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Abstract

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder characterized by
challenges in speech and communication, impairment in social skills, and repetitive
behavior. Autistic children in Africa have very severe symptoms of autism due to the
lateness in the diagnosis and treatment of autism on the continent. This work explores the
use of a portable, low-cost electroencephalography (EEG) device with automated diagnosis
as a means of expediting the process of autism diagnosis in Africa. This work compares two
instrumentation amplifier designs for the EEG system. It also compares k-nearest neighbor,
support vector machine, decision tree, and random forest as classifiers for providing
automated diagnosis for the EEG system. The resulting design was a portable EEG system
that can be interfaced with a smartphone for real-time visualization of the EEG signals and

automated diagnosis with an accuracy of 85.1%.



Contents

ACKNOWIEAZEMENTS .....eevieciiiceii ettt ettt s este e e e e e e s aessaesraeesseesseeenneenns v
ADSITACE ...ttt e sttt et et bt sa et ehae et eae v
Chapter 1: INTrOAUCTION ......oeiieiieiie ettt ettt eseeeenteeeteenneeeeeens 1
1.1 BACKZIOUNA ..ottt ettt ettt et e s et e e e e e e e 1
1.2 MIOTIVALTION <.ttt sttt ettt ettt e 3
1.3 Problem DefInItion .........ccciiiriiieniiiieniinieniiese ettt 3
1.4 ODJECLIVES ..veeuvieeeie e et et eteetteetteeeteeebeeste et eeste e seessaestaessseenseasseasssesssaesssessseesseassesnens 4
1.5 PropoSed SOIULION. .......iccuiiiiieiieiiectie ettt ettt et eetaeeebeeebeeste e e e s s e e sseessaessseenseanns 4
La0 SCOPE -ttt ettt ettt et e bt e e bt e e bt e e bt e e a bt e eab et e ate e ebeeeeateas 5
Chapter 2: Literature REVIEW .......ccuieiiiiiiiieiieieeee ettt 6
2.1 Works with focus on low-cost and portability of EEG devices ..........ccceceeveieenenne. 6
2.2 Works with focus on classification of EEG signals ..........ccccccceveiiiciiiiienniieniecie s 7
2.3 Relevant concepts/teChNOLOZIES. ........eeouieruieeiieiieiie ettt s s 8
Chapter 3: REQUITEIMENLS........ceoiiieiieieie ettt ettt teeete et et e et e e et eesteseeeeneeenneeanes 10
3.1 Hardware TEQUITEIMENES .........cccveeruierieeiieriieereeseesseeesseesseeseesseessseessesssessssessseesseesses 10
3.2 SOftWare reqUITEIMENLS.......c.ceciieiieriieeiieeieesteeetteereereesseesteeseseessaeesseesseesseassaessens 10
3.2.1 Real-time visualization of the EEG Signals ...........cccoevveeiieniieciecieceeeeecnen, 11
3.2.2. System Feature 2: Automated diagnosis using the recorded EEG signals. ....... 12
Chapter 4: Design and Implementation............c.cceeiirriirriienieeeeeeeeee e 13
4.1 BIOCK DIAGIAIM ..ottt et e eee e 13
4.2 Hardware Design and Implementation..............cceooeierieerierienie e 14
4.2.1 MONEAZE ..eeevveeeiiieeiieeeiieesetieeeteeetteeseteeestbeesssaesensaessseeessseesssseesnseessssessnsseeesssesnnes 14
4.2.2 BLECIIOAES. ...c.veeutiiienieieeieete ettt ettt sttt et s 16
4.2.3 Instrumentation AMPIITIET .....ceeviiiiiiiieiee e 17
4.2.4 Band Pass FIlter ........ccccviiiiiiiniiiiiiincncccce et 17
4.2.5 PrOCESSING UNTt....ccuiiiiieiiesiieeiieeieeiteeteesieesteesteeeeseeve e aesssessseesseesseesssessseessesannes 19
4.2.6 Analog-To-Digital CONVErsion UNit..........cccceereeeeriereerieerieeieenieeseesreeseeseeennas 20
4.2.77 AccesS TECRNOIOZY ....ooovieiieiiiecie ettt er e e s eeaeennes 20
4.2.8 Human Machine Interface .............coceoevieiiniiiininiiniccccececece e 22
4.2.9 POWET UNIE ..ottt ettt saeas 23
4.2.9 Full Design of Analog BIocK ........ccccoiiiiiiiiiiiie e 23

Vi



4.2.10 Alternative Design for Analog SubSYStem ........c.cccveeiiiriiiriinrienrie e e 24

4.2.11 The signal amplifiCation ..........cccccveirciiiriiiniienieeie et srae v e eve s e 26
4.2.12 Full Design of Circuit and 3D design of EEG headset.........c.cccccceeeierennnne. 27

4.3 Software Design and Implementation ............ccccceerieririiiienieeieeeeeesee e 28
4.3.1 Features of the appliCation ...........cocoiireiieiierie et 28
4.3.2 Implementation of the Automated Diagnosis ..........cceeevereiieieenieineesieeveeneennenn 28
Chapter 5: Testing and RESUILS ........cceeeiiiiieiiiiiiiciiece ettt 38
5.1 Testing Real-time visualization of the EEG signals feature............ccccooceevereruennnene. 38
5.2 Testing automated diaZNOSIS ......ceevveerrierrieriiereieieeseesreereerreesreeeeeeesseeseesseessseesseens 39
Chapter 6: CONCIUSION........cccciiiiieiieciie ettt ettt e reeete e e e e s e e s e e sseesesesssaensneanees 44
6.1 LIMITATIONS. ..c..eutiitiiieiieiieiieieeie ettt ettt sttt sttt ettt et 44
6.2 FULUIE WOTK ..ottt e 45
RETETEICES ...ttt sttt et e 46
F N 0] 013816 1TSS 49

vil



Chapter 1: Introduction

1.1 Background

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder that is very
difficult to detect due to the variety of ways it presents itself. It is characterized by an
impairment in social skills, challenges in speech and communication, and repetitive
behavior. The various forms of autism include “classical” autism disorder, Asperger’s
syndrome or high-functional autism, and pervasive developmental disorder (atypical
autism). Children with these different forms of autism show varying levels of intellectual
disability, language delays, and difficulty in social and communication skills [17]. In Africa,
specifically Ghana, there is little knowledge about the prevalence of ASD, even though

research has shown that ASD is present on the continent.

It has been reported that 38.7% of children under 14 years are affected with ASD in
Ghana [18]. In other African countries like Tunisia, Egypt, and Southeast Nigeria, the
prevalence of ASD has been found to be 33.6%, 11.5%, and 11.4%, respectively [3][4]. Due
to the little knowledge of ASD in some African countries, people still harbor the belief that
it is caused by supernatural sources and seek the assistance of traditional healers before
sending affected children to medical professionals for effective medical screening and
testing [18]. This has led to the late detection of ASD in Africa and has increased the severity
of ASD in most autistic African children. For most countries in the western world, diagnosis
of ASD commonly occurs in the first three years of development. On the other hand,

children in Africa are not diagnosed until they are about 8 years old.

Through research and various studies, the five-year difference has been attributed to

a number of reasons. Inadequate healthcare facilities and poorly trained personnel, little



ASD knowledge or awareness, cultural beliefs and stigma, and delay in medical attention
have been mentioned as the causes of the late diagnosis of ASD in Africa [5]. Due to this,
various therapies such as speech and behavioral therapy for these autistic children are further
delayed leading to very low IQ, severe intellectual disability, and impairments in

communication and social skills amongst the children.

The conventional means of diagnosing ASD involves a series of behavioral and
interview tests. During these tests, medical professionals measure the child’s behavior
excesses, communication, self-care, and social skills for a long time to correctly diagnose
the child as autistic or not. ASD clinical and self-screening methods include Autism
Diagnostic Interview-Revised (ADI-R), Autism Diagnostic Observation Schedule (ADOS),
Childhood Autism Rating Scale (CARS), Joseph Picture self-concept scale, social
responsiveness scale, and Diagnostic and Statistical Manual of mental disorders, Sth edition
(DSM-5) [36]. DSM-5 classifies all the different forms of ASD under pervasive
developmental disorders (PDD) and is the most recent and widely used technique. One of
the limitations of DSM-5 is its dependability on the atypical behaviors displayed by autistic
children, which eliminates the possibilities for early detection in the first three months of
development. This limitation became the motivation of most research studies and led to the
discovery of other biological indicators such as electroencephalography (EEG) as a means

of diagnosing ASD [8].

EEG is an electrophysiological test that measures electrical activities in the human
brain using metal discs attached to the scalp. Over the years, EEG has been used by doctors
in diagnosing epilepsy and sleep disorders. An electroencephalogram is a special device that
is usually used in recording EEG signals. This device uses 8, 16, or 32 electrodes attached

to four standard positions on the scalp: the nasion, inion, and the right and left. The



electrodes are connected to the scalp using a special headgear with already installed
electrodes or a special adhesive-conducting gel. An EEG signal is usually recorded as a
change in voltage between two paired electrodes, and its amplitude is measured using the

peak-to-peak technique [13].

1.2 Motivation

Traditional EEG devices are very bulky (weighs more than 500g), and they cost
thousands of euros [21]. They generally have a short battery lifespan (2-3 days) because
they consume too much power and are not portable. This does not make them ideal for
deployment in rural areas where there is no or intermittent power supply and little funds to
afford such equipment. Due to these limitations of traditional EEG devices, many scientists
and researchers have developed numerous less cumbersome designs that consume little
power. However, most of these implementations need a medical professional with domain
expertise in electroencephalograms to provide a diagnosis from the recorded signals. The
approach used in this work automates the process of diagnosing patients and can be used
and operated by any medical personnel. This automated diagnosis feature makes this design
suitable for use in almost every hospital with medical officers, even without domain

expertise, across the globe.

1.3 Problem Definition

As a result of the unfortunate paucity of EEG devices in most countries in Affica,
specifically Ghana, severe symptoms of autism have been quite dominant among autistic
children. The disturbing rarity of EEG devices on the African continent can be attributed to
the low number of highly trained neurological specialists and the high-priced traditional and
commercial EEGs, which most government hospitals cannot afford. Other reasons include

the high power consumption rate and the weightiness of conventional EEG devices. There



is a need for a low-cost EEG device that can automatically diagnose patients with little or

no assistance from a specialist. This work aims to satisfy this need.

1.4 Objectives
The main objective of this work is to design and implement a portable and low-cost
electroencephalography device that can be interfaced with a smartphone for the automated

diagnosis of autism in children. To be more specific, this work is aimed at:

e designing a low power consumption unit for the device

e shortening the time used for electroencephalograms by giving an automated autism
diagnosis that is at least 85 percent accurate.

e implementing a low-cost analog and digital system for the conditioning and
processing of EEG signals.

e architecting a reliable and low-cost access technology network for the EEG device

to ensure efficient transmission of data.

1.5 Proposed Solution

The EEG will be obtained from the scalp of the children using dry active electrodes.
Dry active electrodes are easy to place on the scalp, comfortable to wear, and do not require
massive hygienic procedures, unlike wet electrodes with high setup time and limited
recording time due to the drying up of conductive gels [24]. Since the magnitude of the EEG
is microvolt-size with a bandwidth of 0.1 Hz to 100 Hz, a high gain amplifier will be used
in amplifying the signal for transmission. The EEG signal is known for a lot of artifacts,
such as ocular and motor artifacts. Ocular artifacts occur in the EEG signal when a person
blinks during recording, while movements during recording cause motor artifacts. There are
also artifacts generated from cardiovascular activity, physical displacement of the

electrodes, and power supply noise [20]. Hence, after the amplification of the signal,
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filtering is done to remove all these artifacts. Bandpass filters will serve the purpose of
eliminating very low and extremely high frequencies from the signal. The resultant signal
is then converted to a digital signal using an analog-to-digital converter. The digital signal
will then be transformed from the time domain to the frequency domain and then sent to the
smart device using low-cost access technology. Bluetooth Low Energy (BLE) will be used
for this cause because, unlike Wi-Fi, it consumes low power [21]. A wireless medium is
preferred over a wired one in this case since a wired medium is more prone to errors and

artifacts due to wire movements.

After the data is transferred to the smartphone, it will be viewed in real-time via a
mobile application installed on the smartphone. Also, the mobile application will
automatically classify the data received as autistic or neurotypical. The mobile application
will use machine learning in diagnosing an individual as neurotypical or autistic using the

EEG signals recorded from the electrodes on the scalp of the individual.

1.6 Scope

The scope of this work encompasses the design of a suitable signal acquisition and
processing unit for the EEG device. All the design decisions for each component of the EEG
system will be discussed in chapter 4. The design presented in this work uses a cross-
platform mobile application that will run on both iOS and Android smartphones with a
Bluetooth interface. The different features of the mobile application, including real-time
visualization of signals and automated diagnosis, will also be highlighted in chapter 4. The
design and implementation of the machine learning model used in the accurate diagnosis of
the individual will be clearly emphasized. Furthermore, the performance of the different
models used in this work will be analyzed in chapter 5. This work does not address real-

life testing of the designed EEG device on neuro-typical and autistic children.



Chapter 2: Literature Review

Investigators from various research institutions have proved that EEG data can be
used to effectively predict if a child has ASD as early as three months of age [30]. EEG is
preferred to other emerging technologies such as eye-tracking and Magnetic Resonance
Imaging (MRI) due to its relatively low cost and non-invasiveness [31]. Currently, there has
been little or no work on an end-to-end system that provides fast and automated EEG
interpretation. Most work that has been done in this space can be divided into three groups

depending on the focus of the research. The groups include research works with a focus on:

I. low-cost and portability of EEG device [24][26]
il. classification of recorded EEG signals [11]
1il. end-to-end solutions [20]

2.1 Works with focus on low-cost and portability of EEG devices

In [24], Puyol et al. presented a portable embedded system that records up to 128
EEG electrodes simultaneously using the evoked-related potentials method. The 128
Al/AICI plated active electrodes are amplified, and every 8-set of electrodes is connected to
a multiplexer amplifier system. This system channels the signal to a microcontroller with an
in-built 12-bit analog-to-digital converter. The inbuilt AD converts the signal to a digital
signal which is then passed to a second microcontroller to be stored on an SD flash memory
or sent to a computer using a Bluetooth interface. The design presented by the authors is
portable, consumes low power, and has very low noise. However, this work does not cover
high-frequency sampling since Fast Fourier Transforms were not involved. Also, the design
uses two Microchip PICs, 24FJ128GGA306: one for recording the signals and doing an
analog-to-digital conversion, and the other for saving the data onto an SD card and

transmitting the data via Bluetooth. The cost could have been reduced by using one
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microcontroller. Furthermore, all the data can be saved on the cloud after sending via

Bluetooth to prevent data loss through the SD card’s corruption or misplacement.

Other researchers developed a medical instrumentation device for real-time
electroencephalography recording and analysis [26]. This device obtains the EEG signal
using electrodes placed on the scalp. The signal is amplified and filtered using a high gain
amplifier and bandpass filter, respectively. The signal is converted to a digital signal using
a 12-bit analog-to-digital converter. It is then transformed into a frequency band using radix-
2 fast Fourier transform on a Field Programmable Gate Array (FPGA). The resulting
spectrum is then transmitted to a mobile device via Wi-Fi. This design focused on the
simplicity and portability of the EEG system. However, it did not emphasize other factors
such as power consumption, bandwidth efficiency, cost, and low noise. Even though the
access technology they used (Wi-Fi) is faster, it consumes more power than other
technologies like Bluetooth. Hence, better design decisions could have been made to cut

down on cost and power consumption.

2.2 Works with focus on classification of EEG signals

Djemal et al. investigated a new autism diagnosis procedure using discrete wavelet
transform (DWT) and Shannon entropy [11]. The DWT was used in decomposing the EEG
data into several frequency sub-bands. Feature extraction was performed on the different
sub-bands using several statistical functions (mean, variance, and standard deviation) and
entropy functions (threshold entropy, Renyi entropy, log energy, and Shannon entropy). An
Artificial Neural Network (ANN) was used to classify the different EEG segments as

autistic or normal based on the extracted features.

Quite contrary to the design in [11], Sheikhani et al. used spectrogram and coherence

values in analyzing quantitative EEG. The analysis revealed that alpha waves (8 -13 Hz)
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could differentiate between autistic and children without autism with 96.4% accuracy in

awake conditions using spectrogram criteria[32].

2.3 End-to-end solutions

While some designs have admirable features like portability, low power
consumption, and low cost, other designs like the one proposed in [20] are unique. This
design focuses on easing the process of EEG analysis for both specialized and non-
specialized hospital personnel by converting it to music. Also, it presents an action protocol
if a problem is detected. The researchers showed the feasibility of this method by using low-
cost smartphone technologies with energy-efficient algorithms. The signal recorded from
the electrodes with a frequency range of 0.5-13Hz is filtered and down-sampled to 32 Hz
during the preprocessing stage. A phase vocoder is used to make the design suitable for real-
time usage since it does not affect the time duration and preserves the spectral characteristics
of the signal. The signal is transformed to the frequency domain using Discrete Fourier

Transform (DFT) with a sampling rate of 32 Hz.

2.3 Relevant concepts/technologies

A typical EEG system includes electrodes, a filtering block, and an amplification
unit. In [24], two amplification units were used. The first amplification was performed on
the signals recorded by the electrodes. INA333 instrumentation amplifier was used because
it has very low noise at low frequencies (50 nV Hz 1- 100Hz) where EEG signals can be
found. Additionally, it has a very high CMRR (above 100dB), which helps eliminate
common-mode voltages. OPA171 operational amplifier was used in the second
amplification, which was done after filtering the EEG signals. The operational amplifier
labeled as U2 in Figure 1 is connected to two low-pass filters. One of these filters acts as

the anti-aliasing filter while the other removes dc components from the signal.
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Figure 1: Amplifier unit for EEG [25]

A typical outpatient EEG takes about 20 minutes to complete [32]. This is because the
recorded EEG signals are traditionally recorded and interpreted by board-certified
physicians. The interpretation of the EEG signal is a time-consuming process. It can take
professionals hours to weeks to provide an interpretation of the recorded EEG.
Unfortunately, most of the interpretations provided by the professionals are subjective and
often lead to misdiagnosis of patients [33]. Automating the interpretation of EEG data would
speed up the process and eliminate cases of misdiagnosis. Since there has not been much
work on an end-to-end solution that records the EEG signals and provides a diagnosis, this

work exists to fill that void.

The design presented in this work will elaborate on a low-power EEG system that is
very portable, low-cost, and automatically interprets the EEG data recorded. This approach
will be pursued to ease the process of analysis for both specialized and non-specialized
hospital personnel. Machine learning algorithms will be used in analyzing the EEG signals

to provide an accurate diagnosis.



Chapter 3: Requirements

This chapter lays out the requirements for the proposed solution. The EEG system
will consist of two main subsystems: the hardware and the software subsystems. The
individual requirements for the hardware and software subsystems have been outlined

below.

3.1 Hardware requirements
e The device must consume low power to make it suitable for use in mobile situations.
e The EEG system must have a high gain instrumentation amplifier with a large
CMRR to amplify the signal and eliminate common-mode input.
e The device must be a wearable device that is comfortable to wear.
o The recording process must take less than 5 minutes.
e The device must use a low-cost access technology that supports the bitrate of the

EEG system.

3.2 Software requirements
The software subsystem consists of a mobile application that will run on both Android

and 10S platforms. The following are the functions of the mobile application:

o [t will facilitate the real-time visualization of the EEG signals from the brain of
the patient.
o It will present an accurate automated diagnosis to the user when the recording is

complete.
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The main objective of the application is to make it easier for professionals (with or without
expertise in EEG) to interpret EEG signals. The following are the requirements of the

application.

e The application should run on mobile devices with Android Jellybean v16, 4.1.x or
newer, and iOS 8 or newer.

e It should generate a diagnosis from the EEG signals with an accuracy greater than
or equal to 85%.

e It must have a user-friendly interface.

o The application should be able to interpret recorded signals in less than 2 minutes.

The sections below will explain the features of the application and highlight their functional

requirements.

3.2.1 Real-time visualization of the EEG signals
3.2.1.1 Description and Priority
This is a high-priority feature that allows the user to view the signals in real-time as they are

being recorded.

3.2.1.2 Stimulus/Response Sequences
o The user must be logged in.
e The phone must be paired with the Bluetooth of the EEG device (appears as HC-
05/HC-06 with 1234 as the password).

e The user must connect to the paired HC-05/HC-06 EEG device.

3.2.1.3 Functional Requirements

e REQ-1: The software must show the data from the 4 channels in real-time.

11



e REQ-2: The user should be able to pause, stop and restart the recording.

o REQ-3: The data should automatically be backed up in a cloud database.

3.2.2. System Feature 2: Automated diagnosis using the recorded EEG signals.

3.2.2.1 Description and Priority

This is a high-priority feature that allows the user to quickly interpret the signals within a
short time by providing an automated diagnosis that shows whether the signals are normal

or abnormal.

3.2.2.2 Stimulus/Response
e The user must press the diagnose button to submit the recorded signal to the API for

automated diagnosis.

3.2.2.3 Functional Requirements
e REQ-1: The API must return the diagnosis in JSON format.
o REQ-2: The software must display the diagnosis to the user in a user-friendly format.

o REQ-3: The data should automatically be backed up in a cloud database.
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Chapter 4: Design and Implementation

This chapter outlines the design decisions made for each hardware and software

subsystem of the EEG device.

4.1 Block Diagram

This work presents an end-to-end solution starting from the recording of the signals
to its interpretation. As illustrated in the block diagram below, the EEG signals will be
recorded using five electrodes placed on the scalp. One of these electrodes will be a
reference for the other electrodes. The difference between the signal from each electrode
and the reference electrode signal will be amplified by an instrumentation amplifier with a
gain of 11 and filtered using a bandpass filter with a 5-16 Hz passband. The resulting signal
from each channel is then amplified using an operational amplifier with a gain of 101. A
microprocessor converts the signal into digital format and transmits it to a smartphone via
Bluetooth. A mobile application that will be created in this work will be installed on the

smartphone. The application makes it possible to visualize the signals in real-time. It also

provides an automated diagnosis of the signals using machine learning.

Figure 2: Block Diagram of the EEG system
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4.2 Hardware Design and Implementation

The design decisions made for each component illustrated in the block diagram

above will be discussed in this section.

4.2.1 Montage

A montage refers to the orderly and logical arrangement of EEG channels (electrode

pairs). There are various kinds of montages, such as common electrode reference montages,

bipolar montages, average reference montages, and the Laplacian montage.

il

iil.

1v.

Bipolar montage: Each channel takes the potential difference between two adjacent
active electrodes. One major disadvantage of this montage is the in-phase
cancellation of biological activity. This means that the differential amplifier cancels
out any point in the two biological waveforms that are relatively synchronous with
respect to time and amplitude.

Common reference or referential montage: Each channel takes the potential
difference between an active electrode and an inactive electrode (designated
reference electrode). An earlobe or mastoid positions Al and A2, scalp position Cz
and the nose are the commonly used reference electrodes. The choice of a reference
is critical as more electrical activity in the reference electrode might dominate the
channel and not give the desired results.

Average reference montage: In this montage, the outputs of all the amplifiers are
averaged to produce an averaged signal. This averaged signal is then used as a
common reference for each channel.

Laplacian montage: Each channel in this montage is the difference between an active

electrode and a weighted average of the surrounding electrodes.
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From the various types of montages mentioned above, the significance of the reference
electrode to be used is emphasized. The best reference electrode is one that cancels out most
noise without canceling much of the electrocerebral activity. Due to the left-sided position
of the heart, the left earlobe is often contaminated with EKG artifacts. A reference electrode
on the nose may be contaminated with muscle artifact as well. Even though the midline
vertex electrode Cz is free from muscle artifacts, there is a large amount of brain wave
activity, especially during sleep. Also, the reference electrode must be far away from the
other electrode. This is because a higher interelectrode distance results in EEG signals with
higher amplitudes[35]. Considering all the stated factors, the right earlobe, A2, was chosen

as the reference electrode to be used in the common-electrode reference montage.

The electrodes will be placed on FP1, FP2, O1, 02, and A2 positions on the scalp using
the 10-20 international system. This means that there will be four channels with A2 as the
reference electrode. The electrodes were placed based on the 10-20 international system
[34]. This system is a universally accepted system used to describe the location of scalp

electrodes, as shown in Figure 3.
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Figure 3: 10-20 EEG placement system
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4.2.2 Electrodes

These are the metal discs placed on the scalp to measure electrical activity in the

brain. There are three main types of electrodes: dry electrodes, semi-dry electrodes, and wet

electrodes, that can be used for the EEG system. Semi-dry electrodes use tap water between

the scalp and the electrode [26], while wet electrodes use highly conductive electrolytes like

gel or saline solutions. The different types of electrodes were compared using a Pugh chart.

The cost, signal-to-noise ratio, setup time, and ease of cleaning were used as the basis of

comparison between the electrodes.

Table 1: Pugh chart for electrodes

Total

Criteria Baseline Dry Electrodes | Semi-Dry Wet Electrodes
Electrodes
Cost 0 +2 +1 +1
Signal to Noise 0 -1 *l 2
ratio
Setup Time 0 *l -1 1
Easy to clean 0 1 1 1
0 +4 0 +1

As shown in the Pugh chart above, wet electrodes have a better signal-to-noise ratio. As

such, they require simple amplifiers that are less costly and easy to design. Dry electrodes

do not require any substance between the scalp and the electrode, making them very easy to

install. However, dry electrodes have a small signal-to-noise ratio due to the high contact

impedance between the skin and the sensor [27]. Compared to wet and semi-dry electrodes,
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dry electrodes are easier to clean and set up for recording EEG signals. Dry electrodes were

chosen since they satisfy the criteria highlighted in the Pugh chart.

4.2.3 Instrumentation Amplifier

This unit is essential as the EEG signal has a magnitude of 1 microvolt, with a
bandwidth of 0.1 Hz to 100 Hz. The amplifier to be used must have an input range that
includes the minimum and maximum values of the EEG signals. One key challenge to tackle
is the offset introduced by the EOGs, EMGs, and other interferences that can cause the EEG
signal to exceed the input range of the amplifier [30]. When this happens, some parts of the
signal are attenuated and lost. The amplifier receives EEG signals with high impedance
ranging from 1k to 1M [28]. Therefore, to prevent the loss of signal resolution, the amplifier
must have high input impedance. It has been suggested that an amplifier should have a
common input impedance of at least 100M to confine the signal attenuation below 1% [29].
An instrumentation amplifier would be used to amplify the EEG signals. Instrumentation
amplifier ICs such as the INA333, ADS8553, AD620, and AD8226 can be used. An
instrumentation amplifier can be designed using resistors and operational amplifiers, as

described in section 4.2.10.

4.2.4 Band Pass Filter

The filtering unit should cut out the noise and other artifacts in the signal such that
only the data within the acceptable bandwidth is further processed. The acceptable
bandwidth is 6-16Hz. This bandwidth captures the alpha signals well enough as they are

generally within a 7.5-13 Hz band.

A bandpass filter consists of a series combination of a low-pass filter and a high-

pass filter. The specifications of these filters have been outlined in the sub-sections below.
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4.2.4.1 Low Pass Filter

The cut-off frequency (£, ) for the low-pass filter is 16 Hz. Consequently, frequencies
above 16Hz will be filtered. The equation shows the relationship between the cut-off
frequency, resistance, and capacitance of the RC filter:

- 1
€7 2mRC

Assuming a capacitance C = 0.01uF, the resistance R for the low-pass filter circuit was

calculated as follows:

=994718 Q) =~ 1 MQ

R= o 16+001+10-¢

4.2.4.2 High Pass filter
The cut-off frequency( F,) for the high-pass filter was chosen to be 6 Hz. This means
that frequencies below 6 Hz will be attenuated. Assuming a capacitance C = 0.01uF, the

resistance R for the high-pass filter circuit was calculated as follows:

R = 2.65258 MQ =~ 3 MQ

- 2m * 6 % 0.01 x 10~°

4.2.4.3 Bandpeass filter circuit

A bandpass filter circuit was constructed using the resistance and capacitance values

for the low-pass and high-pass filters designed in sections 4.2.4.1 and 4.2.4.2.
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Figure 4: Bandpass Filter

Figure 4 shows the bandpass filter with a capacitance of C = 0.01uF for both the low-pass
and high-pass filters and a resistance of 1 M(Q for the low-pass filter and 3 MQ for the high-
pass filter. The 3 M{) resistance was created using a series connection of three 1 M()

resistors.

4.2.5 Processing unit

Since most of the computations pertain to signal processing, a Field Programmable
Gate Array (FPGA), a microcontroller that supports DSP, or a DSP processor can be used.
The architecture of DSP processors is optimized for signal processing. Most of these
processors need a software to be loaded onto them since they lack flash program memory.
Unlike microcontrollers, DSP processors are faster in handling floating-point operations and
mathematical operations. However, DSP processors might not be fully optimized for

Bluetooth serial communication, which is essential in this work.

The main requirements for the processing unit include cost-efficiency, processing
speed, and performance. The FPGA hardware architecture is very malleable and can be
constructed to meet the needs of the project. This means that the FPGA can be programmed
to process more extensive data with fewer clock cycles. Unfortunately, the hardware

construction might take a lot of time due to factors such as the unavailability of some
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components. Moreover, using more hardware for the FPGA implies an undesirable increase

in the form factor of the EEG device.

Microprocessors are limited by the bus, which is commonly 16-bit or 32-bit in size.
They have inbuilt ADC systems for converting analog signals into digital signals. Besides
signal processing, the microprocessor is also required to transfer data to a human-machine
interface to visualize the EEG data. Since ARM Cortex MO+ microprocessor has an inbuilt
system for ADC and can easily connect to a Bluetooth device over a serial connection, it

was chosen over the FPGA and DSP processors. It was also selected due to its availability.

4.2.6 Analog-To-Digital Conversion unit
At this subsystem, the analog EEG signal is converted to a digital format. The ARM
cortex MO+ has a 16-bit ADC, which does conversions using successive approximation.

The ADC unit has 14 channels and can be triggered by both software and hardware.

minimum sampling rate = 2 x maximum frequency

minimum sampling rate = 2x 16 Hz = 32 Hz

The sampling rate that was chosen for the ADC was 40 Hz which satisfies Nyquist
conditions. The sampling frequency was determined to be slightly higher than the Nyquist

frequency to prevent data loss.

4.2.7 Access Technology

It is essential to preserve the integrity of the data and consume low power in
transmitting the data. Some access technologies like Wi-Fi, Bluetooth, and Zigbee have
certain characteristics suitable for the EEG system. All these access technologies operate

at the same frequency of about 2.4 GHz.
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bitrate = sampling rate X bit depth X Number of channels

bitrate = 40 x 16 X 4 = 2560 bps

The access technology to be used must have a minimum transfer speed of 2.56 kbps. The
transfer speeds of Wi-Fi, Zigbee, and Bluetooth are 54 Mbps, 250 kbps, and 700 kbps,
respectively which are all favorable for the system. As summarised in the Pugh chart below,
Wi-Fi works very well for long-range applications, while Zigbee is most appropriate for
battery-powered systems. Despite this advantage that ZigBee offers, ZigBee applications
cannot be controlled via a smartphone but from a unique device. Bluetooth is generally less
expensive than Wi-Fi and ZigBee as it does not need any external router or network for

close-range communication.

Table 2: Pugh Chart for access technology

Criteri Baseline Wi-Fi ZigBee Bluetooth
riteria

Cost 0 -2 -1 2
Transfer speed 0 3 1 2
Range 0 +3 +2 +1
p 0 -2 +2 +1

ower

Consumption

Popularity 0 1 1 *l
Total 0 3 3 6
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From the Pugh chart analysis, Bluetooth is the most suitable access technology. It was
chosen because of its popularity in mobile devices, low power consumption rate, and low

cost. It also works within an appropriate range and has a suitable transfer speed.

4.2.8 Human Machine Interface

A low-cost approach for this will be a liquid crystal display (LCD). However, users
will have minimal interaction with the process if an LCD is used. Also, if an LCD is to be
used, all the operations would have to be completed on the microprocessor, which will
demand a lot of computational power. This might be overwhelming for the microprocessor
and might slow down the process. Desktops can facilitate appropriate user interaction.
However, they are bulky and might eliminate the possibility of making the device portable.
Also, LCD and desktops are not as popular as smartphones. Therefore, the adoption of the

device may not be as widespread as it is expected to be.

Table 3: Pugh Chart for Human Machine Interface

Criteria Baseline Desktop LCD Smartphone
Cost 0 -1 +2 +1
Form Factor 0 -1 +2 +1
Ease of Analysis 0 +2 -2 +1
Power 0 -1 +2 +1
Consumption

Total 0 -1 +4 +5
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The Pugh chart analysis in Table 3 shows that a smartphone will be the most appropriate
human-machine interface for the EEG system. It does not compromise the cost and
portability of the EEG device. It also consumes a relatively low amount of power and makes

it easier to view and analyze the signals.

4.2.9 Power Unit
The device must consume low power to make it suitable for use in mobile situations. Since
an amplifier that operates using DC power will be used, the EEG system will be battery-

powered using a 9V battery.

4.2.9 Full Design of Analog Block
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Figure 5:1-channel EEG acquisition system with an AD620 instrumentation amplifier.
Figure 4 shows a design that uses an AD620 instrumentation amplifier. The gain of
this instrumentation amplifier is controlled by the R resistor. The equation for the gain of

the amplifier is given below:

49.4 K)

Gain = (1 + R,

A 4.7 KQ resistor was used as R;. The resulting gain of the amplifier was 11.51. The first

amplification stage of the signal using an instrumentation amplifier is meant to boost the
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signal-to-noise ratio (SNR) of the signal. Using a high gain would also amplify the noise

and other artifacts in the signal, so a moderately low gain was used.

After the first stage of amplification, the signal is filtered by a first-order RC
bandpass filter with a lower and an upper cut-off frequency of 6 Hz and 16 Hz. The output
of the bandpass filter is a filtered and an attenuated signal. Hence, the signal is amplified

using a non-inverting amplifier with a gain of 101.

Figure 6: Non-inverting amplifier

Gain=1+
an = _
RIN

Rr =100 KQ, R,y = 1 KQ

100 K

e =101

Gain=1+

This gain was chosen because the resulting amplified output will have a considerable
amplitude (in the kilovolts), making the signal detectable enough and preventing the

amplifier from saturating (Discussed in section 4.2.11).

4.2.10 Alternative Design for Analog Subsystem
Instead of using a commercial instrumentation amplifier such as AD620, an instrumentation
amplifier can be designed and created using operational amplifiers. The design consists of

2 buffer amplifiers and one difference amplifier. The gain of the instrumentation amplifier
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is dictated by the values of the resistors used in conjunction with the operational amplifiers.

A typical instrumentation amplifier consists of 7 resistors, as shown in the figure below:
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Figure 7. Instrumentation Amplifier

Assuming resistors R1 to R6 are equal (R1 = R2 = R3 = R4 = R5 = R6), the output
voltage can be calculated using the equation below:

2R
Vout = V-1 (1 + )
Rg

In this case, the gain of the instrumentation amplifier hangs only on the value of R and R;;.
The alternative design for an instrumentation amplifier used in this work had the following

values for R and R;;.
R=100KQ R;=20KQ

( 2*1001()_

=> Gai —(1+2R)—
=> Gain = = 50K

Rg

The desired gain was chosen to be 11. This gain improves the signal-to-noise ratio of the
EEG signal. It also prevents the noise in the signal from being over-amplified such that it

offsets the EEG signal and causes it to be attenuated after the amplification.
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Figure 8: 1-channel EEG acquisition system with an instrumentation amplifier built with LM358 operational amplifiers.

Even though the gain of the amplifier in Figure 8 is very malleable, the amplifier design
makes use of a lot more components. Consequently, the design has a more significant form
factor compared to the AD620 design. As a result, AD620 was most preferred and was used

in this work.

4.2.11 The signal amplification

The gains of the amplifiers were carefully chosen to prevent distortion of the signals.
At each amplification stage, the output voltage was constrained below the saturation voltage
of the amplifiers. An amplifier saturates when the input voltage exceeds the bounds of its

power supply.

—V, <GV < +V,

Vs = Supplied Voltage, V,, = Input voltage

V, =9V

—9< 11 %V, < +9
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—0.8181V <V, < +0.8181V

This means that the input voltage at each amplification stage of the EEG device was

constrained between -0.8181 V and +0.8181V.

4.2.12 Full Design of Circuit and 3D design of EEG headset
Figure 9 shows the circuitry for the EEG system. A PCB design was created from this

schematic using Proteus 8.9. The PCB layout can be found in Appendix B.

Figure 9: Full circuit for the EEG system
A 3D model was created for the entire system. Figure 10 shows the EEG headset and how
it is placed on the head during recording. The parts for the assembly can be accessed here:

https://bit.ly/3vOt4dE.
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Figure 10: 3D model of EEG headset

4.3 Software Design and Implementation

This section contains the different features of the mobile application and how they were
implemented. The pages of the mobile application can be seen in Appendix B. The software
was built using flutter 1.22.6 stable version and dart version 2.10.5. Flutter is an open-source
software development kit developed by Google. It can be used to create cross-platform

applications from a single codebase.

4.3.1 Features of the application

The application has two main features: real-time visualization of the EEG signals
and automated interpretation of the EEG signals. With these two features, a user can record
EEG signals, view the signals in real-time during the EEG recording session, and get a quick

diagnosis after the recording.

4.3.2 Implementation of the Automated Diagnosis
As described in section 4.3.1.2, this feature involves the use of artificial intelligence
algorithms in interpreting recorded EEG signals. Also, it requires a large dataset in training

a machine learning model to make predictions from the recorded data.
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4.3.2.1 Data

The data used in training the model was obtained from Temple University Hospital’s
open-source EEG Corpus. The data repository consists of EEG signals in the European Data
Format, each with about 24 to 36 channels of signal data. The signals were sampled at 250
Hz using 16 bits per sample. The dataset used contained 209 normal .edf files and 208

abnormal .edf files.

4.3.2.2 Data Pre-processing
Two data preprocessing methods were used. These methods resulted in two datasets: one

was downsampled, and the other was not. These two methods have been discussed below.

4.3.2.2.1 Dataset A: No resampling

In this dataset, only the first 60 seconds of each signal was regarded in the model’s
training. This was done with the assumption that physicians can distinguish between normal
and abnormal EEG signals using the samples recorded in the first few seconds. Since EEG
signals had different recording durations, truncating the signal ensured that all the signals

had uniform signal length or sample size.

15000 samples of each signal were obtained after taking the 60-second slice of each

signal.

250 Hz x 60s = 15000 samples

Each 15000-sample was then segmented into 15 groups using a 4-second window.

250 Hz X 4s = 1000 samples

15000

000 — 15 segments
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Segmenting each signal helped in augmenting the dataset. After the data augmentation, the
number of rows for normal EEG signals and abnormal EEG signals increased to 3135 and

3120, respectively.

The signals used in training the machine learning models were sampled at 250 Hz.
However, the EEG device presented in this work samples signals at 40 Hz. One conflict
between these two signals is the difference in the number of sample points recorded per
second. One records 250 samples per second while the other records 40. Hence, segmenting
each signal also helped to reduce the minimum recording time for the EEG system presented

in this work.
40 Hz: 40 samples per second
60 second slice = 15000 samples
If 15000 samples needed then:

15000 .
20 = seconas

Assuming the whole 60-second slice of the signals were used in training the machine
learning models, the EEG system presented in this work would have to record the signals
for at least 375 seconds. However, due to the 4-second window used, only 1000 samples

were used in each training and testing iteration of the machine learning models. This reduced

the minimum recording time from 375 seconds to 250 seconds (%go = 250s).

One notable merit of this method is the retention of the high-frequency components in
the signals. Since the signals are not resampled, most of the features are preserved. Even
though this is another conflict between the signals, the preserved features can help the
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machine learning models make accurate predictions. However, this method also has some

downsides. The cons include:

i.  the preservation of noise in the signals, which can eventually lead to poor
performance of the machine learning models.

ii. a mismatch in frequency components in the signals used in training the models
(sampling frequency=250Hz) and the ones used in real-life testing with the EEG

device (sampling frequency=40Hz).

4.3.2.2.2 Dataset B: Downsampled signals

The original sampling frequency of the signals is 250 Hz. The signals were
downsampled at 40 Hz to make the frequency components uniform in both the signals used

in training the model and the ones recorded with the EEG device,

After downsampling, each signal was segmented into multiple parts using a 4-
minute window. This data segmentation process served the purpose of data augmentation

and created a form of homogeneity (with respect to the length of the signals) in the dataset.

Downsampling the signal led to the elimination of some noise. Nevertheless, some
features were lost during the preprocessing, which would have been relevant in training the

machine learning models.

4.3.2.3 Feature Extraction

The same feature extraction techniques were used on both dataset A and dataset B.
Fast Fourier transform (FFT) and discrete wavelet transform (DWT) were computed for
each EEG signal slice in both datasets. Fast Fourier transform is an efficient algorithm used

in calculating the Discrete Fourier Transform of a sequence. It is a frequency domain
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transform that provides information about the frequencies present in a signal. Even though
it has a high resolution in the frequency domain, it has zero resolution in the time domain.
Consequently, Fast Fourier Transforms do not retain the time-related details of the signal
and fail to specify the position in time where each frequency occurred in a signal. The Fast
Fourier Transform Y[k] of a sequence, x[n] of length N is defined as:

N—-1

_onjkn
VIl = ) (W x[n])
n=0
Unlike FFTs, discrete wavelet transforms store both time and frequency information
contained in a signal. DWT is a time-frequency domain transform that returns
approximation and detail coefficients. The approximation coefficients are outputs of a low
pass filter, while a high pass filter produces the detail coefficients. An n-level DWT splits
asignal inton + 1 frequency sub-bands. In this work, 1-level and 4-level Daubechies DWT

decompositions were used.

Statistical features (mean, standard deviation, mean square, and absolute difference)
were computed for coefficients obtained from the DWT and the FFT output. All complex
output from the FFT were converted to real values by taking the absolute of the complex
values. After the feature extraction process, 16 features were extracted from the FFT output,
and 32 features were extracted for the DWT output. Figure 11 shows the feature extraction

process.
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Figure 11: Feature Extraction process

4.3.2.4 Machine Learning Models

The models were trained on features from both datasets A and B. The features
extracted were used in training non-parametric machine learning models such as K-nearest
neighbor (KNN), decision trees, random forest (RF), and support vector machine (SVM)
classifiers. These machine learning algorithms have high-performance capabilities and can

fit many functional forms since they make no assumptions about the mapping function.

KNN is a distance-based supervised learning algorithm. It does not do any active
learning. Instead, it memorizes the training data and classifies them using similarities

between the data points. When an input vector X = [X, X; X;,] is passed to a KNN
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algorithm, the Euclidean distance between the input vector X and other points in the dataset

is calculated.

Table 4: Sample Data

Feature A Feature B Feature C Label
EEG signal 1 XA, xBg xCy Normal
EEG signal 2 xA4 xB4 xCy Abnormal

Using the sample data presented in table 4, the Euclidean distance for EEG signal 1 is

calculated as follows:

Euclidean distance = /(Xo — xAg)? + (X; — xBy)? + (X, — xC,)?

After calculating the Euclidean distance for all the signals in the dataset, the distances are
sorted in increasing order. The algorithm then returns the majority class in the first k items
with the lowest distances to input vector X. k is the number of neighbors used in the
algorithm. The KNN algorithm is straightforward and easy to implement. However, it is
computationally expensive as it uses a substantial amount of memory to store training data
when making predictions. Since these predictions occur on the server, it might take a few

more minutes for a user to get a diagnosis after recording the signals.

SVM is also a supervised learning algorithm that classifies data by finding the best
hyperplane that differentiates classes of data points plotted in n-dimensional space (n =
number of features). The best hyperplane is the one with a maximum margin with the
closest points (support vectors). A hyperplane is a straight line that can be represented by

the equation below:

H:wlx,+b=0
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An SVM model with a radial basis function (RBF) kernel was used. The RBF kernel makes

the data more separable by converting it from a lower dimension to a higher dimension.

Just like KNN and SVM, a decision tree classifier is also a supervised learning
algorithm. It is a tree-structure classifier. It represents the features of a dataset using its
internal nodes, the decision rules as its branches, and the outcome as each leaf node. A
decision tree starts from the root node, which asks a simple question. Depending on a yes
or no answer to the question, the tree splits into subtrees. This algorithm is easy to
understand as it mimics the thinking process of a human being. However, it often has an

overfitting issue.

Random forest combines several decision trees to create an ensemble that has better
accuracy in classifying the data. It solves the overfitting issues in decision trees since it
chooses features randomly during the training process. As a result, the random forest

algorithm performs better than the decision tree classifier algorithm.

4.3.2.4.1 Parameters used for the machine learning models trained on dataset A

i Random Forest: Varying Max-depth KNN: Varying Number of Neighbors
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Figure 12: Parameters for Random Forest and KNN with FFT features
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Figure 13: Parameters for Random Forest and KNN with DWT features

The depth for the random forest model and the number of neighbors for the KNN
model were varied to arrive at the correct parameters that give the highest accuracy. The
parameters with their corresponding error rates can be seen in Figures 12 and 13. For the
KNN model trained on FFT features and the KNN model trained on DWT features, the
number of neighbors was determined to be 11 and 3, respectively. Also, a maximum depth
of 24 resulted in the least error rate for the random forest model trained on FFT features,

while that of the one with DWT features was 28.

4.3.2.4.2 Parameters used for the machine learning models trained on dataset B
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Figure 14: Parameters for Random Forest and KNN with FFT features
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Figure 15: Parameters for Random Forest and KNN with DWT features

From Figure 14, the KNN model trained on FFT features extracted from dataset B had the
least error rate with 89 neighbors. The random forest model converged at a minimum error
rate with a max-depth of 15. Also, from Figure 15, the KNN model and the random forest
model trained on DWT features extracted from dataset B attained a minimum error rate with

1 neighbor and a max-depth of 21, respectively.

4.3.2.4.3 Deploying the machine learning model.

The machine learning model with the highest accuracy was deployed using a flask server.
A post request from the mobile application after recording the EEG signals is submitted to
the Flask API. The API responds with the diagnosis for the signals after passing them

through the model deployed on the server.
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Chapter 5: Testing and Results

This chapter delineates how the various features of the proposed solution were

tested. The results of the testing are expected to meet the design requirements for the system.

5.1 Testing Real-time visualization of the EEG signals feature

FRDM-KL25z

HC-06
Bluetooth
Module

Gold-plated
EEG electrodes

Figure 16: 1-Channel EEG circuit for testing Real-time visualization of the signals.

In testing this feature, a one-channel EEG circuit (Figure 16) was used in generating
an EEG signal to be passed on to the mobile application. The one-channel circuit was
connected to a FRDM-KL25z and HC-06 Bluetooth module, as shown in Figure 16. The
user pairs with the HC-06 device using a smartphone. After pairing with the device, the user
opens the application and connects to the HC-06 device (Figure 17: a, b). Afterward, the
user clicks on the start button on the mobile application to start recording (Figure 17c). The

figure below shows the user experience on the mobile application.
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Figure 17: Real-time Visualization of the EEG signals

The primary metric used in evaluating this feature was the response time of the
microprocessor in performing the ADC and the response time of the mobile application in
updating the values of the signal. The mobile application generally had a fast response time.
It was observed that the conversion, transmission, and representation of the signals on the

mobile application were done with no latency.

5.2 Testing automated diagnosis

The traditional machine learning models were evaluated using a 10-fold cross-
validation technique. The dataset was split into 10 folds, and each fold was used as testing
data at some point in the cross-validation (shown in Figure 18). For each iteration of the
cross-validation, the accuracy, precision, and recall scores of the models on the test data

were assessed.
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Figure 18: 10-fold Cross-Validation

The accuracy score measures the percentage of classes that were correctly predicted.
Precision measures the normal cases that were correctly identified from all the predicted

normal cases.

True Positive

Precision = — —
True Positive + False Positive

Recall measures the number of normal EEG signals that were correctly classified from the

actual normal EEG signals.

True Positive

Recall =
eca True Positive + False Negative

As shown in Figure 19 and Figure 20, the models performed better on the statistical features
extracted from the discrete wavelet transforms of the signals. This can be attributed to the

full resolution of discrete wavelet transforms in both time and frequency. A random forest
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model with 28 trees trained on dataset A achieved the highest accuracy of 84 percent. Since
an accuracy of at least 85 percent is required for the EEG system, more training was done

to improve the accuracy score.

The models were trained on statistical features extracted from a 4-level Daubechies
DWT decomposition of the EEG signal. This improved the accuracy of most of the models.
The SVM model performed poorly with dataset A because of noise (overlapping classes) in
the dataset. Due to reduced noise in dataset B, the SVM classifier performed better when
trained on features extracted from that dataset. Unlike the other models used, the random
forest model uses a group of decision tree models to make a prediction. This is why the
random forest model had the highest accuracy with both FFT and DWT from the datasets.
The random forest model trained on dataset A had the highest accuracy of 85.1 percent.
Additionally, unlike the downsampled signals used in dataset B, dataset A has more features
to differentiate normal from abnormal signals. Hence, a more accurate result from the

random forest model trained on dataset A.
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Dataset A: Accuracy scores
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Figure 19: Accuracies of machine learning models trained using Dataset A

Dataset B: Accuracy Scores
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Figure 20: Accuracies of machine learning models trained using Dataset B.

The other evaluation metrics for the different models have been summarised in the table

below.
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Table 5: Evaluation Metrics for Models

KNN Random Forest SVM Decision Tree
Dataset A B A B A B A B
Accuracy 81.0 |82.6 |[85.1 83.9 62.7 | 76.7 |74.1 73.0
Precision 79.6 | 809 |84.5 82.4 60.4 | 77.0 |733 71.6
Recall 81.7 | 84.8 |84.38 85.8 66.7 | 755 |733 75.4

The accuracy, recall, and precision score for the random forest model trained on DWT-db4

features extracted from dataset A is approximately 85%. This means that for both normal

and abnormal EEG cases, the model produces an accurate diagnosis about 85% of the time.

Diagnosis

abnormal

Figure 21: Diagnosis produced by mobile application.

Figure 21 shows a diagnosis produced by the machine learning model after recording EEG

signals and querying the model.
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Chapter 6: Conclusion

The problem of late detection of autism and its repercussions were laid out in the
first chapter. The other chapters outlined a solution using a portable and low-cost EEG
device with an automated diagnosis for early diagnosis of autism. The resulting solution
developed in this work can diagnose autism using a random forest model with an accuracy
of 85.1% using already existing EEG data. The device also allows users to see the signals

on their smart device in real-time.

6.1 Limitations
During the design and implementation phase of the proposed EEG system, some
challenges influenced some of the design choices. Some of these challenges have been listed

below:

e The dataset used for training the machine learning models was one of the major
limitations in this work. The dataset used was not labeled as “autistic” or “not
autistic.” Instead, it was labeled as “normal” and “abnormal.” This implied that any
classifier trained on this data would be capable of differentiating abnormal EEG
signals (signals with several disorders including ictal, interictal, and autism
conditions) from normal ones. As such, the output from the automated diagnosis on
the mobile application only shows whether a person’s EEG is abnormal or normal
(not specifically autistic or not, as defined in the scope of the proposed solution).

e Due to the unavailability of all the components to construct the 4-channel EEG
device proposed in this work, the automated diagnosis feature was not tested with

real-life signals recorded using the EEG device.
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6.2 Future Work
The design which has been proposed in this work is feasible. However, it can be enhanced
in several ways. Some of the recommendations for improving the proposed solution have

been enumerated below.

e A better dataset that is labeled as autistic or not autistic can be used. This will make
the diagnosis given after every EEG signal recording less ambiguous.

e Time series classification using artificial neural networks can be used in the
automated diagnosis. This would improve the accuracy of the model used in

predicting the diagnosis.
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Appendix

A. PCB Layout

B. Mobile Application pages
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