LSTM (Long Short-Term Memory) is a recurrent neural
network architecture that remembers values over arbitrary intervals and seems to be well
suited to classify such data.
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2. BACKGROUND
As mentioned above, the brain generates electric signals every timestamp, and there are
many inconsistencies in those signals and the data they generate. Hence, to classify these
datasets several techniques have been used in this project.
I. Artificial Neural Network:
ANN is an algorithm of supervised learning. An ANN has the exceptional characteristic of
processing a large number of datasets. It generally contains three layers of neurons, input,
hidden and output as shown in Figure 1 and it process the data in either a feed forward or
back propagates manner. Hence, when the data is inserted in the Neural Network’s input
nodes, it processes through the hidden layer, and neurons in this layer calculate and adjust
the weight value to get close to the desired output. Recalculating the weights in hidden
layer nodes to get close to the output is called “backpropagation.”
Since Neural Networks are best at identifying patterns or trends in data, they
seemed well suited for predicting the human being’s mood status. Besides, the pattern
recognition ability of ANN can be helpful in the medical field. Currently ANN in medicine
is a popular research area, and it is believed that it will receive extensive application to
biomedical systems in the next few years. In this project, the research is mostly on
monitoring the human’ brain and recognizing moods from various scans.
Brainwave signals at different times and in different moods have been collected
and applied in ANN to identify specific patterns. Neural Network can be implemented
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using one or two hidden layers depending on the number of inputs one has. In this project,
there is a large amount of data and also notable inconsistencies in that data. Implementing
it with only one hidden layer can prove expensive in terms of time.

Input Layer

Hidden Layer

Output Layer

Figure 1 Neural Nework

II. Deep Learning:
Deep Learning is a field of Machine Learning. It is a collection of techniques that extend
the power of neural networks. The standard Neural Networks uses the one or two hidden
layers, whereas in Deep Neural Networks(DNN) techniques are used that enable several
hidden layers between the input layer and the output layer. DNN is typically applied when
there are large amounts of data and the number of hidden layers are used depends on the
problem being solved. Deep Learning is being widely used on many problems such as
speech recognition, image recognition, and image classification. The reason that these
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problems are often solved using deep learning is that these techniques are able to handle
large amount of data involved. The classification and analysis of patterns with large
amounts of data require more and more inner calculations of, for example, pixel values for
image recognition or calculations of frequency for speech recognition.

EEG produces data which are inconsistent at every timestamp, So, there is no
single line of data which is observed to be the same as in neighboring timestamps. To
analyze such data and identify a pattern or classify a person’s mood based on particular
current time signals, we require a highly trained deep neural network and consideration of
multiple timestamps at once.

Basic architecture of Deep Neural Network is illustrated in Figure 2. Architecture
of the Deep Neural Network is similar to that of classical the neural networks. Since it is
using many hidden layers forming a directed graph, that means that most hidden nodes are
connected to all hidden nodes in the next layer. The math calculation is more extensive
than for normal neural networks -- specifically the combinations and recombination of the
outputs from previous hidden layer nodes in combination with their activation functions.
For this reason, deep learning networks are often processed on a GPU which has high
compute throughput.
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Figure 2 Deep Neural Network
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III. States of Mind and Brainwaves:
In this project, the brainwaves frequencies have been collected in raw values. These values
are unitless and they are relative to each other. The pattern of the frequency bands can be
identified only if they are compared to each other. Although classifying the brain signals
or scaling is not important, there’s a significant range of variations noted amongst these
five signal bands during the brain observation.
Since in this project the brainwaves frequency has been used to assess mental
health, here is the brief introduction about what are the five types of brain waves and what
is their role in the human’s brain.
The five brain waves in order of highest frequency to lowest are as follows: gamma,
beta, alpha, theta, and delta [3].
Gamma Waves: Gamma waves noted smallest of numbers in observation in this study.
Their range was min 70 to max 157946 in the four-different time and mood observations.
The standard range of gamma brain waves is 12Hz to 40Hz.
Gamma brain waves are the fastest brainwave frequency with the smallest
amplitude. Gamma waves can link information from all parts of the brain – the gamma
wave originates in the thalamus and moves from the back of the brain to the front and back
again 40 times per second. Not only that, but the entire brain is influenced by the gamma
wave. These are involved in higher processing tasks as well as cognitive functioning [3].
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Everyone has gamma brainwave activity, but the amount of gamma waves produced varies.
Low amounts of gamma brainwave activity have been linked to learning difficulties, poor
memory and impaired mental processing.
Beta Brain Waves: Beta waves were noted second smallest numbers in the observations.
The range of these waves were noted from minimum 141 to maximum 312308. Typically,
beta brain waves are considered fast brain wave activity with frequency range from 12Hz
and 40Hz (cycles per second).
Low Beta (12Hz-15Hz): The lower range of Beta activity is often associated mostly
with quiet, focused, introverted concentration.
High Beta (18Hz-40Hz): The high-range Beta is associated with significant stress,
anxiety, paranoia, high energy, and high arousal.

Alpha Brain Waves: Alpha brain waves are considered slower brain wave activity with
oscillation that range from 8Hz to 12Hz. In the observation with this EEG Headset the
numbers were noted from minimum 234 to maximum 456099. The alpha wave is typically
produced by the right hemisphere of the brain, but often is synchronized across the right
and left hemispheres on an EEG. Specifically, alpha waves are observed as being generated
mostly from the occipital lobe during drowsiness and sleep. Scientists have found that
alpha activity increases significantly during states of relaxation and while our eyes are
closed during periods of rest. During the observation when the subject was in ‘drowsy’
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state of mind the highest number 456099 was noted. Alpha waves are also considered to
be playing a part in depression [4].
Theta Brain Waves (4Hz to 8Hz): Theta Brainwaves are considered brain waves that
oscillate between 4Hz to 8Hz. These brainwaves were noted second largest in terms of
numbers during the observations which ranges between 923–1053570. These type of brain
waves are linked to lower levels of arousal; it is hypothesized that theta wave dominance,
particularly in the left hemisphere may contribute to feelings of depression. They were also
noted highest in the state of drowsiness during the observations. Theta is commonplace
among individuals with ADHD. Typically, it is the dominance of the theta range that makes
concentration and paying attention extremely difficult. Attention and meditation were
noted lowest during the person’s ‘sad/depressed’ state of mind.
Delta Brain Waves (0Hz to 4Hz): Delta brain waves oscillate between 0Hz and 4Hz
(cycles per second) and are regarded as the slowest brain waves that humans can produce.
The highest numbers generated during these observations belonged to this kind of brain
wave. The range were 765-3583306. They are typically produced during the deep stages
of sleep and are involved in regulating unconscious bodily processes such as heart beat
regulation, kidney functioning, and digestive functioning. While you are in a delta state of
functioning, you have no conscious awareness.
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The ranges of the of the brainwaves specified by the article in mental health daily [3] and
ranges collected by the sensor during the observations in this project is given in Table 1.

Table 1 Frequency Ranges
Brain Wave

Range

Range with
Headset

Gamma

40Hz-100Hz

70-157946

Beta

12Hz-40Hz

141-312308

Alpha

8Hz-12Hz

234-456099

Theta

4Hz-8Hz

923-1053570

Delta

0Hz-4Hz

765-3583306
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IV. Technologies:
This project is divided in two parts and two different technologies are used. First part is
Data Collection and second part is Training Machine Learning Models with Recurrent
Neural Network (TensorFlow, Keras), and Simple Neural Networks. There are couple of
experiments performed with data preprocessing.
PART 1. Data Collection:
As we discussed above that Electroencephalogram (EEG) is a test that detects electrical
activity in the brain. And Standard EEG comes with the 18 electrodes which can be put on
the top of the head(scalp). In most of the research/ publications the scientists or doctors
uses the standard EEG which outputs tons of signal data in one second from each electrode.
Then this data can be used to see results or diagnose brain activity from the selected
channel. In this project EEG Mindwave Mobile, which comes with two sensors, has been
used to monitor human’s brain.
EEG Mindwave Mobile:
Mindwave Mobile is a portable EEG Sensor which looks like headset/ headphones as
illustrate in Figure 3 [5]. The headset’s reference and ground electrodes are on the ear clip
and the EEG electrode is on the sensor arm, resting on the forehead above the eye.
This sensor outputs several parameters like eegPower, eegSense, eegRaw,
poorsignalstrength, eyeblinkdetection. eegRaw values are the values which can be
converted to voltage. Later using Fast Fourier Transform they can be verified and scaled
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with the actual signal’s range for each band. This headset has divided five frequency bands
into total of eight signal bands (i.e. delta, theta, lowAlpha, highAlpha, lowBeta, highBeta,
lowGamma, highGamma) and eegPower outputs those 8 signal bands. But This study is
mainly concerned about assessing human’s mental health based on their brain wave signals.
Hence only related parameters were considered.

eSense parameter is an additional

technology which is available within this sensor and it generates attention and meditation
values of human’s brain. Attention and meditation were also taken in account to observe
human’s attention in their stated mood status.

Figure 3 EEG Headset [5]

The observations were generally performed to identify the brain signals from the
collected data and use those five signals to analyze mind status. In this project, the data
have been collected from sensor at every second. This one second of data contains 8 basics
parameters Delta, Theta, Low Alpha, High Alpha, Low Beta, High Beta, Low Gamma,
High Gamma along with eSense parameters Attention and Meditation. Later, this data has
been used to train multiple neural networks.
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The major drawback of this sensor was noted during the observations is that it
generates some signals even if it is not placed on the head. Company claims that it can be
possible due to room temperature. Hence, we should start collecting brain signals only
when attention and meditation parameters start to produce values(Explanation of how data
is being collected is explained in System Implementation Section).
Part 2 TensorFlow:
Besides training a standard neural network, another technology has been used in this
project is TensorFlow. In TensorFlow graph, nodes represent mathematical operations,
while the graph edges represent the multidimensional data arrays (tensors) communicated
between them.
TensorFlow is a high-level machine learning API makes it easy to configure, train,
and evaluate a variety of machine learning models. TensorFlow is Huge and requires
understanding of its units.
One most important unit of this API is ‘Tensors’. TensorFlow, as the name
indicates, is a framework to define and run computations involving tensors. A tensor is a
generalization of vectors and matrices to potentially higher dimension. Internally,
TensorFlow represents tensors as n-dimensional arrays of base datatypes.
When writing a TensorFlow program, the main object is to manipulate and pass
around is the tf.Tensor. A tf.Tensor object represents a partially defined computation that
will eventually produce a value. TensorFlow programs work by first building a graph of
tf.Tensor objects, detailing how each tensor is computed based on the other available
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tensors and then by running parts of this graph to achieve the desired results. It has the
properties data type and shape. Each element in the Tensor has the same data type, the data
type is always known.
Keras: The Python Deep Learning Library
One more deep learning library called ‘keras’ has been used in this project. Keras is a highlevel neural networks API, capable of running on top of TensorFlow or Theano [7]. In this
project TensorFlow is working on backend for Keras. Keras library allows easy and fast
prototyping (through user friendliness, modularity, and extensibility), supports both
convolutional and recurrent neural networks. Keras runs seamlessly on CPU and GPU.
The major advantage of Keras model is that it is a sequence of a graph. And It works
best for the recurrent neural network. It is easy to code, you don’t need to define optimizers,
initialization schemes, active functions, and regularization schemes, they can be combine
in one model. New classes and functions are easy to add, you can easily stack LSTMs with
different activation functions to analyze the results.
Recurrent Neural Network:
Recurrent Neural Networks (RNN) are a type of artificial neural network which is mostly
used to recognize patterns in sequences of data such as text, speech or data generated from
sensors.
Classical Neural Networks uses a feed forward approach in which data runs through
the network, whereas recurrent neural network cycles data through a loop. In feed forward
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network, inputs are fed to network and transformed to an output, however problem with
this network is that it doesn’t capture effects over time. Its output depends on the current
input. A recurrent neural network takes not only the current input, but also what they have
perceived previously. In this project, the brain signals are collected at every second and
they are collected at every timestamp. Moreover, the signals of the brain are dependent at
a series of timestamps, so this characteristic of Recurrent Neural Network can be helpful
to decide.
The decision a recurrent neural network reached at time step t-1 affects the decision
it will reach one moment later at time step t. So, an RNN has two sources of input, the
present and the recent past, which are combined to determine how the network responds to
test data. RNNs, as a result, have a sort of short-term memory that helps process sequences
of inputs. The sequential information is in effect stored in the recurrent neural network’s
hidden layer(s).
Here is a brief explanation of how it works, consider a scenario in which there is an
input vector which contains brain signals at timestamp t. It calculates a vector using
neurons in the hidden layer. The network then moves data from both timestamps forward.
That is, when the new timestamp t+1 occur. It will use the memory of previous hidden
layer and will combine it with new inputs and it will move both forward, and so on.
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The following Figure 4 of RNN with colored nodes illustrates how it works:

Figure 4 Recurrent Neural Network
LSTM:
Long Short-Term Memory (LSTM) networks is a type of Recurrent Neural Network
capable of processing long term dependencies. The default characteristic of LSTM is that
it remembers information for long periods of time, without requiring a significant extra
effort to do so.
Consider Again Figure 4 above, there are two inputs (with two different colors) are
being fed into neural network. Hidden layers in first step has the values of only input-1.
But in hidden layer in step two has the values of both step one and step two. Since, the
hidden layer has the sufficient nodes it will memorize the input values until it gets full.
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Now assume what happens if we have input data coming at third step. The memory
in the hidden layer is full, and before the next input comes it removes the irrelevant memory
from the network and proceeds through next one.
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3. SYSTEM IMPLEMENTATION

Flowchart of the system implementation is illustrated in Figure 5.

Figure 5 System Design Flowchart
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This section largely contains how the data has been collected for this project. As mentioned
earlier, the data has been collected using EEG headset. This sensor requires a Bluetooth
compatible device to connect with. All you need to do is simply pair this sensor with your
device. The sensor can be compatible with PC/ MAC/ Android/ iOS.
Before collecting the data, there are some steps that need to be followed to help the
system to connect to the sensor. Since the system to collect the data has been implemented
in Windows operating system for this project, the Software Development Kit (SDK) for
EEG Sensor is used which can run on this platform. This SDK comes with a number of
files, but the most important is ‘ThinkGearConnector.exe’ and ‘thinkgear64.dll’ [8].
‘ThinkGearConnector’ (TGC) is a helper program that lets applications get data
from NeuroSky headset. It runs quietly in the background, and parse the data to the
application. In other words, it is an executable that provides services that manage
communications with the EEG headset, which are connected to the computer. It runs
continuously and keeps an open socket on the local user’s computer, allowing application
to connect to it and receive information from the connected Sensor.
Steps involved to connect in this setup are as follow:
•

Turn on the EEG Headset (MindwaveMobile plus).

•

When light turns blue, pair it with your system using Bluetooth.

•

After successful pairing, start ‘thinkgearconnector.exe’ which is generally located
in the directory C:\~\Windows-Developer-Tools-3.2\ThinkGear_Connector.
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•

Once the ThinkGear is started and running on system, the next step is to Connect it
with the open socket connection.
neuroSocket = new Socket (localhost, port_number);

Socket connection to TGC using the configurations provided in Table 2:

Table 2 Think Gear Connection Parameters
Host Address
Port
Protocol
•

127.0.0.1
13854
TCP

Once application opens the socket connection to TGC, it should be able to parse
the data from the socket connection.

After connection is established, sensor starts to send the data according to ThinkGear
Socket Protocol (TGSP). This protocol is based on JSON for receiving and transmitting
data between client and server.
The Server is a device that implements TGSP, it is responsible for responding to
authorization requests and broadcasting headset data. The ‘ThinkGearConnector’ is an
example of a server. In this project, a client is a program (written in Java) that connects to
the server. And ‘Data’ referred in this project refers to the headset data.
Now the client can send commands to a server to configure such things as
transmission formats or the components of data transmitted by the server. These commands
can be sent at any time after the authorization process. Parameters needs to be set for this
configuration are ‘enableRawOutput’ and ‘format’.
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‘enableRawOutput’ includes raw sensor output in transmitted data.
‘format’ in which headset data should be transmitted to the client. It is set to
‘json’ format in this implementation.
format.put (“enableRawOutput”, true)
format.put (“format”, json)

Data Transmission:
Now let’s talk about the most important part of this setup, Data Transmission. Data
transmission from the server is done using a streaming model, the client does not issue any
explicit requests to the server for brainwave data. Once it is connected to the server, it
continuously transmit the data until the connection is closed or if the headset is not plugged
on the head properly.
Now the data generally transmits from the server at every second, but improper
programmed code receives the duplicate data at every second, which means the same data
of the same timestamp appears 3 to 5 times in database. To overcome this shortcoming, the
thread has been implemented which calls the server and receives the data every second.
timer. schedule (new StartThinkGear(socket), 1000);

Now as mentioned above, the data is continuously being transmitted and runs
through the infinite loop and data will be stored in an input stream buffer. Because there is
no mechanism in JSON to handle streaming (continuously appended) data, TGSP delimits
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individual JSON objects with carriage return character (\r), so each JSON object will
occupy its own line.
String [] packets = stdIn.readLine().split(‘/\r/’);
Json obj = new JSONObject((String) packets[s]);

Now this data packet contains several attributes/ features which are described
below:
-

poorSignalLevel: This attribute can help to check the quality of the brainwave
signal. This is an integer value that is generally ranging from 0 to 200, where 0
indicated good and 200 is poor (when sensor off the head).

-

eSense: This contains the eSense attributes. These are integer values between 0 to
100, where 0 is lacking and 100 is an excess of that attribute. It contains attention
and meditation values.

-

eegPower: A container for the EEG powers, these may be either integer or floatingpoint values.
• Delta. The ‘delta’ band of EEG.
• Theta. The ‘theta’ band of EEG.
• lowAlpha. The ‘lowAlpha’ band of EEG.
• highAlpha. The ‘highAlpha’ band of EEG.
• lowBeta. The ‘lowBeta’ band of EEG.
• highBeta. The ‘highBeta’ band of EEG.
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• lowGamma. The ‘lowGamma’ band of EEG.
• highGamma. The ‘highGamma’ band of EEG.
The ranges specified by the Neurosky (the company which produces this EEG Sensor)
are as given in Table 3.

Table 3 Frequency Ranges (from NeuroSky [9])
Signal Band

Range

Delta
Theta
Low Alpha
High Alpha
Low Beta
High Beta
Low Gamma
High Gamma

1-3 Hz
4-7 Hz
8-9 Hz
10-12 Hz
13-17 Hz
18-30 Hz
31-40 Hz
41-50 Hz

User Interface:
To make data collection feasible and simple, a user interface has been created in this
project. It is a simple two form application which collects details about the subject/ person
whose brain is going to be monitored and another starts to collect the data once the sensor
is started.
Before collecting the data from the brain, this application asks about the subject’s
demographic details, such as the person’s age, and sex. It also asks about their medication
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history, like ‘have they ever been treated for mental health condition’ or ‘are they currently
being treated?’.
The other important detail which is required for this experiment is the person/
subject’s current mood. The reason to ask these details is to see the signals variation in
brain during their different mood and to compare it. The major purpose to collect subject/
person’s brain signals data in different mood and time to train neural network with different
data and later analyze the neural network results with test data.

The form to enter subject details illustrate in Figure 6.

Figure 6 Subject Details Form
Once the person’s details have been submitted to the database, we can start and put the
sensor on his/ her head to monitor his/ her brain.
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Later, as illustrate in Figure 7, after selecting person’s mood the application can be
connected to sensor and start collecting data. Another important thing which needs to be
taken care about sensor is that sometimes it transmits data even if they are not placed on
the head because it gets affected by room temperature. Hence, to verify that whether it is
placed on head or not, eSense meter attributes have been considered. In other words, if
eSense meter (attention and meditation) starts to transmit output, then only the application
starts to store the packet.

Figure 7 Collect EEG Signals Data Form
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DATABASE:
Database Design:
To save person’s (or subject’s) personal details and their EEG brain signals data in database
from client’s machine MySQL Workbench 6.3 has been used for this project.
MySQL Server using TCP/ IP Connection has been created on Localhost.
Connection Parameters requires for the JDBC Connection is given in Table 4.

Table 4 JDBC Connection Parameters
ConnectionMethod
Hostname
Port
Username
Password

TCP/ IP
127.0.0.1
3306
root
XXXX

To perform any database operations from the client side, MySQL Server needs to be
started.
After server created, database called eegsensordata has been created. Under the database
table for the subject/ person’s details have been created with following query statement.
String sql = "CREATE TABLE subject_details (user_id int(11) NOT
NULL, "+ "Age smallint(3) DEFAULT NULL,+"+
"Medication_Currently smallint(1) DEFAULT NULL,+"+
"Medication_Previously smallint(1) DEFAULT NULL,"+
"PRIMARY KEY (user_id)) ENGINE=InnoDB DEFAULT
CHARSET=utf8;";
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Afterwards, person’s (or subject’s) details have been inserted in database using user
interface. Another table in database is created with the name ‘eeg_sensor_data_user1’.
These table contains all the details about person’s brain signals data. For every person, a
separate table has been created with their brain signals data.
EER Diagram of the database is very simple as it is given Figure 8.

Figure 8 EER Diagram

Once the sensor starts transmitting data, it is immediately stored in the database at every
second to compare the data at different timestamps and different subject mental status. This
stored data is later used to perform several operations like training machine learning
algorithms to see the results. Database contains two main tables, one with subject details
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(whose brain had been monitored) and the other table contains details of EEG sensor data
(EEG signal bands, attention, meditation) along with mood status and time.
In this project, data is later converted to Comma Separated Values. Then, they used
data to train Neural Network.
One more important advantage of using JDBC technology is that it allows you to
use the Java programs to exploit ‘Write Once, Run Anywhere’ capabilities for applications
that require access to enterprise data.
Flow chart for the JDBC connection is given in Figure 9:

EEG APP

Java Data Base Connectivity API

JDBC Driver (Java MySQL Connector JAR)

MySQL
Server

Figure 9 JDBC Connection
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Database connection with MySQL was done using JDBC. Connection was established
between user interface and database using the API: mysql-connector-java-5.0.8-bin (it is
an executable jar file).
The JDBC API is comprised of two packages:
•

java.sql

•

javax.sql

Variables required in java program to connect with MySQL database server is as follow:
import java.sql.* //Import library
String JDBC_DRIVER = "com.mysql.jdbc.Driver";
String DB_URL = "jdbc:mysql://localhost:3306/eegsensordata";
//This Username and password must match with your MySQL Server
(localhost in this project) username and password.
String USER = "root";
String PASS = password;
Class.forName("com.mysql.jdbc.Driver");
Connection conn = DriverManager.getConnection(DB_URL, USER,
PASS);
String stmt = conn.createStatement();

After successful connection with the server, creation and insertion operations have been
performed using the following query statements:
String sql = "INSERT INTO eeg_sensor_data_user1 (subject_id,
mood, currenttime, attention, meditation, delta,
theta, low_alpha, high_alpha, low_beta, high_beta,
low_gamma, high_gamma) VALUES (" +subject_id+ ","
+mood+ ",'" +dtf. format (now)+ "','" +attention+
"','" +meditation+ "','" +eegDelta+ "','" +eegTheta+
"'," +"'"+eeglowAlpha+ "','" +eegHighAlpha+ "','"
+eegLowBeta+ "','" +eegHighBeta+ "','"+eegLowGamma+
"','" +eegHighGamma+ "')";
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Sample data:

Figure 10 Data
The data is being stored every 10 minutes by asking a person’s mood at that time and this
same procedure is repeated for the same or another person for another 10 minutes. Sample
of the data is given in Figure 10.
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Here as illustrated in Figure 11 is the visual of each frequency band along with monitored
attention and meditation:

Figure 11 EEG Waves
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4. NEURAL NETWORK TRAINING
Experiment – 1:
It is believed that a person’s brain signal patterns can be identified with further observation.
Generally, neurologists perform this test for 2-3 hours or sometimes a patient is observed
for an entire day. But in this project, observation time was limited to 10 minutes.
For this experiment data has been collected for 20 minutes at two different times (10
minutes each) and with 2 different states of mind (happy and sad).
We have quite a big size of input data X which contains 1000 inputs and 10 features
and Y which has two classifications, Happy and Sad. Now in this implementation there is
only 3 layers used.
Lo = X
L1 = nonlin(np.dot(l0, syn0))
L2 = nonlin(np.dot(l1, syn1))

𝟏

The ‘nonlin’ calls the sigmoid function 𝒇(𝒙) = 𝟏+𝒆−𝒙
l2_delta = l2_error * nonlin(l2,deriv = true)

How much did each l1_value contribute to the l2_error (according to the weights)?
l1_error = l2_delta.dot(syn1.T)

Are we sure about the output? If so, we won't change too much.
L1_delta = l1_error * nonlin(l1, deriv = true)
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Basically, this model is implemented on the three layers and runs through all the
inputs from the X dataset and tries to calculate the output for sad and happy. It
backpropagates and updates the weight values to get to the desired output. The results of
this calculation have been used to calculate error/ loss from the expected outputs at each of
the 10000th iteration.
Experiment – 2:
For this LSTM-RNN technique, data has been used to train multiple models using different
functions. For this implementation, Keras deep learning library has been used which runs
on top of TensorFlow. Sequential model of linear stack of layers has been implemented.
For this study, 3000 data have been considered. In this one, the person was
experiencing three states of mind (i.e. happy, sad, drowsy). Each mind state was monitored
for 10 minutes at a time. Then data was collected again with either three of the mind states
to test the results (test data were to predict ‘sad’ state of mind).
In this model, 3 LSTM layers were set up as illustrated in Figure 12 on top of each
other, to make the model capable of learning higher-level temporal representations. The
first two LSTMs return their full output sequences, but the last one returns the last step in
its output sequence.
model = Sequential()
model.add(LSTM(100, return_sequences=True,
input_shape= (timesteps, data_dim))) # returns a sequence
of vectors of dimension 100
model.add(LSTM(100, return_sequences=True)) # returns a
sequence of vectors of dimension 100
model.add (LSTM (100)) # return a single vector of
dimension 100
model.add (Dense (num_classes, activation='tanh'))
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Three LSTM stack layers:

Keras.Layers.recurrent.LSTM Input: None, 1,10
Output: None, 1, 100

Keras.Layers.recurrent.LSTM Input: None, 1,100
Output: None, 1, 100

Keras.Layers.recurrent.LSTM Input: None, 10,100
Output: None, 100

Keras.layers.core.Dense Input: None, 100
Output: 100, 3

Figure 12 Three Stacked LSTM Layers
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Before training a model, a configuration of learning process is required which can be done
via the compile method. In Keras library you can specify loss functions. For instance,
consider ‘categorical_crossentropy’ or ‘mse’, optimizers such as sgd (stochastic gradient
descent, rmsprop, list of metrics like [‘accuracy’].
model.compile (loss='categorical_crossentropy',
optimizer='rmsprop', metrics=['accuracy'])

Lastly, we can train the model using fit method.
model.fit(x_train, y_train, batch_size=100, epochs=100)

And later we can evaluate the results using test data.
scores = model.evaluate(x_test, y_test,
verbose=0,batch_size=100)
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Experiment – 3:
In this experiment, the same model architecture is implemented as in experiment 2. But the
approach to process input data in neural network was different. In this experiment, the
model was trained in specific size of input data and tested right away with the remaining
data.
Data collected for this model was 10 minutes for each of the four-mind states.
(Though the data was supposed to be 600, they have been reduced to 500 because of the
Sensor’s noise issue.) Then they were divided in 60-40 for training and testing purposes.
60% of the data was used to train the model and in the very next step the remaining 40%
was tested. This same procedure was repeated for each mood. It feeds 100 inputs in the
first LSTM layer process, then through the second and third calculates the accuracy and
loss and repeat the procedure.
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Experiment – 4:
Since this data had more inconsistencies, one more approach was implemented in this study
with initial data preprocessing. One more reason to do this is with a larger number of
neurons and poor choice of hidden layer nodes causes the problem of overfitting and
doesn’t give the accurate output.
So, in this experiment, data has been preprocessed initially, with each of the signal
bands averaging at 10 minutes in different mind states. Later, this data had been processed
through the Neural Network. In this experiment, neural network did not have much
calculating to do. It had 10 input neurons (mean of each parameter) and one desired output
(Happy, Sad, etc.).
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5. RESULTS
NEURAL NETWORK RESULTS (Reference to Experiment 1):
In this experiment, Neural Network predicts value and calculates the error differ to the
desired output.
The results of the outputs are as followed for 60000 iterations. The person of being
sad or happy was almost 60% accurate with this experiment. Note in the results, after 10000
iterations, the result was consistent with an error rate of 0.3895
Results:
Error: 0.45753001311 (After 10000th iteration)
Error: 0.38950121816 (After 20000th iteration)
Error: 0.389500866328 (After 30000th iteration)
Error: 0.389500697193 (After 40000th iteration)
Error: 0.38950062575 (After 50000th iteration)
Error: 0.389000340866 (After 60000th iteration)
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RNN with 3 STACKED LSTM (Reference to Experiment 2):
With ‘tanh’ activation:
Accuracy for person being ‘sad’ in this experiment was noted 54.72%.

Figure 13 RNN Result With tanh
In Fig 13, note each line include a value for accuracy (labeled ‘acc’), and a value for the
loss. Note that over time the accuracy and loss tends to change.
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With the ‘Softmax’ activation:
Accuracy for person being sad in this experiment was noted 16.63%.

Fig. 14 RNN result with Softmax
In Fig 14, again note each line include a value for accuracy (labeled ‘acc’), and a value for
the loss. Note that over time the accuracy and loss tends to change and as you can see in
the last line the accuracy is way lower than the previous one.
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Result with preprocessed data (Refers to Experiment 4):
In this experiment, result for the person being ‘sad’ had a loss of 9.3%
After each 10000th iteration.
Error:0.557096312063
Error:0.148658639807
Error:0.126383792975
Error:0.111761501473
Error:0.101211812889
Error:0.0931375500461
The result for person being happy was noted on the loss rate of 5.2%
Error:0.557708515897
Error:0.146405716429
Error:0.0629138525068
Error:0.0586806610644
Error:0.0552013715406
Error:0.05227475691
The result for person being drowsy was resulted with loss of 4.9%
Error:0.557514761794
Error:0.14822779286
Error:0.125352934466
Error:0.0589017953
Error:0.0521350781753
Error:0.049646993511
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6. CONCLUSION AND FUTURE WORK
In this study, multiple neural network techniques were implemented and we could see the
major differences in each result. EEG can be used for mental health or not is an ongoing
debate across the scientists around the world. The complex, non-linear and inconsistent
EEG signals are very tedious to interpret visually and highly difficult to classify them.

Data inconsistency in this study is the biggest challenge. During the observations,
a huge amount of data variation was encountered and as normal with any EEG test.
Assessing a human’s mental status based on their current brain waves appears to require
more data than was collected in this study, and would require even longer neural network
training times.

During experiments with this data, one of the algorithm was implemented to
identify only two of the mind states “happy” or “sad”. In this one experiment the loss was
less and very close to the desired result. Since for this one experiment application was
trained with only one human’s data, it is still too early to say that it will work with other
subjects as well.
In other experiments, accuracy differed depending on activation function used. In
these same experiments, the results differed greatly depending on the numbers of the
epochs during training.
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Future Work:
One idea experimented briefly in this study but not reported was to predict brain signal for
the next second and compare it with the actual one. This idea may work on a large scale if
you collect accurate signals for a longer length of time (for instance 10 minutes or 1 hour)
and predict the brain signal for the next 10 minutes.
Recurrent Neural Network is pioneer in time series prediction and there is research
going on specifically for predicting EEG signals. In this study, a model was designed to
predict signals for the next timestamp, but it is still not able to classify the result accurately.
Verification of this model requires lots of work.
One more important possibility which can be considered for more accurate
prediction is to employ more data preprocessing.
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