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ABSTRACT

As of 2016, diagnosis of ADHD in the US is controversial. Diagnosis of ADHD isdbhas
subjective observations, and treatment is usually done through stimulants, which can have negative
sideeffects in the long term. Evidence shows that the probability of diagnosing a child with ADHD
not only depends on the observations of parentshégs, and behavioral scientists, but also on
statelevel special education policies. In light of these facts, unbiased, quantitative methods are
needed for the diagnosis of ADHD. This problem has been tackled since the 1990s, and has
resulted in method$iat have not made it past the research stage and methods for which claimed

performance could not be reproduced.

This work proposes a combination of machine learning algorithms and signal processing
techniques applied to EEG data in order to classify stsjwith and without ADHD with high
accuracy and confidence. More specifically, thengé@restNeighbor algorithm and Gausstan
Mixture-Modelbased Universal Background Models (GMBMBM), along with autoregressive
(AR) model features, are investigated and@ated for the classification problem at hand. In this
effort, classical KNN and GMMUBM were also modified in order to account for uncertainty in

diagnoses.

Some of the major findings reported in this work include classification performance as high, if
not higher, than those of the highest performing algorithms found in the literature. One of the major
findings reported here is that activities that require attention help the discrimination of ADHD and

Non-ADHD subjects. Mixing in EEG data from periods et or during eyes closed leads to loss



of classification performance, to the point of approximating guessing when only resting EEG data

is used
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GENERAL AUDIENCE ABSTRACT

As of 2016, diagnosis of ADHD in the US is controversial. Diagnosis of ADHD is based on
subjective observations, and treatment is usually done through stimulants, which can have negative
sideeffects in the long term. Evidence shatvat the probability of diagnosing a child with ADHD
not only depends on the observations of parents, teachers, and behavioral scientists, but also on
statelevel special education policies. In light of these facts, unbiased, quantitative methods are
needd for the diagnosis of ADHD. This problem has been tackled since the 1990s, and has
resulted in methods that have not made it past the research stage and methods for which claimed

performance could not be reproduced.

This work proposes a combination of chiane learning algorithms and signal processing
techniques applied to EEG data in order to classify subjects with and without ADHD with high
accuracy and confidenc8ignal processing techniques are used to exauatctregressive (AR)
coefficients,whiclcont ai n i nf ormation about brain activi
features, extracted from datasets containing ADHD andAHD subjects, are used to create
or trainmodels that can classify subjects as either ADHD or-ADRD. Lastly, the nodelsare
tested usinglatasets that are different from the ones used in the previous stage, and performance
is analyzed based on how many of the predicted |&ABIBID or NonADHD) match theexpected
labels.

Some of the major findings reported in this Wworclude classification performance as high, if

not higher, than those of the highest performing algorithms found in the literature. One of the major



findings reported here is that activities that require attention help the discrimination of ADHD and
Non-ADHD subjects. Mixing in EEG data from periods of rest or during eyes closed leads to loss

of classification performance, to the point of approximating guessing when only resting EEG data
is used.
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1. INTRODUCTION

In the US, ADHD is acondition that affects approximately %d of children ages 4 to 1[7].
Diagnosis of ADHD is done by using the Diagitic and Statistical Manual of Mental Disorders
(DSM), published by the American Psychiatric Association (ARA) which provides a list of
symptoms that behavioral isatists use to determine whether or not a subject has a mental

disorder.

1.1. History of ADHD

Al t hough ADHD has been part of many peopl ebd

19206 s, and started to be treat edeanchershoted | at e

that there was an unusual inattentive, impulsive, and hyperactive behavior in children who

had had influenz§3-5]. Il n the 1930606s, researchers agreec

dysfunctions, which consisted of poor attention, hyperactivity, and behavioral dysfunctions.
As early as 1937, children with these symptoms were treated with amphetamines, which is
the main component found in Ritalin. Dr. Charles Bradley was the firssiplay to
administer amphetamines to children with these symptoms, and he found that, depending on

the dosage, academic achievement improved drastié&lly

Between the 1940s and the 1960s, there were great advances in ADHD research. In 1947,
thet er ms mi ni mal brain dysfunction (MBD) and
to describe people with the aforementioned symptpfhsA large number of visuamotor
and intelligene tests were created to differentiate people with MBD from people without
MBD. By the early 1970s, it became evident that there were too many disorders to place under
the MBD umbrella, so MBD was divided into 4 categories: learning disabilities, hypeaikinet

disorders, conduct disorders, and attention disoridgrs

Since the late 1980s, there have been changes in the definition of ADHD. In 1987, the DSM
lII-R changed attention disorders titentiondeficit disorders (ADD) with or without
hyperactivity[8]. In 1994, with DSMIV [9], ADD with or without hyperactivity \&s narrowed
down to ADHD and three subtypes of ADHi2fined inattentive, hyperactive, and combined.

f



Finally, in 2013, DSMV [2] placed ADHD under the umbrella of neuev@lopmental disorders.

The symptoms, and the criteria for diagnosis of ADHD have changed from version to.version

1.2. Diagnosisof ADHD

Diagnosis of ADHD is done through subjective observatimnteachers and/or parents and
finally by behavioral scientist When teachers or parents susghat a child exhibits symptoms
of ADHD, which comes abouby observations, the child is taken to a behavioral scientist to
investigate whether or not the child has the condifi®d]. The behavioral scientist, in turn,
observes the behavior of the child and compares thavim of the child with the symptoms of
ADHD described in the DSMAccording to thedSM-V, someone with ADHD fof
close attention to details or makes careless mistakes; often has difficulty sustaining attention to
tasks; often does not smeto listen when spoken to directly; often fails to follow instructions
carefully and completely; losing or forgetting important things; feeling restless, often fidgeting
with hands or feet, or squirming; running or climbing excessively; often talks ealgssften

blurts out answers before hearing the whole question; often has difficulty awaitirdy turn

Unfortunately, these subjective observations have a large error associated with themetSnyder
a. [10] conducted a study with 159 participants, 101 males 8ridrbales, aged 6 to 18&here
61% of thesubjects (97) were diagnosed ADHD (A) and 39% (62) were diagivsedDHD
(NA). The subjects participated in clinical interviews and were diagnosed according to the DSM
|l V and t o CdcoalesRevsdd (CR&RJ, which is another manual used for the
diagnosis of behavioral disordel$e study revealed that parents and teachers can predict ADHD
with an accuracy of 47% to 58%. 47% was obtained when compgarimg@ t eacher sdé pr e
the diagnoss based on BM-IV, and 58% was obtained when the tea&cr s & pr edi ct i c
compared to thdiagnoses based @RSR. Li kewi se, parentsé predict
R diagnosis and 55% of¥M-IV predictionsTher ef or e, teachersé and pa

with an accuracy that mnly slightly better tha a guess

ADHD is generally treated using behavioral interventions and/or pharmacological interventions
[11]. Behavioral interventions consist of therapies that teach the person with ADHD ¢orstedl,
selfmonitor, and selevaluate, with the objective of improving the symptoms. According to the

guidelines of the American Association Pédiatrics (AAP), behavioral interventiossouldbe



used on children before considering medication, which consists of the use of amphétsathe

or methyliphenidatédased stimulantd 2].

Unfortunately, stimulants used for ADHD treatment have side effectselshorterm, these
stimulants are known to cause weight loss, loss of appetite, and sleeping troubles. If taken over a
long period of time, these medicines could cause high blood pressure, higher heart rate, and they
could also increase the risk of aaing heart arrhythmiafl3]. Indeed, in 20066 he FDAOGs Dr u
Sakty and Risk Management Committee decidedtoassigh | ack box 0 warning,

warning used by the FDA, to ADHD medications to indicate cardiovascular risks.

Medication Treatment
Past Week

_ <T0%
B 7076
Bl s
[

Behavioral Therapy
Past Year
<4(r%
AN-A6%%
U 47501%

o = — il '1r_ 2
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Fig. 1.1 Coolmapshowing the use of behavioral therapy and medications to treat ADHD in the
US[1].

Figure 11 shows how ADHD wa treated, betwee?009 and 2010in the US.On a different
note, it is unknown what week the legends of the figure refétdte that there is a considerable
number of states where over 80% of people diagnosed with ADHD use medidatiact, in
2017 it was estimatethat6.1% of children aged 4 to Yéars approximatelyd.5 million, used
ADHD medication[1]. Moreover, diagnosis of ADHD grows every year, and with it, consumption

of stimulants.



One of the reasons diagnosis of ADHD is growing every year may be financial incentives. In
some states, schools receive additional funding from the state depending on ipwf rireeir
students have special needs. Itis in those states where diagnosisDfadBRlearly age is highest
and grows every yeawhereas diagnosis of ADHD fluctuates slightly in the states where there is
no additional fundinghat dependsn the nurber of students with learning and other disabilities
[14, 15]

Chances are, a large portion of reoplewho are diagnosed with ADH[2specially children,
do not have ADHD. Elder conductedstudythat analyzed the data from the Early Childhood
Longitudinal StudyKindergarten cohort (ELS-K), which includes parent and teacher reports of
ADHD symptoms, diagnoses, and stimuthased treatmen{6]. His research found that school
cutof f dates and a chil désrodmothe or she wilbbe didghosedr e at |
with ADHD. The study found that <children born
cut-off date are two times more likely to use stimulants, based on ADHD diagnosis, than those
who are born right after éhcutoff dateand have to wait another year to start kindergaEéter
estimates that 20% out of the 4.5 million children diagnosed with ADHD as of 2005 do not have
ADHD. As a result of inadequate expectations and perceptions from their teachers9a0y@ed
children ardgaking medications they do not need &mthermorewill result innegative longerm

effects.

As argued, the cost aofisdiagnosis is very high. Stimulants such as Ritalin and Adderall not
only affect the behavior and experiencest®tonsumers, but also the lifetime of the consumers.
Since the source error seems to be the subjective observations of parents and teachers, this work

will explore quantitativilatabasedvays to prescreen and/or diagnose ADHD.

In this study, informatiorwas extracted from electroencephalogram (EEG) data in order to
discriminate between A and NA subjects. Maliannel EEG data was used not only because of
its availability, but also because it has multiple advantages over other methods. One of the
advantges of having mulkichannel EEG is facilitating minimization of the needed processing;
processing data that does not contribute to higher discrimination performagdeedetrimental
However, it may potentially provide robustness in the event that adhe channels fails



13. EEG

EEG signals are loypower signals (usually below 0.6 mV) that are measured on the scalp of a
human or nosthuman head and are currently being used for many applications. To record EEG
data from a subject, electrodes are used amegla different locationsthe scalp of the subject.

The recordings are, then, processed by a Data Acquisition Device, which typically performs
sampling and lowpass filtering. As of today, EEG data is used in the healthirdwstry, for the
diagnosiof epilepsy, brain tumors, and stroke; in psychological and neurological research, for the
study of the development and understanding of the human brain; and also, fesobnpinter
interfaces (BCIs), which use EEG data as inputs to a sy&f@m

Electrode placement follows a standardized configunatihich indicates how and where the
electrodes should be placed. The configuration used, typicali®0l0ndicates the distance
between two adjacent electrodes. For200 the distance is 120% of the frondback or rightleft
distance of the scald8]. The distances are measured from the Nasion (bridge of the nose) to the
Inion (perceptugbrotuberance on the back of the hesatd from preauricular point to preawdar

point.
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Fig. 1.2 10-20 EEG electrode configuration



Figure 1.2 shows the 120 configuration used in this work. Every channel starts with a F, T,
P, C,or O, which stand for frontal, temporal, parietal, central, and occipital and represent the
regective lobes of the brain. When electrode names have 2 letters, i.e. Fc, Cp, etc., this indicates
that the electrode is between the two lobes denoted by the two letters. Finally, electrode names
also contain a number, 1 through 8 in the example. Odd narimtakcatetheleft side of the scalp

and even numbers the right side of the sEEB).

EEG has been gaining popularity over the years because it has some advamtgother
brainscanning techniques such asgnetic resonance imaging (MRBomputed tomography
(CT), positron emitted tomography (PET), magnetic resonance spectroscopy (MRS), and
Magnetoencephalogra(MEG). These advantages include, but are notdichto:

- Cost efficiency: Hardware cost for tkellectionof EEG data is much lower than that of

other techniques, especiabigcausenagnetically shielded rooms are not required.

- Resolution: EEG data can provide data at the millisecond level, which assibte with
MRI, CT, and other techniquét9].

- Ubiquity: Although collectio of EEG data requires placement of electrodes on the scalp,
it is more ubiquitous than other techniques, such as MRI, MRS, and PET, which can even
elicit claustrophobia. Further, EEG is sil¢R0].

- Low radiation: Usge of EEG does not require exposure to intense magnetic fields (over 1
Tesla), which is the case for MRS, MRI, and MEX].

All of these advantages make EEG a gogaionfor neuroscience researddowever, EEG auld

be inconvenient for the following reasons:

- Low SNR: Signato-noise ratio is low in EEG. This can batigatedby filtering, either

through hardware or software.

- Preparation: EEG electrodes have to placed correctly on the lscaipirg gels, saline
solutions, or other methods so that the electrodes are in contact with the scalp for the
duration of the test. This makes the preparation time for EEG data collection longer than

for the other methods.



- Cryptic: EEG data is not in the form whages, which makes it difficult to observe the
interaction between different brain regions or the activation of neurotransmitters, which

could be done with techniques that use resongréje

The latter disadvantageay not be a disadvantage dependingherapplicationEEG data can
be consi der ed n aauwseéful ibforraatian wea Becobtained abgut events in the

brainif some processing is done and even if no processing is done

In the health sciences, derivatives of EEG data are usede Ter&/atives are Evoked
Potentials (EPs) and Everglated Potentials (ERPs). The first consists of averaging the EEG data
over a time interval as a stimulus (i.e. auditory, visual) is presented to the $BBjethe latter
consists of averaging the BEover a period of time when the subject is performing a motor or
cognitive taskrepeatedly These markers are widely used in cognitive psychology and

neuroscience researf28].

By filtering EEG signals, the behavior of the brain in different frequency bands, colloquially
known as brainwaves, can be obseryedhe literature5 different frequency bandsre defined
Delta (0.1 to 4 Hz), Theta (4 to 7 HAlpha (8 b 13 Hz), Beta (13 to 30 Hz), and Gamma (over
31 Hz)[24]. These band designations are fairly consistent but, depending on the source, there is
some variation. The power in frequency bands (computed using the FFT) has been studied for the

classification of A ad NA subjects.
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For epilepsy, EEG data can be used for diagnosis even without processilepsy is
characterized by Aabnor mal and/ or excessive
synchronization can be observed with little effarEEG data, as shown in Fig. 118 the figure,
it can easily be seen that there are groups of &t&@net (boxed)that are synchronizd@6].

For BCls and classification problems, more processingeslet because the objective is to
automaticallyand accuratelydetect patterns in the bramves Machine learning algorithms are
generally used in order to create models for the classes (i.e. activities, thoughts, conditions, etc.)

that will be detected bthe algorithm. The work done in this thesis fatlshis category.

This is not the first time signal processing and machine learning algorithms are used for the
classification of A and NAThis will be covered in more detail in Chapter 2, but this prolilas
been approached since 1992, and high performance has been reported. To the best of our
knowledge, the closest competitors to the algorithms presented in this th¢3§ arel[28]. The
former reported performance in terms of AUdth average AU®f 0.97 (See Section 5.5 for a
definition of AUC)and the latter reported performance in terms of sensitivisufects classified
correctly), and accomplished 95.6% of sensitivity, missing 4.4% of the A subjeatgerage. In
this thesis, the method that maximized performance achieved average AUC of 0.99 and missed
3.57% of the A subjecian average.

1.4. Limitations

As will become evident in the next sections, the work presented in this thesis is preliminary and
has its limitations. To begin witlhis work isa pilot study becaugbe number of subjects whose
EEG data was available to us is 8 (4 A and 4 NA). Itndeustandable if the reader questions
whether or not the results presented in this thesis will generalize to larger datasets. It is worth
noting, however, that 25@st vectoravere extracted from each subject, and training and testing
of the classificatin models developenh this workwere performedfor 30 unique selections of
training and testingubjectssince the data that was used to create and test the modsisiteasd

in order to provide average, best, and worst performance values tagkication algorithm

Besides availability of data, majorlimiting factoris thedefinition of ADHD itself. ADHD is
defined by a set of symptoms, which overlap with thosgbaftherconditions such as Bipolar
Mood Disorders (BMD)Sleep Disordetsand OlsessiveCompulsive Disorder (OCOR9, 30]



Therefore, it is possible that a child evaluated by a clinician may be diagnosed with ADHD when
the accurate diagnosis BMD. In fact, it has beemeportedthat a child may exhibit ADHD
symptoms as a result of dietary habits, exposure to toxins such as lead, and deficiencies in vitamins,
but less than 26% ainiciansin the USuse laboratory tests to determine if the observed ADHD
symptoms are caused by neurodevelopmental disorders orrd@nio reactions[29].
Consequently, it is difficult to say if children diagnosed with ADHD actually have mental

disorders; and those who do have mental disorders may not necessarily have ADHD.

The way ADHD is diagnosed in the US has changed over the gedrg may continue to
changeWith every new version of the DSM, ADH&/mptomshave changed amal/the number
of minimum symptoms required in order to receA@HD diagnosishas changedbut these
symptoms are still subjectively observed. Moreover, reports from parents or teachers play a role
in the diagnosis of ADHD, and it is known that they can detect it with8%o of accuracy10].

Another concern is whether not diagnosis of ADHD should be tailored to different age
groups. As of nowthe DSMYV has different requirements for adolescents and adults over 17 years
and children up to age 16. Should there be more groups? Research shows that the age group that a
child is compared to has an impact on whether or not the child receives an ADHD diagnosis or not
[16], and age group alone is a factor that seems to have cansestimate 0R0% incorrect
diagnosesThis occus, again, because behavioral patterns are observed subjettiviiy thesis,
the eight subjects were ages 6 to 8. However, the algorithms presented here do not take into

consideration age because it was unknown to us which subjects were 6, 7, ar@dear

If the pattern detection work was performed by an objective unit that evaluates objective metrics
or features, we hypothesize that these errors would be mitigated. Be mindful, however, that the
goal of this work is not to provide a solution to regltitat very high 20% error. The goal of this
work is to study the feasibility of automatic classification of A and NA subjects, based
autoregressive coefficiefgaturesextracted frommulti-channeEEG data, which are then used to

create classificatiomodels.

The fact that EEG data is used brings up other concerns because EEGdeptsitent.
Assuming there are particular mental tasks known to be useful for the classification of A and NA,
how would a classification of A and NA be affected if a sutdgaot performing the activity that

he or she is instructed to perfornifie answer is that performance most likely decreases. EEG
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data is so sensitive to tasks that BCls can detect different mental tasks with over 90% of accuracy
depending on thelassifcation algorithmaused[31-33]. Therefore, an A subject may be labeled

as NA if inadequate data is used for diagnosis.

Something else that should be considered is severity levels of ADHD. The\D&ines
three gverity levels: mild, moderate, and sevi2k The level of severity depends on how much
of t he per sooccopat®nalfunatianiag affecteddoy ADHDand tle level of severity
is assigned subjectively as welhis thesis performs binary classification (either A or NA), and
does not provide information on severigvels since that information was not available to us.
Moreover, we believe that ADHD diagnos&sould come in a continuum of valuaisd should
indicate how confident the diagnosis was. Alas, curraeagndisis methods do not provide any of

these metrics.

Last but not least, gender may be something that should be taken into consideration. It has been
reported that ADHD is more common in boys than girls, and ADHD is manifested differently in
boys and girl$34]. This workdoes not take gender into consideration as the gender of the subjects

was not provided to us.

All of these reasons make it difficult to ob
another limitation to the work presented here. The quality ofsgifigation model depends on the
gual ity of the data that was used to create

standar do, it is difficuldt to create ideal cl

In fact, it is questionable whether or not any data is éabebrrectly. This is an issue that
faced in Section 4.6.2 of this thesis, where the label of one NA subject was questioned and later
flipped to A. Maybe this subject was indeed NA but was not performing the activity that he or she
was instructed to parm; or maybe he or she was slightly more active or inattentive than the other
NAs; or maybe the EEG data of this subject appeared to be similar to that of A subjects as an

organic response to dietary habtismaybe he or she was actually mislabeled.

In summary, studies that concern the classification of A and NA face many challenges. There
are many sources of error, to the point that the labels used in a study may not be trustworthy.
Nevertheless, if the A and NA labels used are correct, frameworksefafassification of A and

NA can be created, and this work argues that if optimization is done at every stage of the
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framework classification can be done with high levels of accuracy for the best and worst case

scenarios.

1.5. Outline

The rest of the thesis organized as follows. Chapter 2 contains a review of the research that
has been done in order to classify A and NA subjects. Special attention is given to controversial
methods that were investigated between 1992 and the present time. In ChapteatB¢mneatical
techniques used in feature extractame reviewed. This chapter also contains a review of how
EEG channel selection was done in this thesis. In Chapter 4 the use chdadst Neighbor
(KNN) algorithmfor classifyingA and NA subjectss summarized. In Chapter 5 the mathematical
background for, and the results obtained froanGaussiarMixture-Modelbased (GMM)
Universal Background Models (UBM) for the classificatiorAcndNA are provided. In Chapter
6 is shown how KNN and GMNUBM can bemodified to account fatheuncertainty in diagnoses
or labelingused for training, which in this document are referred to as soft labels. An iterative
approach to minimizing the number of channels for KNN and GVBM is described in Chapter
7. Lastly, inChapter 8 the conclusions and suggestions for future arerprovided.
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2. LITERATURE REVIEW

Abnormal EEG patterns have been observed in ADHD subjects over the last 70 years. To
the best of our knowledge, in 1938, Dr. Bradley presented evidence shdaintipére were
EEG abnormalities in the children he administered amphetamines to, making him the first to
report this observatiorf6]. Numerous studies between the 1950s and 1960s also noted

abnormal EEG signals for A subjects.

Quantitative classi@iation of A and NA subjects dates back to the 1980s. Some of the
approaches that researchers proposed produced results that had large errors or could not be
reproduced. In the last 5 to 8 years, on the other hand, the methods that have been proposed
have nuch higher accuracy. In this chapter will be diseadsow EEG has been used over

the years in order to classify NA and A.

2.1. Spectral Analysis

Since 1992 advances have been made towards quantitatively finding differences between A
subjects and NA subjectis 1992, Mann edl. [35] studiedthe power in fequency bands of 25 A
subjects and 27 NA subjects while they were in baseline activity, reading, and drawing. The
number of windows or epochs and the duration was not reported, but there were between 90 and
100 s of EEG recordings for each activithe stidy found that the power in the theta band was
higher for A subjects than for NA subjects, and the power in the beta band was much lower for the
A subjects than for the NA subjects in channels F3 and F4. These features were used in a
discriminant functionwhose type was not disclosed, amgbortedA subjects were classified

correctly 80% of the times and NA subjects were classified correctly 74% of the times.

In 1996, astudy used a 1Bhannel configuration teollect EEG signals from 310 control
subjects ad 407 ADHD/ATT (other hyperactivity disorders) subjeated 6 to 1736]. EEG
signals were recorded during eydesed activity, and 248 windows of 2.5 s per subject were
used. The study evaluated the use of mean coherence, mean frequency, and absolute power in
frequency bands in order to createdigcriminant function to classify contraubjects and
ADHD/ATT subjectd36]. Although it was not specified what kindagcisionfunctionwas based

on these features (i.e. decision tree, linear discriminant, quadratic discriminant, etc.), the approach
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achieved 93.1% of sensitivitfcorrect classifiation of ADHD/ATT subjects) and 94.8% of

specificity (correct classification of control subjekts

2.2. Thetato-Beta Power Ratio (TBPR)

In 1999, a study reported that tthe pbwer ratio (TBPR) of A subjects tends to bghleir than
that of NA subject$37]. Thehypothesis was that, sindeeta brainwaves {4 Hz) are associated
with hyperactivity and beta brainwaves {38 Hz) are associated with attention, the ratio of the
power in those bands would be larger for A than for NA subjectse§tahis hypothesi£EG
signals of 482 subjects ¥/ years oldvere recordedl7.63% of the subjects (85) weA and
82.37% of the subjects (397) wexeThe data was recorded from a single EEG channel, Cz, while
the subjects were in resting eyes opereseclosed, reading, and performing visw@aid motor
activity. At least 15 & windows were collected from each subject during eachltagike study,
the TBPR was obtained by computing the PSD estimates from the FFT for the theta and beta bands.
For classification, the TBPR dNA subjects was averaged, and power ratios that were more than
1.5 standard deviations above the average TBPR of NA (the threshold) were classified as
associated with A subjects, whereas those that fell below the threshold vgsrgeclaas NAAs
performance metrics, sensitivity (A subjects classified correctly) and specificity (NA subjects
classified correctly) were used.hi s si mpl e decision rule was
sensitivityé 98% of s pedcicftiicvieasypoofysieg and stringe? o v e
as this may sound.

Some of the authorf the latter study replicated their approatB001[38]. The same methods
were used, but this time, a population1@0 subjects, aged 6 to 20, was uskdthis set, there
were 96 A and 33 NA. Sensitivity was reported to be 90% and specificity 94%. There were other
studies, busensitivity and specificity could not be analyzed because their datasets only had A

subjects.

The methods developed B§7] have been replicated in numerous studies. Snydalr esed
TBPR in their study10], which had 159 participants, 97 A and 62 NZEG data was recorded
from 19 chanels in a configuration that follows the international2lDsystenwhile the subjects
were resting with eyes closed, eyes open, reading, and listard®Rs were computed for
channels Fpl, p2, F3, F4, F7, and F8 for at least 15 windows of 4 secondsafdr activity.

Sensitivity, specificity, and overall accuracy were found to be 87%, 94%, and 8géttresly,
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which isin line with reported resultf37, 38]. Other studies, between 2004 and 2008, used TBPR
for a similar number of windows, similar activities, but different number of subjectsepackd
results between 87% and 9@tdcuracy39-41].

Another study27] used power in frequency bands along with seuagiervised learning in order
to classify A and NA subjects. EEG data was recorded from 10 subjects, 7 AN&ndvBile they
were perfoming an activity that requires attention that lasted approxlgnateninutes. In this
study, the power and, paweror &t eqgsenaoyovehands
windows of 1 s from channels F3, F7, F8, Fz, Fgi2, and Cz out of a 120 configuration. The
mutual information criteriorwas used to choosthe least redundant features for training of a
Gaussian support vector machine (SVM). The accuracy of classification, measured in AUC, was
0.92 for TBPR and 0.97 for theta; miss rates wertereported

Although the problem of classifying A and NA subgseemed to be solved, recent studies
failed to replicate the resulig2, 43] In 2014, a study involving 62 A and 55 NA subjects reported
accuracy rates between 49.2% and 54.8%. In this study, EEG data wasdémoBdminutes of
eyes closed activity. Although 128 EEG channels were available, only channels Cz, Fz and Pz
were used. The TBPR was computed for 2 s windows with overlaps of 1 s, which results in a large
number of windows to test with for every subjdebr classification, logistic regressiarasused,
and theAUC were found to be between 0.492 and O0.Hi&ilarly, another study44], which
involved 54 A and 51 NA subjects during eyes closed and eyes open activity, reported 40% to 53%
overall accuracydr TBPR using stepwise discriminant analyses and other discriminant functions
that were not disclosed this study, there was a-P0 configuration, and TBPRs were computed

from Cz. In total, there were approximately 286tond windows for each activity

Although the validity of TBPR became questionable, the studies that question TBPR did not
exactly use the method descriteatlier[37]. For instanc@42] used logistic regression rather than
a threshold based on standard deviations; like\gi,used discriminant functions, which were
not thoroughly explained, that may be different from the threstaridep{37]. These factors may
have had an impact on the performance of TBPR. Moreover, the data acquisition devices used vary

from sudy to study.

Since it is difficult to say whether or not TBPR is the solution to the classification of A and NA,

other methods must be explored. Unfodtaty, most of the studies have focused on reproducing
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the results found for the TBPR or using the TBPR. However, #reeefew studies that have used

signal processing techniques and machine learning to approach the classification of A and NA.

2.3. Other Appoachedor the Classification of A and NA Subjects

The effectiveness of eventlated potentials (ERPs) was studéedwell[45]. In thatstudy,74
A and 74NA subjects performed a visual tvetimulus GO/NOGO task while their EEG data was
recorded which lasted approximately 22 minutdedependent component dyss (ICA) was
performed on the ERPs, and these features were used to train a SVM classifier, which achieved

92% accuracy of classification (90% sensitivity and 94% specificity).

Another method that has been exploreeedforward neural atworks[28]. The study had 54
subjects, 47 A and 7 NA, whose EEG signals were recorded during eyes closed activity for 3
minutes, which resulted in 14,000 samples for each of the 19 chanreis tisie study, for each
subjectWith the wavelet algorithrnino details specifiedihe EEG data was decomposed into the
5 frequency bands between 0 and 60 Hz (alpha, beta, delta, theta, and gamma) plus the original
signal. This was for every channeltbere were 6x19 = 114 features at the input layer of the neural
network. The hidden layer combined the featureslmmarly, and returned a value of 1 or O to

indicate A or NA respectively. By using this approach, a sensitivity of 95.6% was achieved.

There are other studies, but they focus more on replication than on creation. Therefore, other
approaches that have been successful at finding EEG patterns should be considered for the
classification of NA and A subjects. The detection of stroke, epilepsythendassification of
mental tasks for BCls have inspired many successful algorithms, which should also be considered

for the problem at hand

2.4. Classification of Other EEG Patterns

Autoregressive (AR) coefficiengse good candidates to use as featurethéoclassification of
A and NA Autoregressive coefficients have been largely asdéaturesh BCls, yielding highly
accurate results for the classification of mental tasdad{ng, performing arithmetic operations,
etc) using short windows of tim@1-33]. If the functioning of a NA brain is modeled as an activity
and the functioning of an A brain is modeled as another activity, then the thatigere found
in the latter studie31-33] should extrapolate to NA and A.
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A study explored the use of AR coefficients for the classification of ADHD (A) subjects and
bipolar mood disorder (BMD) subjed#6]. In the study, EEG data was recorded from 21 A and
22 BMD subjects while they were in eydesed and eyes open activities, 3 minutes each.-A 10
20 configuration with 22 channels was used, and the AR coefficenisispecified order, were
extracted from dsecond intervals from each channel. Multiple classifiers were trained and the

overall accuracy was slightly over 70%.

As far as algorithms go, Gaussian Mixture Models (GMidye been used for classificatjon
butnot specifically for the classification of A and NA subjects. GMMs have been used for neonatal
seizure detectiofd7]. The study recorded EEG data from 17 subjects who were between 39 and
42 weeks old. The data was recorded using eight combinations of two channels for approximately
15 hours per subject. Approximately 691 seizukese observed during thatrie for all the
subjects. As features, the power in multijpeEyuencybandsand peak frequencies in the spectrum

wereused, and the performance, measured in AUC was 0.9556.
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3. FEATURE EXTRACTION

Feature extraction is an essential component in machimerigaespecially when dealing with
large dataets There are two reasons for performing feature extraction. First, feature extraction is
done to represent a vector of samples of arbisiagas a vector of samples of lower size, in order
to reduce thewumberof computations needed in order to classify the ve&econd, depending
on the data, raw data may not be enough to detect patterns/perform classification. For stroke
detection, it is clear when there is a stroke and where there is not becauseasiseiseEEG data
to spike. Thus, feature extraction may not be needed. Nevertheless, when the changes in the data
are very subtle or not visible, features misextracted to maximize the difference between the
different classes thaieed tdbe detected.

In this chapter, the mathematical backgroamdi algorithms used in order to compute the
features used throughout the tiseare presented. This chapter focuses on AR modeling and the

method used in order to select the EEG channels used throughoutglss the

3.1. AR Modeling

The objective of linear prediction is to predict the current value of a signal based on its previous

values. Linear prediction theory states that, for an adequate valyetted current value of a

discretestochastic procesx[n] can be predicted based on figorevious valuesncurring a

prediction errore i}, which is awhite process.

K= A akn k fei 3

where the coefficients, are AR coefficients. Themlefining the predicted estimates as

= 4 akn & 32
yields the prediction error
gri=%h -kh 3.3
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From a deterministic point of viewhé discretestochastic proces¢n| in (3.1)has a Zransform

X(2), which can be expressedafunction ofe[ ], which has a ZransformE( 2) .

x(z):% (3.9
1+§ az"

From (3.4),E(2) can be modeled as the outputaopedictionfilter A (z) when driven by

X(2) . This process is summarized in Fig. 3.1.

X(Z) Ap(Z) | - E(Z)

Fig. 3.1:Linear prediction model

Ab(z) in Fig. 3.1is apredictionfilter of order p that can be expressed as
A(2)=1 44 az" (3.5
k=1

AR coefficients are computed faninimize the errad associated with prediction. The error
criterion that isminimized depends on the algorithm. This chapter will limit the development to
only that for Burg method, since that is the one that was U$esl choice wasnadeto minimize

a particularerrorcriterionandalsoguaranteenodelstability, as will be shown in the next section

3.2. Burg Method

TheBurg method finds the AR coefficients bymmizing the sum of the forward and backward

prediction errors f [n] and b [n], in the leassquares sense over a time interval of lerigth

samplesin an ordetrecursive fashion
o
E=a (M i) (3.6
where f.[n] andb[n are expresseals
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il =94 +a,knit @xn2] -. +4alxn] (3.7
b[N=Xn-] e&kn il +apn i2]-...+ apgn (3.9
where eachy, is an autoregressive coefficient of a model of order

Forthe oderrecursive developmenn theBurg method f.[n] andb[n are rewritteras

fii=14d gb[n1 (39
bii=hind gfni (3.10

where g are the reflection coefficiensndi=1 , 2 p.&eflection coefficients are a different
representation othe AR coefficients. They carry the same information, but their values have

different distributionsWh en using Burgds method, the refl ec
the rang [-1,1].

By substituting (3.10) and (3.¢nto (36), (3.1 is obtained

L-1

A((f0n gpimy)) &bl my - gF my) (3.1

m=i

E.
by taking the derivative of (31} and setting it to 0, the maximum is found

5= 24 ((fum ghim 1) 2 ApimY -glml) 0 (312

and solving forg results in

L-1

28 (f,.[mlp J m- 1))

9=t1 - (3.13
a (flm?+h {ma)?)

m=i

which can be used to compute the valuegyof(3.13 is used recursively along with (3.)L4h

order to find the AR coefficients

a,=a,, 9,a, (3.19
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where a, is the vector of AR coefficients of ordprand a';‘_l is the timereversed vector of AR

coefficients of ordep-1. (3.19 can be written in matrix form as

'_\

e ge 1 [0} 29)

é ué u é

e g A | Faps

€a, Uea, U 6

e . ueé kg, ¢ (3.19
e : ué u @,

é ué u s

&p1 0 &@p1pa ém

é l:l 7 AY 7

e app u 8 0 H SI.

which is known as the LewsorrDurbin recursion48].
In short,the Burg algorithm can be summarizbgthe following steps:

0. Initialize the parameters
1Lt )
fln=bfd =kh, A(z)=1,andE, =La i
m=0
1. Atstagepi 1, the following information is available

fonl . b,,[r,andA (2

2. Computeg, using (3.B)

3. ComputeA (2) using (3.5)

4. Compute f [n] andb,[n]

5. Compute the error using, =(1 ) E,

6. Go to stag®

The LevinsorDurbin recursioncould also be executed backwards:quantities g,, E,,

f,[nl, b,[nl, and Ab(z) are known, the steps could be done in reverse tofingin] , b, [,

Ab_l(z), E,.. and g,,. However, trouble arises when afyy|=1 becauseE, , = .

1-g)

Fortunately,|g,r| =1 is unlikely to happen becaugg is a partial carelation coefficient.



There are other algorithms to find AR models, but they have disadvantagesitocorrelation

method minimizes only the forward prediction error and geds the end of x[n], which

introduces a bias thatcreases err@ on the one hand, but guarantees staptlty covariance
method has stability issues because the reflection coefficients areamstrained to {1, 1].
LevinsonDurbin recursion solves Yul®Valker equations without performing any kind of
minimizations Although the coefficients may not vary too much in practice, these are some of the

reasongheBurg algorithm is considered to be more robust than other methods.

Hence the Burg method produces 2 vectors that contagisamenformation: a veair of AR
coefficients, and a vector of reflection coefficients. Throughout this work, AR coefficients are
constantly used. &lection coefficients and Line Spectral Frequencies (LSF) were used for some
experiments in order to investigate which one of thesantities maximized the accuracy of

classification.

3.3. LSF

LSF are a different representation of AR coefficients, just like reflection coefficiesare

computed from the AR coefficients. This is done by expressﬂggz) as the sunof two

polynomials,P(z) and Q(z), both of ordep+1,

A(2)=1 4 a2* B(2+ (3 (3.17)

where P(z) and Q(z) can be expressed as
P(2=A(9 +Z*¥ A 2) (3.18
Q(2=A(2 -2°Y 4 2) (3.19
TheLSF are the phases of the roots of both polynomials, which are defined as
Wy = BWeps Wy, ey Woy (3.20

Wop = BWigs W -+s Wop (3.2)

and are interspersed.
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Wo Wz s W W(}p (3.22

2 2

e
L,= EWpr Woy»
e

3.4. Akaike InformationCriterion (AIC)

AlthoughAR coefficients and its different variations are said to model the behavior of a signal,
there is a parameter that has to be tuned: the order of the model. If the order of a model is too low,
it will not be able to model the datawas created withupderfi). On the other hand, if the order
is too high, it will accurately model the data it was created with, but it will not be able to generalize
to model data in future time instantsvérfit). Therefore, a reasonable order musthesen in
order to accurately model the existing data and predict data at future time instants with a reasonable

error.

A way to computegoodness of fibf a model is by usinghe Akaike Information Criterion
(AIC) [49]. There are other methods, bustdy that investigated order selection methods for EEG
signals deemed most, if not all, of the methods to be useless, but found AIC to be the only method

thattended to notinderestimate the order of the AR mof@l]. The AIC is computed as follows

AIC(p) = Lln(sz) 2p (3.23

wherelL is the bngth of the window used;? is the prediction error variance of the model, pnd
is the order of the model. Theorgen f a mo d el is taken to be that
of p that minimizesAIC. In order to choose ¢horder of a model, th&lC was computed on 100

intervals of 51 samples for AR models of orders 1 through 15. The AR coefficients, of orders 1

through 15, were computed on the 100 intervals to olstaifor every modefor every inerval.
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Fig. 3.2: AIC vs modelorder.

Figure 3.2shows the results of the experiment. The plot shows the norm&iz=siwhich
were obtained by averaging all 180Csfor every ordep. The graph shows thAiC is minimum
when theorder is 8 Note that7 would also be a good choice, but not as good as 8 or 9. Since AIC
is known to slightly overestimate the order of a md8g#], it was set to ,/instead of 8 or Sor
the rest of the thesis.

3.5. Channel Chice

To reduce the number of channels to be used for the analyses described herein, the aim was to
determine five channels that probably will provide good discrimination. Previous research
indicates thatesting state eyespen and eyeslosedtheta/beta pwer ratios (TBPR) tend to be
higher forA subjects than foNA subjectd35, 37] The prelimimry step of channel reduction is
therefore executed based on TBPR; however T8#dRe evaluated here during ANT activity for
all recorded channels, for all subjects, i.e. not during resting $aRRs were computed using

the FFT ovetheentire duratiorof the ANT task to compute the power spectral densities.
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_PsD(q)

t=TBPR(G s =——+

PSD(b)

(3.24

where ¢, indicates the TBPR of class c, subjectos,channel kForc =0, 1,s =0, 1 and

k = 0, .ck0iédicates 3 andt = 1indicates NA.The next step was computation of all

cross ratios, dafied as the ratio of TBRR over TBPRNA.

(3.29
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Fig. 3.3: Cross ratios for all channels
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Figure 3.3 reflects the distribution afossratios for each of the EEG channels, in the form of

boxplots. Theead lines inthe middle oboxes represent the meawsiile thetop andbottomsides

of the boxes represent the7and 2% percentiles respectivelywith the upper and lower

horizongl lines represeimtg the maximum and minimum values respectively. Gitwss ratios fall

between 0.9 and 1.1Blote that these are not centered about 1, i.e. higher for A than for NA, so

there is some truth t{85, 37] Based on this preliminary analysis stdpe thannelghosen to
proceed withare Fc2, Fcl, E5, Cp6, andC3. This choice does notenessarily mean that these
five channels produce the very best possible discrimination; after all, the performance of various
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methods is yet to be analyzed, and the results of such analysis may indicate that optimization of

the channel choice needs refirmmwhen targeting a specific application

Fc2, Fcl, E5, Cp6, andC3 are the 5 channels used for the experiments described in Chapters
4 through 7. Since the order of the AR models was set to 7, the AR(7) were extracted from each
of the 5 channels, forvery time interval/window of the ANT activity, and/or the activity under
study. This resulted in 3B (5x7) feature vectorsNote that there are 8 AR coefficients for an
AR(7), but the first coefficient is always normalized tadgardless of the data. @itefore, the

first parameter was not included in the feature vector.

3.6. Dataset

The data used in this study wasde availabléo us by our collaborator from the Psychology
Department at Virginia Tech, Dr. Martha Ann Bell. The dataset consisted of 8 subjacand 4
NA children between the ages of 6 and 8 yeatsvisited the research lab as part of an ongoing
longitudinal study focused on frontal lobe development from infancy through childhood.
Information regarding diagnosis of ADHD was obtained videmeal report. EEG was recorded
using a stretch cap (Elect@ap, Inc Eaton, OH: E&eries cap) in the extended 10/20 system

pattern. Recordings were made from 26 electrodes located equidistant across the scalp.

Electrode impedances were kept under 20k ohfimne electrical activity from each lead was
amplified using separate bioamps (James Long Company, Caroga Lake, NY). During data
collection, the higkpass filter was a single pole RC filter with a 0.1 Hzaffi{3 dB or halfpower
point) and 6 dB/octaveoll-off. The lowpass filter was a twpole Butterworth type with a 160
Hz cutoff (3 dB or halfpower point) and 12 dB/octave ralff. The EEG signal was digitized at
512 samples per second for each channel so that data were not affected by aliesioguiBition
software was Snapsh8&nhapstream (HEM Data Corp, Southfield MI). Prior to the recording of
each subject, a 10 Hz, 50/ peakto-peak sine wave was input through each amplifier and
digitized for 30 sec. This signal was analyzed and the negylbwer values used to calibrate the
EEGs.

After the EEG electrodes were applied, children participated in eyes open, eyes closed, and
quietVIDEO baseline events to collect resting EEG data. Then the children completed a battery

of cognitive tasks desmgpd to assess various aspects of attefidhusing the child versiofb3]
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of the Attention Network Task (ANT) and various aspects of cognition associated with executive
functions (e.g., number Stroop, Dimensional Change SartTask, Digit Span Task). Data from

the ANT were used in the analyses that are the focus of this report.

The ANT was desi gned-basal at@ergignenstwork®oaschyeeldsd s b r a
measures of conflict, alerting, and orienting. The tegtiires the child to respond to a central
target (a yellow fish on a light blue background) displayed on a computer screen and indicate
whether the fish is facing left or right. The child is instructed to look at the fixation point, above
or below which thearget will appear. The target may appear with or without flankers (other fish),
which may or may not be congruent with respect to direction they are facing. Reaction time
responses to the alert cues, spatial cues, and flankers are manipulated togoragsEssment of
the efficiency of each of the attention networks. The ANT is divided into 3 blocks of ~5 minutes
each, with a brief rest period between blocks. The EEG during the first dnhakckecond block

wereused in these analyses.

After the researchisit, EEG data were analyzed using EEG Analysis software developed by
the James Long Company. Data wereraferenced via software to an average reference
configuration and then analyzed with a discrete Fourier transform (DFT) using a Hanning window
of 1 second width and 50% overlap. Power values were computed at each electrode site for theta

(4-7 Hz) and beta (230 Hz) frequency bands. Power was expressed as mean square microvolts.
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4. KNN CLASSIFICATION

In this chapter, we present our first approfetihe dassification of A and NA subjectilsing
the features and channel selection method described in the previous chapters along with the K
nearest NeighbdKNN) algorithm, in this chapteis explored how separable the A and NA classes
are in the feate domainsused Further,in this chapter a confidence levisl proposed. Said
confidence levespeakdo how much confidencéhere is inthe decision that subject belongs to

one class or the other

The performance of the KNN algorithia explored wherusing AR coefficients, reflection
coefficients, and line spectral frequencassfeature$or the classificatiorof A and NA subjects
Since there is no processing, dimensionality reduction, or space warping associated with KNN, the
performance of KNN modslis a indicatorof how separable the NA and A classes aethe
best of our knowledge, we are the first to evaluatefémily of featuredor the classification of
A and NA subjects.

In this chapterthe objective isnot only to obtain highaccuracy but alsoto obtain high
confidence of classificatiorThis is an important factor to keep in mind because a decision that
comes with 100% confidence is a confident decislbthe decision is right, it means that the
subject clearly is part of that clgsbut if the decision is wrong, it should be investigated why the
subject is so strongly classified as being part of the wrong @asthe other han@ decision that
comes witmear50% confidence is nothing more than a guess, regardless of whetbecisien

is right or wrong.

4.1. K-nearest Neighbor Algorithm

The K-nearest Neighbor algorithm, also known as KNié\a machine learning algorithm that
can be used for classification and regression. Unlike other machine learning algorithms, the
process ofraininga KNN model consists of storing the data used in training, which makes it one
of the simplest machine learning algorithfs4].

For classificationa KNN algorithmfinds the K training vectors that are closest in distance to

a test vectorx. Although Euclidean distance is usually used, afthyer distance metriq(i.e.
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Hamming distancedr userdefined function can based to compute the distance between two

vectors. Once the K closest training vectors have been found, thadaimied ta is that ofthe

most frequent label of the K nearewighbors.Figure 4.1 provides aillustration of how the

algorithm works

KNN Example
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Fig. 4.1: Example of a 2D,-2lass classification using KNiit K setto 9.

Figure 4.1 presents a 2D,chass classification problem using KNN. In the examifthe label

of a test vectgrdenoted by, is unknownSince the value of K was set to 9, the 9 training vectors

that are closest t8 are found(circledin the figure) Notethat5 of the training vectors belong to

Class 1 and of the training vectorbelong to Class 2. Thereforg,is assigned thaalb e |

10 .

4.2. Confidencan KNN

i Cl

ass

Since KNN classification is based on vote counts over the total number of votes, a confidence

level can be obtained tefled the level of confidenceith which a decisionvas madeFor the

example of Fig. 4.1, there are two confidence values:
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_ #Clasdl votes

K
C|as§conf = #CI%M: (42)

Confidence levels are bounded to the range [0,1], with 1 being highest confidence and O
meaning no confidence. Forhe exampl e of Fig. 4.1, 1bhwitéast
a confidence of 5/9. Since this value is between 0.4 and 0.6, it can be considegeclose to

guessing.
4.3. Choosing the ¥lue ofK

K is the only parameter that can be explored inrai@eptimize performance. The valaEK
that maximizes performance always depends on the data. Therefore, a line search from 1 to,
typically, half of the size of the training datageperformed. In other words, KNN models have
to be made and then testlor K plgfof8 A'Y where"Ycan be 50% of the number of training

vectors or a lower numbéeFhen,K is set to the value that maximizes performdeg.

The value of K is also chosen to make the algorithm robust to ties. For example;dlage/o
classification problems, it is recommended that Kib@@d number. In short, it is recommended
that for aC-class problem, K is set so thais not divisible by K. IfC is inevitably a multiple of

K, then heuristics anesedto resolve ties.

4.4. Disadvantages of KNN

There are two known disadvantages associatigldl KNN. First, just like with any other
machine learning model, the performance of a KNN model is highly dependent on the training
dataset. However, sine® processing is done on the training dataset to create a KNN model, the
measured performance oftimodel will depend on how separable the training daisseidon
how similar the testing dataset is to the training dataset. Other machine learning algorithms, on the

other hand, involve processing, which is done to the benefit or the detriment addbe m

The other disadvantage of KNN is the curse of dimensionality, which affects classification
algorithms that are highly dependent on distance metrics. If the number of dimensions is too high
and/or theN scalarvalues of the NDimensional training veots are large, the distance between
two vectors may become very lar@@proach infinity) even for neighboring elementshich

29



causes misclassification. Fortunately, the curse of dimensionality can be addressed by reducing
thenumber oflimensions and/arormalizing the data so that the distances do not approach infinity
[55].

4. 5. Performance Evaluation

Performance is defined in terms of accuracy of classification, which is defined as the number
of true positives (TP) plus the number of true negaf(Vé§ over the total number of tests.

TP+ TN
Accuracy=
#tests

4.3

4.6. KNN Experiments

In this sectionthe experiments are covered that were performed with KNN models. Starting
with parameter selection, next the experiments are discussed when 2 gtleatsi 1 NA) were
used for training and 2 others were used for testing (1 A and 1 NA).

4.6.1. Window Size and Choice of K

The peliminary experiments were based on 4 subjects (all are identified by a numerical value
together with the given label): 18316NA, 1839 18586NA, and 18606NA. For the selected
channels, during the ANT, the distribution of estimated AR orders based on 20 random sets of 0.1
sec of data (51 samples) peaked aB,7and 9 To compensate for the tendency of AIC to
overestimate the order offAmodels, the ordarsed in this studis set to 7 The 4 subjects were
variously paired for training as follows: AB (18396A,18316NA), AD: (18606A,18316NA), CB:
(18396A,18586NA), and CD: (18606A,18586NA); for each of these cases, the 2 subjects not part

of the pairing for training were used for testing

To have an idea of the effect of observation window length on classification performance,
AR(7) coefficients were computed from windows of 0.05, 0.1, 0.2, 0.5, 1, aseddhds long
Given 5 channels werelseted, the feature vectors that are being used consist of the concatenation

of 5 sets of 7 AR coefficients, i.e. Ebvectors.

By using two subjects for training (one A and one NA) and the other two for testing, KNN

classifiers were built. For trainingP0 random observation intervals were used,; for testing, using
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an overlap of 50%, all windows possible over the ANT interval were used (from -248 2

windows to 9776 0.08ec windows)This process wasxecuted or K = ,9, 3, 5,
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Fig. 42: Accuracy for different window sizes and values of K.

Figure 42 summarizes the optimization proces®cutedo determinghe window size and K
to use The accuracy values displayed in Fi@. #flect the mean accuracy of the 4 pairs of subject
(AB, AD, CB, and CD)for hundreds of test vectorBrom the graphi is clear that windows of
0.5s or less should not be used, since the accuracy is beédodany value of K. Windows of
2 s, seem to achieve higher accuracy than any ahibterwindow lengths. For windows &s,
there areseveralocal maximaat K =5 and K =99, but the global maximum is at K = 51. Thus,

K was set to 51 and the window size to 2 s.

Since the value of Kor KNN classifiers always changes depending on the dadatlas
application, the effect of window length is explored in more detail. Figures 4.2 through 4.4
examine how accuracy, true positive rate (TPR), true negative rate (ANiRgonfidence levels

(A, and NA_, ) change as window length changes.
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Fig. 43: Classification accuracy for 4 pairings as window size changes.

Figure 43 shows the results that were aggregated to obtain the dark blueafufige 42
(K=51, 2second windows)As seen mviously, accuracy increases as window length increases.
For windows of 2sec duration, classification accuracy varies from 85% to 95%, depending on
which pairings were used for training and testing. From a classification point of view, these results
imply that the two classeé (andNA) are separable in the feature domain selected. For windows
of 1 s, accuracy varies from 82% to 92%, which is not that far off from its 2 s counterpart. For
windows of 0.5 s, accuracy varies from 82% to 91%, which is almpsil ¢o the 1 s case.
However, for windows below 0.2 s, accuracy is below 80% even for the best case scenario.
Interestingly enough, accuracy increases sharply in going from 50 msec to 100 msec; the latter is
perhaps indicative of the size of tifrequeng atoms for EEG56].
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Fig. 44: TPR(left) and TNR (ight) for 4 pairings as window size charisge

Since accuracy is computed as a function of TRRectors classified correctlgnd TNR(NA
vectors classified correctly)hese will be examined in more detail in the left and right graphs of
Fig. 44 respectively. As suggested by Figd ATPR and TR tend to increase as window length
increases. For pairings CB and CD, the TNR display pronouncddwp-up behavior as window
length increases. Unlike these two cases, the TNRs obtained from pairs AD and AB seem to
increase more monotonically with winddength, and reach TNR of 1 and 0.99 respectively.
Interestingly enough, the TPR obtained from CB and CD continuously increase. The TPR obtained
from AB reaches almost M&t 0.5 sand stays at that valuthe TPR obtained from AD reaches
0.78 at 0.2 s, Ut then behaves erratically.

Figure 44 reveals that there may be some biasing. For @NRseg¢the highest value is 1, for
pair AD, and the lowest TNR is 0.87, for pair CB. Note that there is another large TNR, of 0.99,
for pair AB. For TPR, the largestlue is 0.99, for pair CB, which happens to correspond to the
lowest TNR. Likewise, the lowest TPR of 0.70 is achieved by pair AD, which achieved the highest

TNR. Hence, pair AD seems to be biased to classify test vectors as NA and pairs CB and CD are
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biased towards classifying test vectors as A. Lastly, pair AB is slightly biased to classify subjects

as NA.

The left graph of Fig. 4.5 shows ho®y, . changes with window length and the right graph of

Fig. 4.5 shows howNA,,; changes with window length. Theayis label refers to-14, .
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Fig. 45: A Confidence (left) and NA Confidence (righglels for 4 pairings as window size
changes.

The pattern observed in Fig4 is also seen in Fig.%.Values ofNA,, that are close to zero
represent high confidence as classification in A, and valuBg\gf; that are close to one represent
high confidence in classification as NA. NotathA, , for pairs CB and CD decreaswith

window length, as expected, and they reach 0.05 and 0.10 respectively for windows of 2 s. These

A, levels are the lowest in the left graph, which indicates high cemdiel when these pairs are
used in training. Nevertheless, 14, levels for CB increase as window length increases until

they reach 0.84, and those of CD behave somewhat erratically, but reach 0.85. This makes CB and
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CD the pairs wh the lowestNA,_, levels. The opposite is observed for pair AD, whise
reaches 0.35 for windows of 2 s, the largest in the left graph, bhits, levels of 0.98 are the
largest in theight graph. Pair AB seems to have good performance for both cases, Hé jts

is slightly better than its\.,, .

In each of Figs. #.through 4.2 the window durations used were 2 sec and K was set to 51.
The figure titles on top indicate the sources of the training data, and the legends indicate the sources

of the testing data. The Confidenceaxis label refers toNA, ., (so that mostly corredNA

decisions concentrate the histogram orritiet, and v.v.). Note that classification confidence less
than 0.5 implies a classification error for the associated test vector when classifying NA subjects.
On the other hand, confidence levels greater than 0.5 are considered classification errors when
classifying A subjects. Generally, when the fraction of votes is between 0.4 and 0.6, the confidence

is equivalent to guessing.
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Fig. 46: Confidence histograms from training pairir{@stitle) for test cases (in legend box)
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Figure 46 shows the confidence histograms when usisg@windows in order to classify A
subjects (yellow) and NA subjects (blue) based on the same training pairings used for Figs. 4.1
through 45. These histograms serve to explore in greater detail the meainifg. 45. In each
histogram, 240 to 260 test vectors were used. For most test vectors, the confidence of the subject
belonging to theNA class is over 0.8n the top right and top left graphs, which correspond to

pairs AB and AD respectively, a largencentration ofNA, . levels is close to 1. In fact, for the

top right histogram, 250 test vectors were classified as NA with confidence over 0.9. The lowest

NA., level for this pair was 0.7Zor the bottom lefand bottom right graphsS\A,, ., is lower.

There is a smafportionof values that are between 0.6 and @Hich indicate guesses, and there

is an even smaller portion of values below 0.4, wettderthe meanNA,,, to 93.2%.

Similarly, when testing vectors from tldeclass most of the decisions are made with 8086
confidence. However, the top right histogram shows more guesses than any of the others and more

misclassification errors when testing witsubjectsFor the top right histogram, the over

onf

values for subject 18396Ayere 83x4. Still, averaging theA,,, valuesover all test casg95.3%,
95.1%, and 92.5% for pairings AB, CB, and CD respectiwbiiis91.9% for Asubjects

4.6.2. Additional Test Subjects

After an additional set of subjects became available, the classification approach was repeated:
Training with a pair of subjects and testing with a different @de numbepf training subjects
was kept to2 to test whether or not KNN, witthe chosermparameters, would generalize and

correctly classify new test subjects.
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Fig. 47: Confidence histograms for original training pairing$en testing with 18776A and
18716NA

In Fig. 47, using the same training pairings as in Section 4.6.1, the additional subject 18716NA
is classified correctly for all test windows, and with a very high level of averaged confidence
(99.6%), whereas additional subject 18776A is correctly classifiedree but of the four training
cases shown. It is worth noting that 18776A is highly misclassified when subjects 18606A and
18316NA are used in training, and Section 4.6.1 revealed that this combination is biased towards
classifying test vectors as NA. Eveo, the average or overall decisidor 18776A,is for

belonging to the A class with 92.6% confidence.
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Fig. 48: Confidence histograms for original training pairings, when testing with 32436A and
32386NA

Figure 48 showsintriguing results. Subject 32436A was classified correctly for most of its test
vectors and for all the original training pairings, with an averaged confidence of 38odééver,
subject 32386NA is misclassified from almost all test windows, and thedeoot in these
classifications is a very high 91.4%. The latter result could be due to several reasons. One might
be that this subject was the least calm of all NA subjects. Another reason might be that the subject
was not performing the activity as instted. Finally, there is the possibility that the subject was
mislabeled. In any case, from a classification perspective, Bighdws that subject 32386NA is
much more similar to A subjects than to NA subjects. Moreover, the confidence levels réflected
Fig. 48 show that subject 32386NA is very distant frima NA trainingsubjects.

To try to diagnose what might be off with subject 32386NA, it was used for traBirgect
32386NAwas paired witheach of the 4 original A subjecter training, and fo testing, the
remaining subjects were used (3 A and 3 NlAgble 1.1 summarizes which subjects were used for

training and which ones were used for testing for each case.
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Table 1.1:Combinations of training and testing subjects when 32386NA is useaifang.

Training

Testing

18396A and 32386NA

18316NA, 18586NA, 18716NA, 18606A, 18776A, 324364

18606A and 32386NA

18316NA, 18586NA, 18716NA, 18396A, 18776A, 324364

18776A and 32386NA

18316NA, 18586NA, 18716NA, 18396A, 18606A, 324364

32436A and 32386NA

18316NA, 18586NA, 18716NA, 18396A, 18606A, 187764

For these experiments, approximately 500 vectors were used for training and 1500 for testing.

Since 32386NA could not be correctly classified, we anticipate that classification will be poor if

this subjects used for training
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Fig. 49: Confidence histograms for pairings involving subject 32386NA.

Figure 49 summarizes what occurs when subject 32386NA is used for training along with an

A subject. All four graphs support our hypotisethat subject 32386NA carries the wrong label.

For the top right and top left graphs, classification was highly biased towards the NA class; most
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of the test vectors from the A subjects were classified as NA. For the top left §faph,seems

to be slightly Gaussian, with certainties going from almost 0 to almost 1. The top left graph shows

high NA_,;, which is desired, and high,,; confidence, which is not desired.

The bottom graphs ofif. 49 also show poor performance. For the bottom left graph,

histogram values ofNA_,; are highly concentratdoklow0.3, meaning that NA subjects tend to
be mislabeled. For the same graph, the distributioA,gf values indicates that classification is

usually done correctly for A vectors, but there is a large number of guesses and low confidence in
the decision. Lastly, the bottom right graph shows randomness in the classification of A subjects,

but NA test vetors are correctly classified most of the time.

18396A and 32386NA 200 18606A and 32386NA
i I 18316NA | I 18586NA
60 [___118606A 150 [ 118396A
40 t 100
20 50 “
0 0 a An =0 n Ll
0 0.5 1 0 0.5 1
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18776A and 32386NA 32436A and 32386NA
150 ¢ 80
I 18716NA _ I 13586NA
100 [ 118606A 60 [ 118396A
40 t
50
20
0 0
0 0.5 1 0 0.5 1
Confidence Confidence

Fig. 410: Confidence histograms for pairings involving subject 32386NA and displaying two

test subjects only.

Figure 410 showsexamples ohow individual subjects are classified when 32386NA is used

in training. The top left graph shows pseu@aussian behavior for the classification of both
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subjects; the top right graph displays a highly biased classtiefottom left graph shows low
A, values and relatively highNA , values; finally, the bottom right graph shows pa¥y,,

and relatively highNA,; values.Overall, the average confidence level for these cai$9$%

for A subjects an®2.31% for NA subjectsThese results are only slightly above guessing.

Since classification seexdto be poor whetraining with32386NAand an A subjecit was
used for training along with another NA subjaeit In other words, the label of 32386NA was
flipped (designated 3238 to test what effect that would have on training and classificdtan.
these experiments, training was done by pai@g86awith each of the 3 NA subjects whose
labels do not seem questionable, and tested with the remaining subjects (4 A and BhRA).

combinations are shown Table 1.2.

Table 1.2: Combinations of training and testing subjects when subject 32386NA is used for

training,

Training Testing

32386a and 18316NA | 18586NA, 18716NA, 18396A, 18606A, 18776A, 3243¢

32386a and 18586NA | 18316NA,18716NA, 18396A, 18606A, 18776A, 32436

32386a and 18716NA | 18316NA, 18586NA, 18396A, 18606A, 18776A, 3243¢

Just as for Figs. @.and 410, approximately 500 vectors were used for training and

approximately 1500 were used for testing.
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Fig. 4.11: Confidence histograms foripags involving subject 32386NA and all other NA

subjects

Figure 4.1 summarizes what occurs when subject 32386a is used for training along with an

NA subject. In all the graphs, it is difficult to see tNé, ., values because the number of A test

vectors almost doubles that of the NA test vectors. As can be seen, classification of A gubjects
done with very high confidence. Some A vectors were misclassified or correctly classified with
low confidence, but the proportion is negligible compared to the high confidence decisions. As far

as NA,,; goes, the top right graph shows a large concentratidh’gf, levels close to 1. The top
left histogram sbws that classification is relatively poor, and for the bottom left griyA,,,

levels tend to be over 0.7.
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Fig. 4.12: Confidence histograms for pairings involving subject 32386NA.

Figure 4.2 shows some examgs of how individual subjects are classified when 32386a is

used in training. The graphs repeat the pattern shown in Ri@. High confidencglow A,
value9 across all graphsNA,, levels are mostly concenteal close to 1 for most test vectors
across all graphs, except for the bottom left graph. There is a relatively high proportéy, of

values under 0.5, but these do not outweigh the performance obtained from the other tests. Overall,
the average confidence level for these cases is 94.58% for A subjects and 92.87% for NA subjects.
Flipping the label assigned to 32386NA, correct results were obtained, making it likely that subject

32386NA had been mislabeled early in the process.

Sinceflipping the label of 32386NA from NA to A yielded the best results, it will be used in
the subsequent experiments as an A subject. Therefore, there will be 3 NA subjects and 5 A

subjects.
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4.6.3. Increasing the Training Dataset

In this section the investigatiorf the effect of increasing the size of the training dataset
from 2 (1 A and 1 NA) subjects to 4 (2 A and 2 NA) is reported. For testing, 3 A subjects and
1 NA subject will be used. As a consequence, the number of training vectors used for training
will be approximately 1000, and the number of vectors used for testing will be approximately
1000 as well. For these experiments, the number of possible combinations of 2 A subjects and
2 NA subjects for training is 30. Our hypothesis is that the effect of osithdkbe suppressed
as more data is added, which is expected to result in either an increase in performance or no

changes.

Figure 4.13 shows the distribution of accuracy values obtained when trartmg A and
2 NA and testing with 3 A and 1 NA. The mfidence values (bottom) were obtained by

averagindd,,;, convertingl- A, to NA, . prior to averaging, antNA, .

Distribution of Accuracy Values

4 T T
3 -
2 -
| 1
0 1
0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
Accuracy
Distribution of Confidence Levels
6 T T T T T T
4 + 4
2 - -
O 1 1
0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

Confidence

Fig. 4.13: Accuracy values (tomnd confidence level®ottom) obtained from all 30
combinations of 2 NA subjects and 2 A subjects for training
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Figure 4.8 shows that increasing the number of subjects used in trdiam@ strange effect

onperformance. In the previous section, aacyrvaried from 85% to 95%, and so dahfidence

However, the top and bottom graphs in Fig.34show distributions between 75% and 100%,

which may suggest that performance in the worst case deteriorated. Further, the mean

accuracy for all 30 cases is.83% and the mean confidence is 88.14%, whereas the mean

accuracy was 91% when 2 subjects are used for training and the mean confidence was 90.48%.

Since what was obtained is the opposite of what was expected, the meaning of these results

will be examinedmore carefully. The TPR, TNRNA, ., and A, will be explored in more

detail to understand why performance did not improve after adding more data to the training

dataset.

Distribution of TNRs
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0.75

0.8 0.85 0.9 0.95 1
TNR

Distribution of NA
conf
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0.8 0.85 0.9 0.95 1
Confidence

Fig. 4.14: Distribution of TNRs (top) andNA,,; (bottom) obtained from all 30 combinations of

2 NA subjects and 2 A subjects for training.

The results shown in Fig. 44Are more in line with our expectations. The distribution of TNRs
(top graph) showghat most of the TNR are over 0.9. In fact, the mean TNR is 0.9231, and the
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worst 0.8008. TheNA, , levels display a similar behavior: Most of theA,
accumulated over 0.9, with a mean of 0.9031 awdrat case of 0.7988.
6 Distribution of TPRs
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2 -
0 1
0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
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Distribution of A
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4+ i
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0 I 1 1
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45
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Fig. 4.15: Distribution of TPRs (top) and,

(bottom) obtained from all 30 combi

onf

NA subjects and 2 A subjects for training.

levels are

nations of 2

The results shown in Fig. £Inay provide an exphation for why performance seems to

have deteriorated. The distribution of TPR (top graph) shows that half of the TPRs are over
0.9, but the other half is scattered between 0.668 and 0.9. The mean TPR is 0.8877 and the

worst is 0.668. A similar pattern cdbe observed for thé, , levels (bottom). TheA,, , levels

tend to be under 0.15, and the average and worst levels are 0.1227 (87.73%) and 0.2961 (79.31%)

respectively.

The TPR andA,, levels decrease the performance of the classifier not only because they are

smaller than the TNR anlA,, levels, but also because the classes are skewed. Since testing is

done for3 A subjecs and1 NA subject, TPRs have a higher weightperformance than TNRs.
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For instance, the case where TPR is lowest (0.668) happens to be one of the cases where TNR was

high (0.9872). For this case, the overall accuracy was 74.78% because it was computed as

((0.668*3)+ 0.9872 /- If the classes haubt been skewed, the mean accuracy would have been

computed ag0.668+ 0.9872 /., which equals 82.76%. This value is stiélow 85%, but itis

closerto 85%

The random variations on the performance of the KNN models trained with 4 subjeets wer
investigated. The first 0.5 seconds of the ANT activity were removed from the dataset to induce a
0.5-second delay on ¢éhtimeseries data, and training and testing were performed as explained at
the beginning of Section 4.6.3. Histograms are not shagause the differences are difficult to
tell. The standard deviation of the overall accuracy values for the dataset that has a delay is 0.0580,
and the standard deviation for the original experiments (which were used to generate Figs. 4.13
4.15) is 0.0580Further, the mean overall accuracy values over all 30 combinations are 0.896 and
0.902 for the original and delayed versions. Therefore, random variations have a minuscule effect

on performance.

In conclusion, contrary to expectations, increasing theddittee training dataset does not have
a tremendous impact on performance. The initial results even suggested a decrease in performance,
but the TPR and TNR showed that the results were partially due to the fact that class sizes became
unbalanced after sjdrt 32386NA was turned into 3238@slso, the models appear to be robust

to random variations.

4.6.4. Reflection Coefficients and Line Spectral Frequencies

In this section we report on the investigation of how classification performance varies when
reflection cefficients RC) or line spectral frequenciek$F) are used as features, instead of
AR coefficients. The results obtained so far indicate that AR coefficients concatenated in
feature vectors create a high dimensional space where classification is dondigtith
accuracy and confidence. Sinlc8F andRC contain the same information as contained in AR
coefficients, we explore whether or not KNN classification udRt@and LSF can be done

with the same, better, or worse level of accuracy and confidence agRitoefficients.

For these experiments, training and testing are performed as in Section 4.6.2: 2 A and 2
NA subjects for training and 3 A and 1 NA for testing. K was set to 51 and window length to
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2 seconds. Just as in the previous sections, the agcuw@didence level, TPR, and TNR will

be explored.
o Distribution of Accuracy Values
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Fig. 4.15: Accuracy values (top) and confidence levels (bottom) when using RC (blue), AR

(green), and LSF (yellow) as features

As seen in Fig. 4.15, classification performanchighest when AR coefficients are used as
features. The averaged accuracies (top) reveal that for the 3 kinds of features, the results are
concentrated above 0.7, but the worst case for RC and LSF are 0.54 and 0.47 respectively, whereas
the worst case for R is 0.75. For these 3 cases, the mean accuracy values are 0.89 for AR, 0.83
for RC, and 0.82 for LSF.

The observations made for the accuracy values transcend to the confidence levels. Confidence
is highest when AR coefficients are used as features, thie@verage confidence level is 88.14%
and the worst is 76.50%. On the other hand, the mean confidence levels when RC and LSF are
used as features are 82.72% and 81.28% respectively, and therandidgnce levelare 59.16%
and 51.13% respectively.
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Fig. 4.16:TPRs(top) and A, levels (bottom) when using RC (blue), AR (green), and LSF

(yellow) as features

The answer as to why RC and LSF were outperformed by AR may lie in Fig. 4.16. The TPRs
(top) for the 3 kinds of features amncentrateadbove0.65, but the worst cases are between 0.43
and 0.38 for RC, and between 0.30 and 0.36 for LSF, whereas the worst case for AR is 0.668. The
mean TPRs are 0.7958, 0.7992, and 0.8877 for LSF, RC, and AR respectivelgvill@nce
shows that KNN classifiers using RC or Li@&aturesare more likely to misclassify A subjects.

The A, levels (bottom) agree with our recent observations. The nfggnin the bottom

graph are 0.122487.76%), 0.1973 (80.27%), and 0.2088 (79.12%) for AR, RC, and LSF
respectively. The worst cases for KNN classifiers using these features are 0.6278 (37.22%), 0.5396
(46.04%), and 0.2951 (70.49%) for LSF, RC, and AR respectively.
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Fig.4.17: TNRs (top) andNA,,, levels (bottom) when using RC (blue), AR (green), and LSF

(yellow) as features

Lastly, Fig. 4.17 provides further insights into the performance of KNN classifiers using
these features. The TNRs (top) obtainehen using LSF as features (yellow) are either
concentrated above 0.95 or below 0.85, with a worst case of 0.7782, the lowest TNR in the
graph, and a mean of 0.9203. Interestingly enough, the TNRs obtained when using RC are
higher than those obtained whasing AR. The worst case for RC is 0.8200 and that of AR
is 0.8008; the mean TNR for RC is 0.9369 and that of AR is 0.9231.

The NA, levels repeat the pattern observed previously: Highest confidence is achieved by
RC (mean = 90.14%worst = 80.59%), followed by AR (mean = 89.36%, worst = 79.80%), and

LSF (mean = 87.84%, worst = 79.54%).

These experiments suggest that the feature spaces created by AR feature vectors work
better with KNN classifiers for the classification problem and than those created by RC
or LSF. It seems that classification performance of a KNN classifier using AR as features is
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better thanthat of a KNN classifier using LSF in terms of accuracy, TPR, TNR, and
confidence. The same can be said about KiNYig AR features versus using RC features.

Although NA_,; and TNR improved for KNN classifiers using RC, this improvement was at the

expense ofA, , and TPRs, which makes AR coefficiebistter tharRC for the problem atand.

onf

These results are both surprising and unsurprising at the same time. They are surprising because
even though ARRC, andLSF coefficientscarry the same information, the accuracy found when
using AR coefficients as features outperformed that foumelhwisingRC andLSF. On the other
hand, for KNN, the representation of the data &a&sge impact on performanc8ince AR(7),

RC, and LSF have different representations, it is understandable that performance varies

somewhat

To summarize, in this chaptehe KNN algorithm was presented and used for the classification
of A and NA. Aftercarefulsdection of the valuef K and trat of thewindow length experiments
were conducted to evaluate the performana@KNN algorithm in conjunction with AR(73s
featuresto classify A and NA test vectors. A confidence metric was introduced and was used to
guestion the validity of the labels of one the subjects. The subject was originally labeled as NA,
but the confidence histograms determined that the subjectisant from the NA class. As a
result, the label of the subject was switched to A, and that label will be used throughout the rest of
this thesis. High accuracy (8595% for 2 subjects, and 75100% for 4 subjects) was observed
along with high certaity (over 90% for 2 subjects, 80100% for 4 subjecjswhich shows that
the A and NA classes are separable for the feature dammeated by the AR coefficients, even

without any processing.
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5. UNIVERSAL BACKGROUND MODEL

As reported in the previous chapt KNN classification performance was encouraging,
even though no processing was done on the feature vectors to maximize performance. As
mentioned in the previous chapter, KNN is an indicator of how separable the classes are in
the particular feature donmathat was explored. Moreover, we argue that the performance
values obtained in the previous chapter can be seen as a lower bound. Therefore, in this
chapter the use of a machine learning algorithm is explored, in which statistics are used to

maximize theseparation between the two classes in order to further maximize performance.

In this chapterGaussiarMixture-Modelbased (GMM) universal background models (UBM)
are explored for the classification of A and NA subjects. UBMs have been used in therpast f
speaker verification and identification, and have achieved high levels of accuracy under different
noise conditiond57, 58] Moreover, GMMs and UBMs have recently been studied for the
detection and classification of EEG pattel4isg, 59]

The hypothesis addressed here is that a UBM can potentially address the shortcomings of other
classification schemes. Over the last 30 years, the A/NA classification problem has been tackled
by extracting features from EEG data when the stbjace resting with their eyes closed or
performing some activity. However, when test subjects do not perform the activity they are
instructed to perform, classification accuracy is more likely to suffer (perhaps even to the point of
resembling guessingyherefore, a UBM trained using a large number of feature vectors, extracted

from several activities, may make classification more robust.

5.1. Gaussian Mixture Models

A Gaussian Mixture Model (GMM) is a model for a probability density function (pdf) expressed
as a weighted sum of Gaussian probability density functions. The main reason for using GMMs
for classification problems is that Gaussian distributions can approximate any arbitrgg@]pdf
The pdf of a GMM_ is expressed as

M

p(vi/)=a w,g.(vIe .. B) (5.0

m=1
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whereV is anN-dimensonal feature vectory,, are the weights, ang,, the individualN-variate

Gaussian pdf, which have the following form:

1

On(Vie,, E”):W

expée—;( ve ) B(v e-) (5.2
¢

wheree _ is anN-dimensional calmn vector of feature element means &)dis the covariance
matrix of the feature element vector

5.2. Expectation Maximization Algorithm

To train the GMMs, i.e. finding the model parameters, the expectation maximization (EM)

algorithm was used. In the expectatistep (Estep) of the EM algorithm, the a posteriori

probabilitiesy, . . of a feature vectos, belonging to the Gaussian mixture modelalso known

as class membership weightse computederativelyover variablé in this fashion:

W, (3 My in B i)

yt,c,k = I:)(Wc,k | St’/ qi) _M (53)
a. Wc,mgm(3t |rn:,m,i’Ec,m,i)
m=1
wherei =1,2,-- | ,c=1,2,--,C, m=12.-- ,M,andt=1,2,.-- T, wherel is the total number of

iterations,C is the total number of classéd,is the total number of mixture components, ans

the total number of feature vectors.

In the maximization step (Mtep), the weights, means, and covariance matrices that

parameterize the Gaussian mixture modelare computed as follows:

1.0
Wc,k,i+l = ?aync,k (5-4)
t=1
S
ayt,c,k3t
=2 5.
nl,k,H—l TV\{:’k’H_l ( 5)

T
ayt,c,k(3t- mc,k,m)( B - mk,iﬂ)T
Ec,k,i+1 == TW (56)

c,k,i+1
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With every iteration the likelihood for which the parameters are computed increases, so that a
maximum in the likelihooaccurs at the last iteration; however, that maximum may have reached

a plateau at an earlier iteration. In other words,

1(3,17.)21( 8 £) (5.7)

Figure 5.1 illustrates how EM iterations occur when creating 2 models to characterize randomly
generted dataTherandomly generated data are 2 Gaussians, one with 0.75 variance and mean
eqgual to Jon both dimensionsnd the other with 0.5 variance and meafi@h both dimensions
The left graph shows the initial EM iterations, where every ellipsoelery cluster represents an
iteration. Model O appears to show only 2 ellipsoids because semazdaythe 2 that are
separately visible. For Model 1, most of the iteraticemultsare quite visible and distinct from
one another. The right graph shaws final iteratiorresults, i.ethe model that was obtained after

10 iterations.
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Fig. 5.1: EM iterations (left) and final EM iteration (right)
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In this study, EM was executed for a maximum of 15 iterations. This number represafets a s
choice. For speech data, when the parameters are initialized randomly, the number of iterations
needed tends to be over [BD], whereas the number of iterations needeéss tharil0 when

usingK-meansclustering for initialization as is used here.

Figure 5.2 shows an example of how EM with random initialization compares to EMKusing
meansclustering for initialization. The advantage of uskigneanss quite visible: The starting
point is different in both plots, and the one whémeansclustering is used for initialization is
closer to the convergence value than that from randdralization. Tre results in the left graph

reflectfasterconvergnceto the final value thathosein the right graph.

Convergence of EM Using K means Convergence of EM Using Random Initialization
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Fig. 5.2 Convergence of EM algorithm with random initializati¢eeft) and convergence using
K-mean<lusteringfor initialization (right).

5.3. K-means Clusteringlgorithm

The objective oK-mean<clustering is to findN centroids to partition a datasethat contains

T vectorsx , wheret =1,2,...T , into X, X,,..., X clusters with centroids, , ,¢ so that

' N
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the cumulative distancé betweenthe centroids and the vectors that lie within dhestersis

minimized.J can be expressed as

3=a Aale. - o (5.8

n=1x, IX,

The algorithm is initialized yprandomly choosingj vectors from the dataset and setting them

to the initial centroidss, , ,& , . At every iteration, the algorithm begins with some initial
estimates (random estimates for the first iteration), and assigns to eveegy Elushe vectors that

are closest to the centrogd, .

X, :{xt:\smi ;4\2 e & tﬂzx nI n tN2i¢t Ta p I\} (5.9

The next step is to restimate the centroids of the clusters, which is done as follows:

1 ..

n,i+l X
Xl Xpj

Where‘xn’i‘ is the cardinality of seX;, i =1,2,...] werei represents the current iteration dnd

n,i?

the maximum number of iterations. Ongg,,, has been computed, thexhéeration starts, with

€ ,i.. Deing the latest centroid estimates.

In this study, the total number of iterations used was 1000. Moreover, to mitigate the probability
of choosing clusters that are not very optimal, the entire prixesse 100 times, starting with

different random initializations.
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Randomly Generated Data Clu4ster Assignments and Centroids
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Fig. 53: Example ofK-meansclusteringalgorithm with data before clustering (left) and after
clustering (right)

Figure 53 shows an example of usikgmeansclustering for finding centroids. The number of
centroids to compute was arbitrarily set to 2. As seen, the algorithm ends up with 2 centroids that
may not be globally optimal, bwhouldbe locally optimal.Observe in the figure that all the
datapoints on thkeft of the equidistant line are clustered to Cluster 1 and all the datapoints on the

right of the equidistant line is clustered to cluster 2.

5.4. UBM Adaptation

Once the GMMs have been formed, a UBM can be created based on the GMMs. In order
to doso, each GMM_ that will be part of the UBM is adapted by performing the maximum a
posteriori (MAP) adaptation. This is done by, first, computingatpesteriorprobabilities of each

feature vector belonging to the UBM.
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c ’Ec
yt,c,k = P(Wc,kl‘?’t’/UBM) _MW’kgk(st |rn:k Yk) (51])

a Wc,mgm (3t | nl,m ’ Ec,m)
m=1

In our classification problen®, ¢. Therefore, there will be 2 GMMs, and_ :

and_ will be adapted to form

Sufficient statistics are then computed to obtain the weights, means, réanttgs of_
These parameters are the count, first, and second moment of the posterior probabilities found in
(5.12) through (5.14)

.
N = alyt,qk (5.1
=
.
ayt,c,kst
E.,(3)=F%—— (5.13
aycx
t=1
.
AV i3 8
Ec,k(3t b) =S (5.19
aV ek

t=1

Once tlke sufficient statistics have been computed, the weights, means, and variances are
adaptedIn theory, adaptation should improve performance by makingitkieires in the target
classtighter[61]. Adaptation is performeby using 6.15) through (5.1)7

Ny = g@ 1 ('1 a:_,k,w) W,k Jgt,c;k (5.19
e u
€.« =a.,.,E(3) -(1 a . ")8 ok (5.16
Gg,k = a'c,k,s Ec k(3t 3) _(1 aq ks)( ﬁ k+ czsi) i gc{ (510

where a_, . a,

<wm s are the adaptation coefficients for theeights, means, and variances

respectively They control the balance between the new andcokefficientsandarecomputed by

using the following formulags1]:
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where a,,, g,, gare the relevance factors of the weights, means, and variances. In this study,

relevance factors were set to, Hnce relevance €ors between 8 and 20 seem to not affect

performancg61]. Outside of this ranggerformancemay be affected positively or negatively
[62].

In this studyGMM-UBMs were found usinfgatures extracted duringriouseEEG tasks from
theNA subjects (impostorsThe activities that were experimented with weyes closed, VIDEO,

and ANT. Models were also found to fit the class of ADHD subjects (targets). Figure 5.4

>
ADBJM [ ] non-ADHD

summarizes how classification is done in this study.

No

Feature
Extraction

Yes

ADHD

Fig. 5.4: GMM-UBM for the classification of A/NA subjects.

For classification, the lefikelihood ratio (LLR) is used, i.e. the ratio of the likelihood of a test

vector 3, belongingto the ADHD model over the likelihood of, belonging to the universal
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background model. If the LLR is greater thanegual to zero, the subject is classifiedAas

otherwise the subject is classifiedN&.

ép(3t |/ADHD)
LLR=I & 5.2
Ogg p(3t |/UBM) ( :D

To speed up the process of training the GNMEBMs, the MSR Identity toolbop63] was used.

5.5. Performance Evaluation

Throughout, the performance of classification in the form of the receiver operating
characteristic (ROC) was analyzed. When characterizing the performance of systems that employ
biometrics, EER (Equal Error Rate) is oftesed. EER corresponds to the point on the ROC curve
where the miss rate or false negatN®&/rate (FNR) is equal to the false positive/alaknnate
(FPR). In addition, the area under the curve (AUC) of the ROC plot is a scalar metric (ideally
approximatng 1) that is often used to compactly describe the detection (or true positive/ADHD)
rate vs the false positive rate (FPR). AUCs and EERs are thus used as performance indicators.

5.6. Experiments

The experiments were conducted based on 8 subjects: 4 A andsddjests. However, since
the findings of the previous chapter revealed that one NA label may be incorrect, the label was
flipped for this chapter. Therefore, that subject was relabeled as A, which means that there were 5
A and 3 NA subjects.

As indicatedn the previous chapter, 5 channels were used: Fcl, Fc2, Fc5, Cp6, and C3. AR(7)
parameters were extracted from these channels and these parameters concatenated, fDrming 35
feature vectors. Feature vectors were extracted during ANT, VIDEO, and eyed (Hi3e

activities.

By using 4 subjects for training (2 NA and 2 A) and the other 4 for testing (1 NA and 3 A),
GMM-UBMs were built. The training dataset consisted of theD3BR parameter vectors
extracted from & windows with 50% overlap during the ANYIDEO, and/or eyes closed (EC)
activities. Given the available recorded data, when overlappswgiBdows were used, for every
subject 423 feature vectors were extracted during ANT; 112 during VIDEO; and 56 during EC.
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5.6.1. Number of Mixture Components

For speker verification and/or identification problems, it is common practice to use one
mixture model per speaker [9]. Because #xperimentoncerns a binary classification problem,
two mixture models are formed (one for A and one for NA subjects). To demrdenany mixture

components should be computed, the effect of the number of mixture components is explored.
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AUC

0.9 EER T
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0.7 7
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0.5 .

Performance

04r .

03 i
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01 r i

0 1 1 1 1 1 1 1 1 1
2 4 8 16 32 64 128 256 512 1024 2048

Number of Mixture Components

Fig. 5.5 Effect of the number of mixture components.

The results in Fig. 5.5 were obtained us2y and 2 NA subjects fdraining and®2 A subjects
and 0 NA subjects for testing during ANT. Peak values are found when the number of mixture
components equals the number of subjects used for training. When 4 mixture components are used
to fit the data, the AUC is 0.981 and tBER is 0.047. When 8 or more mixture components are
computed, the AUC fluctuates between 0.972 and 0.981 and the EER between 0.059 and 0.066.
To minimize computational burden and maximize detection, the number of mixture components

used in the rest of thexperiments is set equal to the number of training subjects.
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5.6.2. Effect of Activities

Thehypothesis is that the accuracy of ADHD detection depends on the activity performed by
the subjects, i.e. some activities elicit stronger discrimination statistics tirans.oFurthermore,
if the activity a test subject performs differs from that presumed to be performed by the training

subjects, the miss rate is expected to increase.

Forthe results reflected in Fig. 5.6MM-UBMs are trained with 2 subjects (1 NA and)L
and tested with the other 6. The training subjects were paired in (5x3=) 15 different ways in order
to train and test with all possible combinations. Four scenarios were considered for training and
testing: using eyes closed (EC) data for training asting (dark blue histogram); using ANT for
training and testing (blue histogram); using ANT for training and EC for testing (olive histogram),

and using EC for training and ANT for testing (yellow histogram).

6

I EC and EC

[ ANT and ANT
4 | ] ANT and EC 7
[ 1ECandANT

bk

0 01 02 03 04 05 06 9 1
AUC
6 T T T T T T T T T
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[ IANTand EC
[ 1ECandANT
2 - -
1 Il Jl J] 1 1 IJ]]I‘ I[[l 1 J] [ll
0
0.6

0 0.1 0.2 0.3 0.4 0.5 0.7 0.8 0.9 1

EER

Fig. 5.6 Distribution of AJCs (top) and EERs (bottom) when training/testing = EC/EC (dark
blue), ANT/ANT (blue), ANT/EC (olive), and EC/ANT (yellow); all combinations of 2 subjects

(1 A and 1 NA) used for training and all other rmrerlapping subjects for testing.
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Figure 5.6 showthat detection performance is poor when ANT data is used for training and
EC is used for testing (olive) and vice versa (yellow); apparently there is not much commonality
in the functioning of the brain between when the eyes are closed and when aagrgygitention
to some task. For both scenarios, there is a large concentration of miss rates between 0.4 and 0.6
for both EERs and AUCs, which is the equivalent of guessing. The average EER for this case is
0.59. Similar results are found when EC datasied for training and testing (dark blue), with the
EERs and AUCs concentrated even tighter aboutf@i5Sthe fourth case, when ANT data is used
for training and for testing (light blue), the EERSs tend to be below 20%, with a mean EER of about
11% and west case of 23%, and the AUCs tend to be above 0.8, with a mean of 0.8858 and a

worst case of 0.76.

Hypothesizing that doing so would increase the performance, training was done next with 4
subjects and testing with the othemhich resulted in 30 combations of 4 (picking 2 A and 2
NA, from the available 5 A and 3 NAThe training/testing cases EC/EC, ANT/ANT, ANT/EC,
and EC/ANT were explored, and the EERs and AUCs were comfutedl 30 combinations

Figure 57 summarizes the result of these expemts.
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Fig. 57: Distribution of AUCs (top) and EERs (bottom) for training/testing cases EC/EC (dark
blue), ANT/ANT (blue), ANT/EC (olive), and EC/ANT(yellow); all combinations of 4 subjects

(2 A and 2 NA) used for training and ather nonoverlapping subjects for testing.

When using EC for training and testing, the EERs range from 0.18 to 0.91 with a mean of 0.49,
indicative of a classifier that is (as with less training), still equivalent to guessing. Likewise, the
AUCs for this EZ/EC scenario are spread between 0.08 and 0.87 with a mean of 0.55,
representative of guessing as well. When using ANT for training and EC for testing, the results
improve: the EERs are now spread between 0.02 and 0.58 with a mean of 0.22. The AUEs for thi
case follow a similar pattern: they range between 0.53 and 0.98, with a mean of 0.82, which means
that the classifier makes correct decisions most of the time. When EC is used for training and ANT
for testing (yellow), the AUCs and EERs are distributed/ymuch as in the ANT/EC case, and
the mean AUC and EER are 0.78 and 0.26 respectively. The fourth case (ANT for training and
ANT for testing) has improved substantially, with 29 out of 30 AUCs over 0.98 and the outlier at
approximately 0.93. The mean AUS0.985. The EERs for this ANT/ANT case are now spread
between 0.02 and 0.13. The mean EER is now 0.044 with most of the EERs below 0.03. As

expected, these results make a strong case for having more subjects for training.
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Figure 5.8 explores in more @dtthe distribution of the case where 4 subjects during ANT

activity are used for training.
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Fig. 58: Distribution of AUCs (top) and EERs (bottom) when ANT feature vectors from 4

subjects are used for training and from another 4 ANT subjects for testing

The distribution of AUCs (top graph) has a letag-like shape, with most of the values over
0.98. In fact, 1 in 3 of the AUCs is aB05. As pointed out for Fig. B.there is an outlier at 0.925.
Except for the one outlier, the EERs (bottom grapl)distributed between 0.005 and 0.085 and
centered at 0.045, which happens to be close to the mean EER. There is an outlier with an EER of

0.135, and this outlier is verified to be the one that produced the AUC of 0.925.

These experiments suggest that there ANT data is used during training, the better the
performance; when 2 subjects were used for training, Bi#&e larger not only because the
number of feature vectors was smaltee number of mixture components was smaller. 8l&ten
only EC is usedor training, classification performance becomes akin to guessing. When ANT
was used for training and EC for testing and 2 subjects are used for training, the mean EER was
found to be 0.59. On the other hand, when 4 subjects are used, doubling the ruiediere

vectors in the training dataset, the mean EER drops to 0.22. Finally, when only ANT data is used,
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the mean EER is 0.11 when two subjects are used for training and drops to less than 0.05 when

four subjects are used for training.

5.6.3. GMM-UBM with EC and ANT data

In this section, the hypothesis will be explored that classification performance degrades as
resting data is mixed ihas a contaminatiohwith the modeled training data. GMMBMs were
trained using 4 subjects and tested with the other 4gettitat were not used for training (recall

that 5 A and 3 NA subjects are used for these experiments).
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Fig. 59: AUCs (top) and EERs (bottom) of GMMBMSs with ANT+EC (mixed) composition

training datasets.

Figure 59 shows how performanakegrades as ANT data is combined with EC data for training
of the UBM. As was shown in Fig.&.when only features extracted during ANT activity were
used for training, AUCs vary between 0.96 and 0.995 with a mean of 0.98; EERs vary between
0.02 and 0.08vith a mean of 0.0438. When 87% of the training dataset comes from ANT activity
(384 feature vectors during ANT and 56 during EC), performance degrades slightly: AUCs now
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vary between 0.9 and 0.995 with a mean of 0.96; EERs vary between 0.03 and 0d &eéh

of 0.085. When 80% of the data comes from ANT activity (220 feature vectors from ANT and 56
from EC), the AUCs are concentrated between 0.76 and 0.9 with a mean of 0.84. Lastly, for this
case, the EERs are distributed between 0.16 and 0.28 withraah6.22.

Figure 5.10 contains sample ROCs based on the distributions shown in Fig. 5.9.

100% ANT 87% ANT
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Average Average
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0 0.5 1 0 0.5 1
P FA P FA
80% ANT 0% ANT
1 " 1
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n° 05 " 05
0 0
0 0.5 1 0 0.5 1
P FA P FA

Fig. 510: Sample ROC plots with different training datasets.

The top right and left ROC plots show how performance degrades as some EC (restiisg) dat
mixed in with ANT data to train the UBM. The average ROC plot for the top left graph has an
AUC of 0.98, whereas the worst ROC has an AUC of 0.92. The average AUC decreases for all the
other ROC: 0.96 (top left ROC), 0.87 (bottom left), and 0.55 @¢botiight), which is equivalent
to guessing. Similarly, the least favorable AUC of the ROC de@aasrore resting data is added

to the training mixture

Figure 5.11 shows a different representation of the ROC plots shown in Fig. 5.10 in log scale,

which are called detection error tradéf (DET) curves.
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Figure 5.1: Sample DET curves with different datasets.

Through the use of EERs, Fig. b donfirms that performance decreases as resting data is added
to the dataset. When 100% of the trainintpdat is ANT data, the average EER is 0.0438, and the
worst EER is 0.0785. The latter implies that the worst case probability of detection is above 92%.
When 87% of the dataset is ANT data, the average EER becomes 0.085 and the worst EER
becomes 0.13Vhen80% of the data is ANT data, the average EER becomes 0.22 and the worst
becomes 0.28. Lastly, when 0% of the dataset is ANT data, the average EER is 0.49. In other
words, most GMMUBM models based on EC data will tend to guess whether a test vectorsdbelong
to the A class or to the NA class. For models using only EC data, the distribution of EERs goes

from 0.1 to 0.9and is heavily concentrated around 0.5 (see Fi{}. 5

Figure 5.12 shows how performance decreases when the percentage of resting da&ta in th
training dataset increases even further. Since only 56 feature vectors could be extracted during
resting EC activity, VIDEO activity was used. The latter is another baseline (resting activity)

during which EEG recordings were takascontaminatiothe sibjects.
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Fig. 5.12 AUCs (top) and EERs (bottom) of GMMBMs with ANT+EC+VIDEO (mixed)
composition training datasets and same composition testing sets.

In Fig. 5.12, the scenario where 60% of the data was during ANT consiste® &édt@re
vectors extracted during ANT, 56 during EC, and 54 during VIDEO. The scenario where 50% of
the dataset was during ANT consisted of 166 vectors extracted during ANT, 56 during EC, and
110 during VIDEO Figure 5.12shows an exaggeration of the patt behaviors observed in Fig
5.10. When 60% of the training and testing data comes from ANT, the AUCs are distributed
between 0.52 and 0.78 with a mean of 0.69, which is where most of the AUCs are concentrated.
The EERSs, for this 60% mixed case, aretscatd between 0.28 and 0.48 with a mean of 0.34.
When 50% of the training and testing data comes from ANT, performance drops slightly. The
distribution of AUCs for this case is similar to the latter, but there are some cases where the AUCs
are slightly bedw 0.5 and the EERs are above 0.5. The mean AUC and EER for this 50% mixed
case are 0.65 and 0.38. For these 60% and 50% mixed cases, the performance is slightly, but

consistently, better than guessing.

69



The final case shown in Fig.12is when all the &ining and testing feature vectors are
extracted from EC. The AUCs and EERs are spread between 0.08 and 0.87, and 0.18 and 0.91
respectively, meaning that classification is akin to guessing. The AUC for 0% ANT, i.e. 100% EC,

falls roughly in the 60% rang@&his is just a little better than a pure guess. This performance is

very much like the result found based on phase synchrony processing of eyes clo$éd] G

entirely different approach than GMMBM. As the mrformance of a KNN approacBédction

4.61) was also good when using ANT data, improved detection performance appears to be highly

correlated with using an attention task instead of the eyes closed condition.

The mixed training data cases show that even 13% of resting data in the training phase has a

perceptible effect on classification performance. While the results make cleaighiaadvisable

to use resting EEG as part of the training data, note that inadvertent, temporary inattention during

an ANT task could well look like resting data. Mitigation is provided by collecting more data

across more subjects, and/or actively datgcfand removing from consideration) resting data

segments.

Table5.1 summarizes the results of the experimémas weredone in order to study the effect

of different activities on the classification of A/NA. The left column represents the actividds us

for training and the top row represents the activities used for testing. A tabular presentation of the

data (histogram range and mean) is given to avoid using too many histograms.

Table5.1: Summary of AUC under different training and testing scenguarsentages in mix)

Testing ANT ANT + EC ANT + EC + EC
(1200) (87,13) VIDEO (100)
Training (50, 33, 17)
ANT 0.92 t01.00 0.92 t0 0.99 0.77 t0 0.98 0.531t00.98
(100) Mean 0.98 Mean 0.97 Mean 0.93 Mean 0.81
ANT + EC 0.76 to 0.97 0.89 t00.995 0.753t0 0.91 0.17 t0 0.87
(87, 13) Mean0.89 Mean 0.96 Mean 0.82 Mean 0.55
ANT + EC + 0.57 t0 0.87 0.61t00.84 0.17 t0 0.90 0.131t0 0.82
VIDEO Mean 0.82 Mean 0.78 Mean 0.65 Mean 0.57
(50, 33, 17)
EC 0.34t0 0.99 0.25t0 0.99 0.25t0 0.99 0.13t0 0.99
(100) Mean 0.78 Mean 0.6 Mean 0.61 Mean 0.52
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Table5.1shows the pattern observed in Figd.0and5.13 The higher the proportion of ANT
data that is used for training and testing, the higher the AUC. When only features extracted during
ANT activity are used for training (first row) the AUCs are higher than those in any of the other
rows. For instance, the AUC of entry (1,1) (train/test = ANT/ANT) is statistically higher than for
cells (2,1), (3,1), and (4,1). This pattern is observed to generadtlyfdrathe other entries of row
1. However, an interesting case is represented by data cell (2,2). When the training/testing scenario
is ANT+EC/ANT+EC, with 87% ANT and 13% EC, the mean AUC is 0.96, which is higher than
that of cell (2,1) and very close tfwat of data cell (1,2). This case shows that performance may be
better, more robust, when using some EC wtatiae training dataset, 13% in this experiment, if it
is known that some EC data will be used/present when testing. Another way to intespesthi
is that even with up to 13% of contamination with EC data the detection results have degraded
gracefully rather than abruptly. However, when EC is used for training (last row), the mean AUCs
are between 0.78 and 0.52, which suggests that tramodgls with EC data only should be
avoided. When ANT, EC, and VIDEO are used for training, classification performance is not much
better than that of the EC only case. Thu®r the channels and features used in this study
training with ANT data only, oas much ANT data as possible, yields the highest classification

performance.

5.6.4. AR vsRCandLSF

In this section the investigation is reported of how GNUBMs trained withRC andLSF
as features compare to those trained with AR coefficients. Based orsthis feom Section
4.6.4, we anticipate that GMNIBMs trained with AR coefficients as features will yield the
highest performancédollowed byusingRC, and therLSF features

For these experiments, subjects were used for training (2 NA and 2 A) andother 4 for
testing (1 NA and 3 A). The training dataset consisted & 8ature vectors of ARRC, or LSF,
coefficientsdepending on the case. The features were extracted fr®wi@dows with 50%
overlap during the ANT, VIDEO, and/or eyes closed (BG}vities. Given the available recorded
data, when overlapping-2 windows were used, for every subject 423 feature vectors were
extracted during ANT; 112 during VIDEO; and 56 during EC.
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Fig. 5.14 AUCs (top) and EERs (bottom) GMM-UBMs trained withRC (blue), AR (green),
andLSF (yellow) coefficients

Figure 5.14shows results that are not totally in line with whats expected. As discussed
earlier, when using AR coefficients, the worst EER is almost 0.135 and the worst Alhbat
0.925.As seen, the worst EER and AUC for AR coefficients are much better than thd2€ for
andLSF, which was expected. On the other hand, unlike for KNN, GMBMSs trained withLSF
featuresappear to outperform GMNJBMs trained withRC. For RC, theworst and mean AUC
(top graph) are 0.695 and 0.865 respectively, and most of the AUC are under QSFFam the
other hand, the worst and mean AUC are 0.8430 and 0.9365 respectively, and the AUC are highly
concentrated above 0.9Q08ince LSF and RC were outperformed once again by the AR

coefficients, they will not be used in the next chapters.

In short, this chapter explored GMMBM for the classification of A and NA. The parameters
of the models were carefully chosen by taking into account commaatammplexity and
performance, and they were both optimized. The hypotheses addressed in this chapter were

supportedfirst, KNN was the lower bound of how well classification could be done tland
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GMM-UBM approachwasable to separate the data evenHert achieving an AUC of 0.92 and

an EER of 0.14 for the worst caSecond, trainingnodels, using the GMMUBM approachwith

EEG of data different types does make classification more robust, as long as the majority of the
data is from the attention tagBontrary to what many researchers have reported, especially those
supporting TBPR, this work makes the argument that-elgsed data behaves as a contaminant,

and attention data should be used instead.
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6. CLASSIFICATION USING SOFT LABELS

So far, trainiig of models has been done assuming that the subjects either have ADHD or not,
with absoluteconfidence In the previous chapters, the fact that there may be a level of confidence
associated with the labels assigned to the subjects in our dataset wismaotttaaccount. In the
literature, when a label has a confidence level associated with it, it is called a fuzzy label or a soft
label. In this chapter, the term soft label will be used. An example of the need or practicality of
using soft labels is sulije32386NA, whose lab&lasflipped to A because it seemed very distant
from the NA subjectsised for trainingn Section 4.6.4. While positive results were obtained by
flipping the label, another option would have bé&ama clinicianto provide a level foconfidence

describing how likely the subject seemed to be A or NA.

The latter point will be addressed here, by observing the effect that soft labeling has on
classification. Since the effect of soft labels will be observed for KNN and GNBMI, these
appoaches will be referred to as Soft KNN and Soft GNIIMBM, as opposed tblard KNN and
Hard GMM-UBM, which are the terms that are going to be used in this chapter to describe KNN
and GMM-UBM that use hard labels instead of soft labels.

6.1. Soft KNN

The conventioal algorithm for KNN classification consists of finding the K training vectors
that are closest in distance to a test vextdrhen, the labehssigned tx is the most frequelyt
occurringlabel of the K nearest neighbors.

KNN with soft labels, or Soft KIN, is described in detail {i65, 66} To account for uncertainty
in the labels, a membership function is created so that

C
au; =1 (6.1)

c=1

~ ~

whereu, represents the confidence of vec@belonging to clas§) andow plt8 RS, whered

is the total number of classes.
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In our experiments, #neans clustering was used to assign the values oféeacK-means
clustering was used to cluster the data into two clusters, one for AnentboNA. Once the
clusters and their respective centroids were founda thesteriorprobabilities for each vector

belonging to each clusterere computed as follows:

P00 = plelx) = eSlX1ee B) 62
Aol B)

where P.(x) is thea posteriorprobability of vectorx belonging to clas§) w, is the weight of the
cluster, andg.(x|e., E) is the conditional probability that vectax is within a normal

distribution of a vector with mea, and covariane E. .

To classify a test vectok, the conventional algorithm for KNN classification is slightly
modified. First, the K training vectors that are closesk tare found. Then, thgote count

(confidencg of x belonging to any of thé classes is computed as follojés]:

Xy
A, =
B
UC(X) K 1

a

2
x|

(6.3

where thex vectors are the K nearest neighbafector x is assigned the label that maximizes
thevote countu,(X) . As can be seenpte countu,(x), and as a consequence class membership,

is affected by thaveightsof the soft labelsi_ , which are not considered in hard KNN

cj?
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KNN Example
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Fig. 6.1: KNN example (top) and Soft KNN example (bottom) with K =9

Figure 6.1 compares regular KNN with Soft KNN using an example. The top graph shows

the example used for illustrat in Chapter 4 (See Fig. 4.1). In this example, the test vector

S

abel

e d

as

i Cl

as s

10

because

5/ 9

nei ghbot

(bottom), shows that this decision can be heavily influenced by the confidence of the labels.

For this example, let us assume that the confidence ofjleenvectors is 0.5 for Class 1 and

Class 2. Consequently, for the test vector shown, the votes are 3.5/9 for Class 1 and 5.5/9 for
Class 2, which means that the test vector willv be labeled as Class 2sitead of Class 1.

However, the confidence in the label being Cl2$s 5.5/9, i.e. much less than 1.

6.2.

Soft GMM-UBM

As explained in Sections 5.1 through Sh& expectation maximization (EM) algorithm is used

to train a GMM. In the expectatiestep (Estep of the EM algorithm, the a posteriori probabilities

Y..n Of @ feature vectos, belonging to the Gaussian mixture mode] also known as class

membership weights, are computestativelyover variabla in this fashion:
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Wc,kgk(3t |rn:,k,i’Ec,k,i)

yt,c,k = I:)(Wc,k | 3t'/ qi) _M (64)
a Wc,mgm(3t |m,m,i’Ec,m,i)
m=1
wherei =1,2,-- | ,c=1,2,--,C, m=1,2,-- ,M,andt =1,2,-- T, wherel is the total number of

iterations,C is the total number of classéd,is thetotal number of mixture components, ahts
the total number of feature vectors.

In the maximization step (Mtep), the weights, means, and covariance matrices that

parameterize the Gaussian mixture modelare computed as follows:

1.0
Wc,k,i+1 :?ayt,c,k (65
t=1
.
ayt,c,kSt
My = (6.6
o TV\é,k,Hl

Ec i+ == 6
— 6.

c,k,i+1

With every iteration the likelihood for which the parameters are computed increases, so that a
maximum in the likelihooaccurs at the last iteration; however, that maximum may have reached
a plateau at an earlier iteration. In other words,

1(3,1/.)21( 8 L) (6.8

After convergence, or after a certain number of iterations is reached (15 in this study), a UBM
is created by performing a MAP adaption on each GMNhat will be part of the UBM.

For classification, the legikelihood ratio (LLR) is used, i.e. the ratio of the likelihood of a test

vector 3, belonging to the ADHDmodel over the likelihood o8, belonging to the universal

background model. If the LLR is greater than or equal to zero, the subject is classified as
otherwise the subject is classifiedN&.
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ap(s, |/
LLR= Iog§rw (6.9
C p(3t |/UBM)
To account for fuzzy labels, a membership function is used. Just as for KNN, the membership
function was obtained by computing the posterior probabilitievefy vectobelonging to class

c, forcd plgfB R, which resulted in a matrix of 2x2021 vectors.

Since GMMUBMSs are parametric models, there are multiple ways to soften a -GEM.
The first method is bgoftening the weights, means, and covariance matrices of the GMMs using

the membership fution, as shown ii(6.10)-(6.12)

T
a U,
Wc,k,i+1 = % (61Q
a al.
c=lt#%
T
é uC,t3t
/7z,k,i+l = = cC T (61])
Womd Al

c=1 t=1

T
é. uc,t(3t - ”L,k,m)( 8- mk,iﬂ)T
Bopin =" T (6.12
Wc,k,i+1é. auct

c=1 t=1

where 6.10)-(6.12) are modified versions of &-(6.9).

When using soft GMMUBM, all the_ models change, andis change is dependent on the
membership function. In Fig. 6.2, Hard GMMs and Soft GMMs are illustrdted.randomly
generated data shown in F&2 are 2 Gaussianghe x and y components of one are independent

and identically distributed (i.i.d.) nomhdistributions withN (1, 0.75) and the x and y components
of the other are i.i.d. normal distributions witl(- 1, 0.5). For the example on Soft GMMs (right),

the membership function was generated from a-meFan unit varance Gaussian distribution
normalized to the rangel], 1] by dividing by the maximumabsolutevaluepresent in theet of
values The mean of thidatasetvas then shifted to +1 to turn the range to [0&2hitrarily, only
the first halfof the resultig distribution range [0,1], was takeAs a result, there should be a large
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number ® membership weights close to 1, which will cause some of the elements in one of the

Gaussians to be more penalized than those of the other.

A Last EM iteration for GMM Last EM Iteration for Soft GMM
T T T T 4 T T T T
[ ] [ ]
3 B Y T 3 B °
21 . 21
1r : 1r
of . of
At . 1t
2t . 2 ¢
L Model 0
L Model 1
_3 1 1 L 1 _3
-4 -2 0 2 4 -4 -2 0 2 4

Fig. 6.2: last EM iterations fonardGMM (left) and for soft GMM (right).

Figure 6.2 shows Soft GMMs (right) that are slightly different from Hard GMMs. Regular
Model 0 does not seem very different from its softened version. However, Regular Model 1
is different fran its softened version. Note that the blue blob in the right graph is slightly
larger than the blue blob in the left graph, which means that the softened version of Model 1
has a mean and a variance that are different from those of the regular versiadeif M
Further, the separation between the two models for the softened GMMs is legsrthiaa
Hard GMMs. Note that the representation of the soft model depends on the data and the

membership function used.

Another method to soften GMIBMs consists ofsoftening the LLR by softeninthe

probabilities p(3, |/ xouo) @nd p(3, |/ yem) :
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p(3t|/c):a auc,tvvc,kgck( Eil c,g' c,k? (613

k=1t%

where g, are the pdfs of each individual Gaussian of GMMwhich can be expressed as

1 a 1 T .1
gc,k(stl & ﬁ)=mem§e—2( ¢ 3_ck)8Ec,k( ¢ %K) (6.19

Softening the LLR of GMMUBMSs has a similar effect to that of Soft KNN, where softening
affects the weights of individual votes. For the case of Soft GWBM, softening the LLR affects

the probabiliy of a vector’t belonging to model .

The last method consists of softening both, the model parameters andHdtBsnot only the

modelis different, but also the way the decision is computed is different.

Soft GMMs and Soft GMMUBMSs have been used for speech data in the[p@s68] but not
for EEG.The methods outlined in the latter diies perform softening of the parameters and the
LLRs.

6.3. Performance evaluation

For Soft KNN, performance will be measured in terms of accus&ciassification, which is
defined as the number of true positives (TP) plus the number of true negatives €T N)eototal

number of tests.

TP+ TN
Accuracy=
#tests

(6.15

For Soft GMMUBM, ROC curves will be used to evaluate the performance of the models.
From the ROC plots, the AUCs and EERs will be extracted, which serve to quantify how well
classification vas done by the model.

6.4. Experiments

In the experiments, two membership functiou§,and ufj, were used and the results were
compared to those obtained when using hard labels, which will be denm@edTate experiments

were conducted based on 8 subjects: 4 A and 4 NA subjects. Based on clusteringeaatioon
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4.6.21 of the labels was changed from NA to A, which means that there were 5 A subjects and 3
NA subjects.

By using 4 subjectfor training (2 A and 2 NA) and 4 others (3 A and 1 NA) for testing, the
accuracy of classification was explored across all 30 unique permutations given the data available
(5 Aand 3 NA). For training and testing, AR models were computed from windoveschfration,
using an overlap of 50%, during the duration of ANT. Note that this approach produces many (in
the range of 240 to 260) test vectors for a single test subject and for each test vector a decision is
made so that a distribution of decisions resiorHardKNN, the best classification performance
resulted from using1 nearesneighborsas seen in Section 4.6.1ofSoft KNN, the value of K
that maximizes performance will be investigatedr Hard GMMUBM, 4 mixture components
were used, and ¢éhoptimal number of mixture components for Soft GNUBMs will be

investigated as well.

6.4.1. Membership Functions

Figures 6.3 and 6.4 shatve histogram of class membership weights for each individual vector
of every subjectising Kkmeans clustering. The closgweight is to 1, the higher thekfidence
of its label being NA. Similarly, the closemaeightis to O, the higher theonfidence of its label
being A.
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Fig. 6.3: Distribution of posteriorprobabilities of all the vectors exttad from subjects
18316NA, 18396A, 18586NA, and 18606A.

Figure 6.3 shows that the confidence of the NA labels is very high, but that of the A labels is

not that high. All of the vectors extracted from subject 18316NA were clustered to the NA class,

and alnost all with very high confidence. Only 3/266 of its vectors were clustered to the NA class

with posterior probabilities between 0.55 and 0.6. On the other hand, clustering of A subjects is
not that accurate. Almost a third (82/253) of all the vectorsaetad from subject 18396A were

clustered incorrectly, and with very high confidence. For subject 18606A, 35/243 vectors were

clustered incorrectly.
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Fig. 6.4: Distribution of posteriorprobabilities of all the vectors extracted froubgects
18716NA, 18776A, 32386NA, and 32436A.

Figure 6.4 shows how the vectors from the remaining subjects were clustered. Interestingly
enough, all of the vectors coming from 18716NA were clustered correctly poisterior
probabilitiesvery close to 1,finot 1. Once again, subject 32386NA appears to be an A subject,
since only 18/256 vectors were clustered as NA and all the others as A. Therefore, just as in Section
4.6.2, the label of subject 32386NA will be switched to A for the next experimentsulijects
32436A and 18776A, 74/250 and 3/268 vectors respectively were clustered incorrectly.

In summary, there were originally 751 feature vectors for the NA class and 1270 for the A class.
For the NA class, 748/751 vectors were clustered correctly ahdawitgh level of confidence.
For the A class, 1068/1270 vectors were clustered correctly and 202/1270 (15.91%) were clustered
incorrectly.

2
cj !

The second functiony:, was derived fromuij. Once all the posterigorobabilities were

computed for every vector of every subject, for each sulje¢loe mean over every vector of
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posterior probabilities for subjeStwas computed (i.eU(}j S TA andUllj " j T NA,). For all test
vectors comig from the NA classufj consisted of column vectors approximately equal to [0 1]
This occurred because 748/751 NA vectors were clustered correctlyuf,\gvﬁm and ujj ° 1for
almost all valus ofj. For all of the test vectors from one A subjetit,consisted of column vectors

approximately equal to [1 Dpecausaly; ° 1 and u;; ° O for almost all values df However, for

the memlership vectors of the other four A subjects, the following mean posterior probabilities
were obtained and used in the membership function: [0.666 0,3®4856 0.144], [0.704

0.296], and [0.929 0.071] Membership functionu; was formulated to mimic a clinician

providing a level of confidence in their overall diagnosis for a given subject; such a confidence

level would not be more finely parsed.

The confidencevaluesshown in Figs. 6.3 and 6Were used as the membersiigightsin the
Soft KNN and Soft GMMUBMs.

6.4.2 Setting the Value of K

To find the value of Kor u:

. » an approach similar to that of Section 5.6.1 was used. Training
was done with 4 subjects (2 A and 2 NA) and testing was done with 2 A andsQbjeetsalong

with the membership function computed by clustering in the previous sethierfeatures used
were AR(7)extracted fromwindows of 2 seconddraining and testing were dofar all the odd
values of K between 1 and 149. For every value,ahere were 30 combination$ subjectsThe
mean accuracy of classification was computedHer30 cases of each value of K, and the results

are shownn Fig. 6.5.
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Fig. 6.5: Mean Accuracy of Classification for Different Values of K

As seen in Fig. 6, the mean value of K that maximizes the mean accuracy of classification is
K = 27, with a mean Accuracy of 0.8575. This value was used in the follosxperiments. Note
that for Hard KNN, K = 51, which is different from K = 27, was the value that magon

performance. This is an indicatitimat the membership function does affect Hard KNN.

For u?

cj?

the value of K that maximized performance was K=3, but it was not used in the

experiments. K=3 does not allow for a broad rangenfidence values, and therefore, K was set
to 27 as well forug .

6.4.3. Soft KNNvsHard KNN

In this section the accuracy and confidence levelsiéod KNN and ft KNN are compared.
The overall accuracy and confidence values are explasadell the accuracy (detection rate) and
confidence levels for the A and the NA classes.

85



.5 Distribution of Accuracy Values

10

N Y

05 055 06 065 07 075 08 085 09 0095 1
Accuracy

0 Distribution of Confidence Levels

0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
Confidence

Fig. 6.8 Distribution of overall accuracy values (top) and overall confidence levels (bottom)
when usingHardKNN and Soft KNN

Figure 66 shows that, in terms of accuracyfj (Hard KNN) outperforms Soft KNN for the

labels used. As can be seen in the top graph, u.ﬁjmgsulted in more values below 0.9 for

1
cj?

accuracy. Fowu , the mean overall accuracy was 0.8730 and the minimum oeerllacy was

0.7411. Foru®

cj?

the mean overall accuracy was 0.8963 and the minimum was20.Méte that
ug. in these experiments was trained withdbs that were not only known, but alsery strongly
clustered to either the A class or the NA class, and the performam;}](-:-tufns out to be very

close to the ideal cas®n the other hand, performance decreases considerablyughe used.

Note that the average and worst accuracy are 0.8043 and 0.5198, where the latter can be considered

a guess
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The pattern observed in the top graph can also be seen in the bottom graph. The number of
lower confidence leels is higher for Soft KNN, reachingpnfidence of 0.7300, where&tard
KNN reaches 0.7469. Further, the meanfidence for Soft KNN is 0.8469 whereas it is 0.8841

for HardKNN. Lastly, for u?, the average and worst confidence@i#87 and 0.5978

cj !
A decrease in performance was expected when introducing uncertainty or softness in labeling.

The hard labels used in our previous experimg@eg Section 4.6.3) correspond to either one class

or the other, whereas some variation is ipooated when using;; oru; . For u;

;» performance
decreased only slightly with respect to hard KNN because only 15.9% of the A vectors had soft
labels. Therefore, only 15.9% of the A gstwere penalized. Howeverf, by definition penalizes,

to some extent, all the votes from 4/5 of the A subjects; the confidence associated with a
neighborhood comprised of training vectors with high membership is discounted.

Distribution of TPRs
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Fig. 6.7 Distribution of TPRs(top) and distribution ofA,, levels(bottom) when usingiard
KNN and Soft KNN
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The top graph ofFig. 6.7shows that the TPRs tend to be higher when udarg KNN. When

2
cj?

using u;, the average and worst TPRs are 0.7508 and 0.3684, which means that there are some

instances where the classifier is biased towards {pekssifying test vectors as NA. As seen

0
cj !

previously, foruéj and ug, the results are similar. The average and worst TPIBgf(Hre 0.8877

and 0.6689. Likewise, fou’ , the average and worst TPRs are 0.8333 and 0.6582. Thus, when

cj !

1
cj?

usingu. , TPRs tend to be 5% lower than when using hard labels.

The bottom graph exhibits a behavior similarhattof the top graph. For HakiNN, most of
the confidence levels are below 0.1000, O being the value that indicates highedtnoenf

1
cj?

However, foru_, there is a larger group of values above the 0.1 level of c:onfidencafj Ftre

average and worst confidence levels are 0.1224 and 0.2959 respectively, Whemgam&yrare
0.1949 and 0.3468 respectivelior u(fj , the confidence levels are always above 0.2, and the worst

case has a confidence of 0.4783, which can be considered guessing.
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Fig. 6.8 Histogramof TNRs(top) and distributionNA,, (bottom) when using(NN and Soft
KNN.

1
cj?

Figure 6.8shows interesting result&or u_, the average and worst TNRs are 0.9934 and

0.9787, whereasof ufj and ug. the average and worst are 0.9671 and 0.8280, and 0.9231 and

0.8008. Hence, when using, TNRs tend to be 7% higher than for hard labels

0
cj !

The bottom graph oFig. 6.8showns high confidence lels forall casesFor u_;, the mean

confidence is 0.8936 and the worst confidence level i980.7 Unsurprisingly, the worst

2
cj !

confidence level obtained when using is 0.9394, and the maa is 0.9738For u_ , the average

and worst confidence levels are 0.9482 and 0.81Mi4.information confirms thahe membership

functions introduced a bias

The clustering performed in Section 6.4.1 provides a hint as to whybias occurs. The
histograms of Section 6.4.1 show that most of the test vectors coming from NA subjects are

clustered to the NA class with a high level of confideimee weights close to 1ywhereas 84% of
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the test vectors coming from the A class wetsstered correctly. What this means, for Heerd

KNN classifier, is that a negligible number of training or testing vectors from the NA class will be

surrounded by A training vectors, which implies that a small number of test vectors from the NA
class vill be misclassified. On the other hand, a portion of A training vectors, up to a third for the

case of 18396A, will be surrounded by a large concentration of NA training vectors, which may

negatively impact the accuracy of the classifier.

For Soft KNN, tle vectors that are clustered incorrectly lose significance when it comes to
classification. Since votes are dependent on the confidence of the labels, there is a considerable
number of A vectors whose votes will favor the NA class instead of the A claasdeethe
confidence in their labels is low, whereas almost all of the votes coming from NA vectors favor

only the NA class and not the A class.

6.4.4. Number of Mixture Components

The effects of softening in GMMIBMs is assessed in this section. The followingnscios
will be explored: Hard GMMJBM (Hard), softening of the parameters (weights, means, and
covariance matrices) (SP), softening of thelikglihood ratios (LLR) (SL), and softening of the
parameters and the ldiggelihood ratios (SPL) for both of éhhypothesis functions. Our hypothesis
is that softening will decrease apparent performance.

Before creating Soft GMMUBMSs, the number of mixture components was optimized for all
of the 3 scenarios of each membership functions. This was done becauss guaranteed the
optimal number of mixture components will bé4 all those cased o obtan the optimal number
of mixture components, the approach explained in Section 5.6.1 was used®.%igad 6.10

summarize the results.

90



S 095t o .
< 1
c u -SP
@ cl
g 09 ulj-SL T
u'-SPL
Cj
085 1 1 1 1 1
4 8 16 32 64 128 256 512
Number of Mixture components
099 T T T T T
u’-SP
Cj
2
8 0.985 ucj-SL i
< 2
% ] ucj-SPL
(] - e ——
= 0.98
0975 1 1 1 1 1 1
4 8 16 32 64 128 256 512

Number of Mixture components

Fig. 6.9: Mean AUC forll softening scenarios involving;; (top) andu; (bottom)

Figure 6.9 summarizes the process for the selection of the optimal number of mixture

components. For the top and bottom graphs, results for 1 mndite components are not shown
because they are much lower (~ 0.7000) than the ones shown in the graphﬁﬁtﬁprgraph),

under all three different scenarios, the number of mixture components that maximizes AUC is 4;
SL and SPlare tied in first place, with mean AUC equal to 0.9880, and SP is in third place, with
mean AUC of 0.9868. Observe in Fig. 3 that the AUC of SP oscillates as the number of mixture
components increases, but it decreases for SL and SPL as the number of ooriponents
increases. The mean AUC for SL and SPL are very close for all mixture components between 4
and 256, but after the number of mixture components reaches 256, the mean AUC of SL decays
faster, reaching almost 0.87. It is only at this point thhecomes visible that AUCs obtained

when using SPL are larger than those obtained when using SL.

Observe that the bottom graph (illustrating the three scenariosfjﬁoexhibits a behavior

similar to that of top graph (illustraty the three scenarios fuij ). The optimal number of mixture
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components appears to be 4 as well, but now SP and SPL are tied in first place, with mean AUC
of 0.9870, and SL in third place with AUC of 0.9869. In fact, the graphshayveen line because
the blue and yellow lines are almost coincidental. When more than 16 mixture components are

used, the mean AUC oscillates for these three cases, and the global minimum appears to be when
the number of mixture components is 16.
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Fig. 6.10: Mean EER for all softening scenarios mvolvuijg(top) andu;; (bottom)

Figure 6.10 confirms that the optimal number of mixture components is 4 for both membership
functions. Just as in the top graphFig. 6.9, SL and SPL are tied, with EER of 0.0371, and SP is
last, with EER of 0.0417. For the latter, the mean EER oscillates after this point, but for SL and

SPL, the mean EER degrades as the number of mixture components increa$1§15{b§tbom

graph), the mean EER for SP, SL, and SPL was 0.0418. Just asar9RigeEER values obtained

when usingSP and SPL are the same for most cases and very close for some others.
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6.4.5. Soft GMM-UBM vs GMM-UBM

The follow-on experiments wemnducted using 2 A and 2 NA for training and 2 A and 2 NA
for testing, which led to 30 different distinct permutations. Figs. 6.11 and 6.12 show the
distribution of AUCs and EERs that resulted from these combinations. Since Figs. 6.9 and 6.10

displayed vhues that were very similar, especially tﬂfr we anticipate that the distributions will

not vary too much for the number of mixture components chosen.
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Fig. 6.11: Distribution of AUCs (top) and EERs (bottom) for all softeningates usingu;, .

Figure 6.11 shows encouraging results for all scenariué ofFor all scenarios, the AUCs (top

histogram) are highly concentrated above 0.98. In terms of AUC, the softening scheme that
resuted in lowest performance is SP, with AUC of 0.987 for the average case and AUC of 0.9382
for the worst case. Note that the worst case appears to be an outlier, since the next minimum is
0.9636.

Surprisingly, the distribution of AUCs for SL and SPL areyveimilar. For SL 15/30 cases
yielded AUCs of approximately 0.9900, whereas 14/30 yielded AUCs of approximately 0.9900
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for SPL. Further, 2/30 cases yielded AUCs of approximately 0.9750 for SL, whereas 3/30 cases
yielded AUCs of approximately 0.9750 for ISP hese are the only visible differences that can be
obtained from the top graph. For the worst case, SP and SPL have AUC of 0.9554. For the average
case, SPL has an AUC of 0.9888, and SL has an AUC of 0.9887. Although this difference is

negligible, it irdicates that performance is higher when SPL is used than when SL is used.

The distribution of EERs (bottom histogram) serves to confirm what was observed in the AUCs.
When SP is used, EERs for the average and worst case are 0.0416 and 0.1271 respbetively.
worst case happens to coincide with the one where the lowest AUC was observed in the top
histogram. For SL and SPL, the distributions appear to be identical, but they are slightly different.
When SPL is used, the average and worst EER are 0.037108&% @espectively, whereas the
average and worst EER for SL are 0.0369 and 0.0886. Although the difference may be negligible,
this shows that the performance in the worst case is higher when SPL is used than when SL is

used. On the other hand, performaimcthe average case is higher for SL than for SPL.
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Fig. 6.12: Distribution of AUCs (top) and EERSs (bottom) for all softening scenarios uéing
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Figure 6.12 shows encouraging results. The distribution of AUCs (top histogram)l fo
scenarios, when usinglfj, are very similar. In fact, SP and SPL seem to have identical
distributions, and all of distributions seem to be concentrated above 0.98 AUC, with an outlier
close to 0.9375. For SL, the distributianslightly different, with AUC for the average and worst
cases of 0.9869 and 0.9372 respectively. For SP, the AUCs for the average and worst cases are
0.9870 and 0.9382. Similarly, the AUCs of the average and worst cases, when using SPL, were
0.9871 and @380. As for the EERs (bottom histogram), the distributions appear to be identical
across all three scenarios. For the worst case, EER is 0.1271 for the 3 scenarios. The average EER
is 0.0417 for SL and 0.0416 for SP and SPL.

As expected, performance didt vary too much fouij and ujj for the 3 scenarios. Fufj , all
the results were impressive. Although the method that returned the lowest mean and worst AUC
was SL, the difference in WCs was not enough to discard SL. Fwir when SP is used,

performance detracts slightly, but performance values are approximately equal when using

u; - SLandug - SPL

Certain patterns can beuiad in the previous experiments. me[ AUC is maximized when

the parameters are softened (SP and SPL).LEorthe results are slightly more intriguing.

Performance is lowest for SP, whose AUC for the woaise is close the AUC for the worst case

of u; - SF, uZ - SL, andu; - SPL. However, when the decision rule is softened (SL and SPL)

andu®

cj?

to the ideal value (1 for AUC, O for EER).

the worst AUCs and EERs are shdfteand consequently, the average case is moved closer

Performance does not vary enough to prefer one method over the other, but some suggestions

can be made. Far.

cj?

there is utility in disarding SP and using SL or SPL. Although performance

did not vary by much between these two, SPL appears to be more tolerant to inadequate numbers

2
cj !

of mixture components than SL (See $51§.9 and 6.10 For u_, making a recommendat is

more difficult: variations in performance metrics are in the order df 40d performance of the

outliers was not increased. Also, if the number of mixture components is overestimated, there is a
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point where the use of SL maximizes AUC and minimiZ&R by a little, but before this point SP
and SPL minimize EER.

In Fig. 6.13,the distribution of AUCs and EERs of (Hard GMM-UBM), u; - SPL, and

uZ - SPLare comparedOther casessuch asug - SF or ug - SLcould have been used, but the

difference in their distributions was negligible.
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Fig. 6.13 Comparison ol , ug - SPL, andu - SPLin terms of AUCs (top) and EERs

c

(bottom).

Observe in Fig6.13that using soft labels increases performance. For AUCs and E.IgRs,

minimizes performance of the average and worst cas&gciion 5.6.2it was reported that Hard
GMM-UBM classified A and NA subjects with AUC of 0.9858 and 0.9246 for the average and
worst cases. It also reported EER of 0.0486 and 0.1336 for the average and worst cases. On the

other hand, the methods presented here increase performance of both foretine average and

worst cases. When using , for SP and SPL, AUC for the average and worst case is 0.9382 and

0.9870, which represent a slight improvement. As for the EERSs, which represent the miss rate, the
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average and worstases Whenufj is used are 0.0417 and 0.1271, which is another mild
improvement. Lastly, Wheuij - SPL, AUC for the average case does not increase by much, but

for the worst case, it becomes 0.9554. Moreover, EERhfoworst case orﬂij - SPLis 0.0884,

which is approximately 40% smaller than 0.1336, reported for Hard ciNaMI.

Figure 6.14 shows Detection Error Traeg#f (DET) curves for the average and worst cases

whenu’

o ulj - SPL, and ufj - SPLare used. The axes of DET plots usually go from 1 to 50%, but

they are zoomed in to theZD% region to show more detail. These plots serve to illustrates the
EERSs, which are found at the interceptdref 45 degree line (red) and the curves. DET curves
contain the same information as ROC plots, but ROC plots are not in log scale. Further, ROC plots

illustrate AUCs, which seem to vary very little for the methods evaluated in this paper.
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Fig. 6.14 Conparison of DET curves for the average (left) and worst (right) cases
Figure 6.14confirms the observations made for the EERs of these three cases (Se&3:ig.
For the average cases (left), there is very little difference bet\ur;‘:?erSPL(que) andufj - SPL

(green). They intersect with the 45 degree line at points that are very close. Both the green and

blue curves are not smooth, even though approximately 1000 vectors were used for testing, which

indicates that veryefw errors are made. Wheﬂ is used, the intercept between the magenta curve

and the red line is higher than that for the other two cases, which indicates higher number of errors.
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In addition, the magenta curve is smoother, thamother 2 curves, which also indicates more

errors.

For the worst cases (right) the differences are more noticeable. As discussed earlier, for the

worst cases, EERs obtained when usjﬁgand uczj - SPLvary by veryittle. Observe thaufj and
ufj - SPLintersect with the red line almost at same point. However, there seems to be a benefit of

using u; - SPL. The blue curve intersects with the red line at alr8®st and the curve is less

smooth than the other 2, which indicates fewer misses.

As can be seen, there is utility in soft labeling and using soft labels for the classification of A
and NA. Performance does not increase by much for the average casejdast fior the worst
case. To maximize performance for the worst case, labeling of exsetiyr2 interval appears to
be necessary. Nevertheless, increases in performance can be obtained by providing an overall level
of confidence for a given subject, whighsomething that clinicians may be able to do. These

results arenore encouraging than those for Soft KNN (See Section 6:Ah@)results suggested

that membership functions similarlté may be detrimental to performance becdhsg penalize

one class by too much and the other by very little, which causes classification biases.

This chapter explored something that has not been attempted before: Classification of A and
NA based on soft labels. For KNN, the method consisted oflipgrtathe votes of low certainty
labels, which resulted in performance that was similar to that of the original KNN. For-GMM
UBMs, it was found that the worst case improved when the parameters of theld@WMvere
softened but the mean performance valwdecreasedror this case, the effect of softening the
likelihood ratio was also studied, but performance decreased whenever the likelihood ratio was
found. In short, if correct, higbonfidence labels are not available, softening of the algorithms can
helpapproximate the ideal results. For KNN, softening the voting system seems adequate, and for

GMM-UBM, softening the parameters only is recommended
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7. OPTIMAL CHANNEL REDUCTION

Motivated by the encouraging results described in the previous chapterskthehaad is to
explore whether there is a better combination of channels, perhaps of fewer than 5 channels, that
will further maximize discrimination of A and NA subjects while also reducing computational
cost. The latter is a consideration towards ewardavelopment of an efficient portable prototype

for point of care diagnostic purposes.

Since the optimal choice of channels may be different depending on the classification scheme,
channel reduction will be explored for the KNN and GMMNBM methods. AR cefficients are
used as features. Datasets from 4 subjects (2 NA and 2 A) were used for training, while datasets
from 4 other subjects (1 NA and 3 A) were used for testiwigich resulted in 30 different
combinations, as in the other chaptdilse performace associated with each selection of channels
is analyzed in terms of classification accurémyKNN, as described iBection4.5, andin terms
of AUC and EER for GMMUBM, as described in Section 5.5

7.1Channel Ranking

For KNN, ranking was done as followsthe EEG data from all possible-channel
combinations was used for feature extraction. KNN classifiers were trained and tested, as
explained in the previous paragraph, and the combinationmhgimizedmean classification
accuracyacross all test vectoiof every casayas chosems the best combination for the number
of channels being investigate®o find a & channel, all possible-8hannel combinations that
include the best 2 were used in feature extraction and then used for training and classifioet

process was repeated to find the fourth channel.

For GMM-UBM, the same process wagecuted with the difference that the optimization

objective was to maximize AUC and minimize EER.

7.2.Experiments

Unlike in the earlier chapters, feature vectdr8®D were not used. For every test channel,
AR(7) parameters were computed, and feature vectors were formed as the concatenation of the AR

coefficients of all test channels. Thus, when searching for the best combination of 2 channels, 14

99



D feature vect@ were obtained; when searching for the best third channel to add to the best 2
channel combination, 2D feature vectors were used; when searching for a fourth channel to add

to the latter combination, 2B feature vectors were used.

Just as in the premus chapters, training was done with 4 subjects (2 A and 2 NA) and testing
was done with the other 4 (3 A and 1 NAonsistent with the previous chapters, the KNN

algorithm was performed for k=51 and 4 mixture componeete usedor GMM-UBM.

7.2.1. Best ChanneCombinations for KNN

Forthis channel ranking scheme, the accuracy of classification witkchth@nel combinations
was investigated first. Once the combination thretximized meanaccuracy(across all test
vectors, of all test subjects, for all 30 candiions)was found, the investigation focused next on

which channel(s) could be added thereto to obtain the basti34channel combinations.

- 0.92

cp6 fcb fc1 fc2 c3 cp5cp2 fp1 fp2 fz 3 f4 fc6 f8 pd4 p7 p8 pz t7 t8 c4 {7

Fig. 7.1: Mean &curacyfor all 2-channel combinations

Figure 7.1 shows the aagacy of classification for all -2hannel combinations, for visual
differentiability zoomed in to the range from 0.8 to 0.93 with color. As a result, in Fig. 7.1 many

entries are blue or dark blue, meaning that the accuracy of classification was beloln th&6
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experiment, the best classification performance was realized when pdfzReas used, which
achieved a classification accuracy CDF (cumulative distribution function) characterization of
{0.8933 - 0.9312- 0.9637}, which are the "5 percentile,the mean, and the 95percentile
respectively. The latter percentiles provide an idea of how concentrated the accuracy (viewed as a
random variable) is about the mean. The-Pelpair is followed by FeCp2, with classification
performance of {0.86460.9238- 0.9645}. Other combinations, such as €%, Fc1Fz, and Fc2

Pz ranked high as well (third, fourth, and fifth respectively), but achieved mean accuracy of less
than 0.92. Since Fcl and Pz yielded the highest accuracy of classification, tAe palwas

used in the followon experiments.

Fig. 7.2: Accuracy of 3channel combinations that include Hez

Figure 7.2 shows the tof8-channel combinations that include Hez. As can be seen, the
combination that yields the highest accuracy is-PzCp2, which was then used in further
experiments. For FeRzCp2 the CDF values of classification performance are {0.8988334
- 0.9690}.
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