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ABSTRACT

AN INFORMATION THEORETICAL APPROACH TO
FUNCTIONAL CONNECTIVITY IN BRAIN

Mental disorders are usually associated with functional abnormalities of brain
that are revealed by behavioral symptoms. Attention-deficit hyperactivity disorder
(ADHD), in particular, is well known to be a common behavioral disorder with
characteristic symptoms of inattentiveness, impulsivity and hyperactivity which
impairs the life quality of the individuals. Although the characteristics of ADHD
is well defined, the neurobiological reasons of this disorder is not fully discovered
yet. The introduction of functional near infrared spectrocopy (fNIRS), which is
a novel non-invasive optical imaging technology, provided an easy way to reveal

hemodynamics of ADHD in brain.

In this study, our aim was to find an information theoretical method to diagnose
adults with ADHD via fNIRS. We assigned 10 ADHD subjects to experimental group
and 12 control subjects to the control group. Each subject in experimental group is
involved in two experimental runs which are executed when they are with and
without medication denoted by ADHD-ON, ADHD-OFF, respectively. On the other
hand, a single experimental run, which is denoted by CONT, is performed for the

control group. The subjects performed the Stroop test in experiments.

One-way ANOVA analysis was conducted among three groups of data, namely
ADHD-OFF, ADHD-ON and CONTROL, to compare the effect of MPH. Given the
significance level of a = 0.05, the result F = 6.86, p = 0.0036 indicates that the values

of three groups differ significantly from each other.

As a result, it is observed that medication normalizes the brain signals of the



individuals in ADHD group towards healthy controls.

Keywords: ADHD, fNIRS, Functional Connectivity, Mutual Information.
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OZET

BEYINDEKI ISLEVSEL BAGLILIGA BILGI TEORISI
YAKLASIMI

Zihinsel hastaliklar, davranissal belirtiler ile anlagilmakta ve genellikle beyin-
deki islevsel bozukluklarin sonucu olarak ortaya ¢ikmaktadir. Ozellikle Dikkat Ek-
sikligi Hiperaktivite Bozuklugu (DEHB), sik goriilen bir davramigsal hastalik olup
dalginlik, ataklik, asir1 hareketlilik gibi belirtiler ile kendini gostermekte ve hastanin
yasam kalitesini diistirmektedir. ADHDnin temel belirtileri ¢ok iyi tanimlanmuisg ol-
masina ragmen bu hastaligin nérobiyolojik sebepleri heniiz tam olarak belirlenememistir.
Diger yandan, oldukca yeni ve noninvazif bir goriintiileme teknolojisi olan islevsel
yakin kizil 6tesi spektroskopi (IYKS) yonteminin giiniimiizde kullanilmaya baglamast,

DEHB'nin beyindeki etkilerinin ¢ok kolay bir sekilde ortaya ¢ikarilmasini saglamistir.

Bu calismadaki amacimiz, bilgi teorisinden faydalanarak, IYKS teknolojisi ile
yetiskin DEHB hastalarini teshis edebilecek bir yontem gelistirmektir. Bu kapsamda
10 DEHB hastas1 ve 12 saglikli birey tizerinde deney yapilmistir. Deney grubundaki
her denek, ila¢ almadan once ve ilag aldiktan sonra olmak {izere ikiser deneye
tabi tutulmustur. Diger yandan kontrol grubundaki denekler birer deneye tabi
tutulmustur. Elde edilen veri gruplarina sirasiyla ADHD-OFF, ADHD-ON ve CONT

olarak isimlendirilmistir. Deneylerde deneklere Stroop testi uygulanmaistir.

MPH isimli ilacin DEHB hastalar1 uzerinde etkisini incelemek {tizere {i¢ veri
grubu arasinda tek yonlu ANOVA analizi yapilmistir. Hassasiyet degeri olarak
a = 0.05 belirlenmistir. Analiz sonucunda elde edilen degerler (F = 6.86,p = 0.0036)
ti¢ veri grubu arasinda istatistiksel olarak anlamli bir farklilik oldugunu ortaya

koymustur.
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Sonug olarak, ilag tedavisinin, hasta bireylerin beyin sinyallerini, saglikli birey-

lerinkine benzer sekilde normallestirdigi gdzlemlenmistir.

Anahtar sozciikler: DEHB, IYKB, Islevsel Baglilik, Ortak Bilgi.



iX

TABLE OF CONTENTS
ACKNOWLEDGEMENTS . . . . ... . . o iii
ABSTRACT . . . . \
OZET . .. . vii
LISTOFFIGURES . . . . . .. ... . xi
LISTOFTABLES . . . .. . .. . xii
LISTOESYMBOLS . . .. ... . .. . Xiii
LIST OF ACRONYMS/ABBREVIATIONS . . . ... ............... xiv
1. INTRODUCTION . . . . . .. e 1
2. BACKGROUND . . . . .. . 3

2.1. History of Mental Disorders . . . . ... ................. 3
2.2. Attention-Deficit Hyperactivity Disorder . . ... ... ... ... .. 4
2.3. Brain Connectivity . . ... ... ... ... ... .. . ... .. 4
2.3.1. Anatomical Connectivity . .. ... ... ... .. ....... 5
2.3.2. Functional Connectivity . . . .. ... ... ........... 5
2.3.3. Effective Connectivity . . ... .. ... .. ... ..... ... 6

2.4. Functional Near Infrared Spectroscopy (fNIRS) . . . . . ... ... .. 6
2.5. Mutual Information . . . . ... ... ..o oo oL 7
2.6. Testof Hypothesis . . . . .. ... ... .. .. .. ... .......... 9
2.6.1. Student'st-test . . ... ... .. ... o 9
2.6.1.1. Independentsamplest-test . . ... ... ... .... 11

2612, Pairedf-test. ... .................... 11

2.6.2. Analysisof Variance . . ... ... ... ... ... ... 12

3. METHOD . . .. . . . e 14
3.1. Experimental Protocol . .. ... ... .. .... ... ... ... . 14
31.1. Subjects . ... ... ... 14
3.1.2. Neuropsychological Experiments . . . . . ... ... ...... 14
3.1.3. DataCollection . . ... ... ... ................. 16

32. DataProcessing . .. ... ............... ... ... . ... 17

3.2.1. Mathematical Notation . . . . . . . . . . . . . ... ... .... 17



3.2.2. Mutual Information Matrices . . . ... .. ... ... ..... 19

323. Masking . .. ... ... ... 19

3.2.4. Calculation of Mask Matrices . . . ... ... ... ... .... 20

3241. Quadrants . ... ... ... ... .. ... .. ..., 20

3.24.2. Selectionof threshold . . . ... ... ... .. ... .. 22

3.2.4.3. Calculation of tyc values . . .. ............ 24

4. RESULTS AND DISCUSSION . . . . . . .. it e 26
5. CONCLUSIONS AND FUTUREWORK . . . . ... ... ... ....... 29
APPENDIX A: ANOVA SUMMARY TABLES . ... .............. 31
APPENDIX B: ANOVA BOXPLOTS . ... ... ... ... .......... 33
APPENDIX C: TABLE OF DISCRIMINATIVEPOWER . .. ... ... ... 35

REFERENCES . . . . . . e 37



Figure 2.1.
Figure 2.2.
Figure 2.3.
Figure 3.1.
Figure 3.2.
Figure 3.3.
Figure 3.4.
Figure 3.5.
Figure 3.6.
Figure 4.1.
Figure B.1.
Figure B.1.

X1

LIST OF FIGURES
Mlustration of how NIRSworks . . . ... ............. 7
NIROXCOPE 301 device components . . . .. ... ....... 7
General procedure of t-test applications . . . ... ... ... .. 10
The examples of word-pairs in Stroop test . . . . ... ... ... 15
NIROXCOPE30lusage . ... ................... 16
Sample plot of fNIRS recordings . . . . ... ... ... ..... 17
Placement of probes and source of signals. . . . . ... ... ... 21
Sample mask matrix . .. ... ... ..o oo oL 21
Calculation of ¢, values. . . . . ......... ... ...... 24
Corresponding ANOVA box of the sample mask matrix . . . . . 27
Mask matrix - ANOVA box plotpairs . . . ... ......... 33

Mask matrix - ANOVA box plot pairs (Continued) . . . . .. .. 34



Table 2.1.
Table 4.1.

Table A.1.
Table A.2.
Table A.3.
Table A 4.
Table A.5.
Table C.1.
Table C.2.

xii

LIST OF TABLES
Standard table of ANOVA. . . . ... ... ... ... ... ... 13
ANOVA summary table for the union of all quadrants. . . . . . . 26
ANOVA summary table for Q;-Q,. . . ... ... ... ...... 31
ANOVA summary table for Q,-Q;. . . . . ... ... . ..., .. 31
ANOVA summary table for Q;-Q;. . . . . ... ... .. ... .. 31
ANOVA summary table for Q;-Qg. . . . . .. ... ... .. ... 32
ANOVA summary table for Q-Qg. . . . ... ... ... .. ... 32
Table of discriminativepowers . . . . . .. ... ... ... .. .. 35

Table of discriminative powers (Refined) . . . . . ... ... ... 36



xiii

LIST OF SYMBOLS

Test of statistics

Significance Level

Standard Deviation



ANOVA
ADHD
CBF

df

DSM
DSM-1V
DSM-IV-TR
EEG
fMRI
fNIRS
MSE
MSTr
NIRS
SCID

Xiv

LIST OF ACRONYMS/ABBREVIATIONS

Analysis of Variance

Attention-Deficit Hyperactivity Disorder

Cerebral Blood Flow

Degree of freedom

Diagnostic and Statistical Manual of Mental Disorders
The fourth revision of DSM

A "Text Revision” of DSM-IV

Electroencephalogram

Functional Magnetic Resonance Imaging

Functional Near Infrared Spectroscopy

Mean Square for Error

Mean Square for Treatment

Near Infrared Spectroscopy

Structural Clinical Interview for DSM-IV-TR AXIS I Disor-

ders



1. INTRODUCTION

Functional neuroimaging is the field of study in which multitude of brain imag-
ing modalities are employed to investgate the neurobiological and anatomic changes
occurring during health and disease. Functional near infrared spectrocopy (fNIRS),
has shown promise among these modalities as a non-invasive, accurate, rapid and
comfortable technique that also posseses high sensitivity and specifity to cortical

hemodynamics, specifically the frontal lobe.

Attention-deficit hyperactivity disorder (ADHD) is a common pediatric disorder
persisting across adolescence and adulthood with characteristic symptoms of im-
pulsivity, lack of attention and hyperactivity [1]. Although these core symptoms
have been known to clinicians since the late 19th century, the methods used to diag-
nose ADHD revolutionalized dramatically. Studies with noninvasive structural and
functional neuroimaging techniques, i.e. MRI, identified significant abnormalities
in frontal regions of brain in ADHD patients [2-5]. A growing body of converging
data of ADHD patients implies decrease in frontal brain circuitry which is already

known to be responsible for attentional, cognitive and executive function [6].

The functional imaging techniques provided unparalelled ways to discover
the pathophysiology of ADHD and the biological effects of medications [6]. An
increasing number of influential research papers were published to investigate a
variety of psychiatric diseases via fNIRS [7-10]. Finally, analysis of ADHD via fNIRS
began to make an overwhelming impression on neuroscientists [11-13]. Studies
performed with fMRI & fNIRS mainly focused on “where” and “how much”. Recent
discoveries in neuroscience showed that the brain prefers to operate in a “connected”
way and share information to address a stimulus. New metrics of brain connectivity
were immediately employed by fMRI and fNIRS researchers [14-16] to investigate
the functional connectivity of the brain while subjects were engaged with a cognitive

tasks.



Application of information theory to fMRI analysis has well-known to be suc-
cessfull to reveal brain connectivity, for the last decade [17-20]. To the best of our
knowledge, {NIRS device has not yet been employed with an information theoretical
approach to investigate ADHD subjects. Therefore, this thesis attempts to address
the need to find an information theoretical method to investigate adults with ADHD
via functional connectivity of fNIRS signals. The main hypothesis we wish to ad-
dress is “ADHD manifests itself as a loss of connectivity in the prefrontal cortex but

it normalizes with medication”.



2. BACKGROUND

This study required a background on multidisciplinary areas including psy-
chiatry, neuroimaging, signal processing, information theory and statistics. Below
are brief explanations of the essential subjects that are meant to provide a firm

foundation for the rest of the chapters.

2.1. History of Mental Disorders

According to most historians, mental disorder was thought to be abnormal
behaviours which were seen as a victory of evil spirits over good spirit on human
body. Archaeological excavations help discover skulls with holes. Historian claims
that these skulls were cut away by a stone instrument to let the evil spirit leave
the body. This process, which is called trepanning, was replaced by a non-invasive

method of priests, namely exorcism [21].

The introduction of scientific approach to address abnormal behaviours dates
back to 1790s. The idea was pioneered by French physician Philippe Pinel who was
also known as a founder of modern psychiatry [22]. He suggested that mentally ill
people deserve to take medical treatment and could be treated by identifying both
psychological and physiological factors [23].

The biological model is proposed in late 19th century with the prominent
hazardous case of Phineas Gage, who is known as a survival of the accident in
which a bar stick was projected from his chin, out of the top of his head. He was
surprisingly alive with serious brain damage in his forehead. However, it was soon
realized that he turned out to be irreverent, profane and rude to his colleagues [24].
Harlow reported that damage in Cage’s brain, destroyed the equilibrium between
his intellectual faculties and animal propensities [25]. These studies presented a
clear case for a further and deeper investigation of brain dynamics to diagnose and

treat mental disorders.



2.2. Attention-Deficit Hyperactivity Disorder

Attention-deficit hyperactivity disorder (ADHD) is an early-onset psychiatric
disorder which poses characteristic behavioral symptoms of impulsivity, lack of at-
tention and hyperactivity across adolescence and adulthood. The signs of inattention
include daydreaming, distractibility, and difficulty focusing on a single task for a
prolonged period. The inattention component is accompanied by the hyperactivity

component which is expressed as fidgeting, excessive talking, and restlessness [26].

ADHD is a highly prevalent neurobehavioral disorder that afflicts children, in
particular. Related studies found that ADHD affects 8-12% of children worldwide.
Half of the ADHD diagnosed children have continuing symptoms persisting into
adulthood [27]. In recent years, the pravalence in adults is getting increasingly
recognized and society began to suffer from ADHD in terms of financial cost, stress

to families and disrupts in academic and vocational goals [26].

The complex etiology and strong genetic underpinnings make ADHD a mul-
tifactorial disorder. Although its etiology remains unclear, converging evidences
support the hypothesis that the underlying neurobiological factor of the disorder
is deficits in the frontal lobe functions and connections between frontal lobe and
key subcortical regions. The investigators of latest neuroimaging studies identified

common structural and functional brain abnormalities among ADHD patients [26].

2.3. Brain Connectivity

In the recent years, modern science played a key driving force to discover not
only the building blocks of brain but also the functional properties of brain. The
advancement in technology helped to appreciate the human brain as a complex net-
work of neurons which are responsible for executive functions including decision
taking, pursuing long-term goals, controlling thoughts [24]. Recent studies in neu-
roscience investigated the phenomenon underlying the functional activities of the

human brain by scrutinizing neural connections.



Friston suggests that there are different types of connectivity patterns which
can be applied to human brain. Anatomical connectivity refers to physiological and
structural connections among networks of neurons while functional connectivity
is described to be the statistical dependencies between remote neurophysiologic
changes. Effective connectivity is, on the other hand, causal relationship between

neuronal systems [28]. Brief explanation of each connectivity type is given below.

2.3.1. Anatomical Connectivity

The basic building blocks of brain are neurons. Each neuron is anatomically
connected to other neurons to communicate each other with electrochemical reac-
tions through synapses. Consequently, the brain works by forming networks of
interconnected neural cells that are specialized to transmit information. Briefly,

anatomical connectivity refers to the physical relationship of neuronal units.

2.3.2. Functional Connectivity

Unlike anatomical connectivity, functional connectivity does not imply a direct
physical connection. It is, rather, a statistical concept. The concept of functional
connectivity is defined by Friston as the correlations between spatially remote neurophys-
iological events [29] which refers to the statistical dependency of the physiological

changes across physically seperated neuron populations during experiments.

Introduction of functional connectivity concept has given weight to the long-
standing idea that mental ilnesses are direct consequences of the lack of commu-
nication among brain regions. The latest studies show that functional connectivity
analysis is considered to be the most reliable measurement method for the level
of mental diseases such as Alzheimer’s disease, epilepsy, ADHD and schizophre-

nia [30-35].



2.3.3. Effective Connectivity

Similar to functional connectivity, effective connectivity is defined as the sta-
tistical relationship between regions of brain. In contrast to functional connectivity,
effective connectivity is a causal relationship which is defined as the influence one
neuronal system exerts over another [29]. Putting it in a nutshell, effective connectivity

is considered to be the union of anatomical connectivity and functional connectivity.

2.4. Functional Near Infrared Spectroscopy (fNIRS)

The recent advancements in imaging technologies has offered neuroscientists
the golden opportunity to monitor cognitive functions of brain in correspondence
with the hemodynamic changes in cerebral blood flow (CBF). It is well-known that
a large fraction of energy resource, which is carried by the blood flow as glucose
and oxygen, is consumed by the brain [30]. Therefore, at any given time, the CBF
to the relevant neuronal units increases to address demand of a particular active
brain region. The basic principle of all brain imaging technologies is detecting and

mapping these hemodynamic changes in CBF and cerebral metabolism [30].

As one of the emerging brain imaging technologies, near infrared spectroscopy
(NIRS) has been shown to provide a non-invasive approach that relies on the fact that
oxygenated blood flow reflects different amount of light than deoxygenated blood
flow [36]. As a direct consequence, it can be inferred that activated brain regions
reflect different amount of light than inactive brain regions. fNIRS is the detection
and assessment of the optical changes of CBF associated with the functional activity

of the brain [37].

The differential light reflection can be precisely measured with high temporal
resolution by means of optical recording devices [30]. Basically, the source of light
emits the light through the skull and then the receptors measures the amount of light
reflected by the underlying tissues (See Fig.2.1). For a review of fNIRS technology,

please refer to the related references [37-39].
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Figure 2.1. [llustration of how NIRS works [37].

Figure 2.2. NIROXCOPE 301 device components. (1) A Gray phantom. (2) 4-LED
probe. (3) 10 photodetectors. (4) PCB. Adopted from [39].

The device that is used in this study is called NIROXCOPE 301 which was
built in Biophotonics Laboratory of Bogazici University [40-42]. It is a novel de-
vice developed specifically for fNIRS studies. It has 4 sources of light along with
10 surrounding light receptors (See Fig.2.2). At any moment, only a single light
source emits light while the surrounding 4 receptors are detecting and recording the
amount of reflected light. In this way, the crosstalk between adjacent brain regions

is minimized.
2.5. Mutual Information

There are a number of different types of methods to calculate statistical depen-

dency of neural activities, for instance mutual information analysis, one of the basic



measurement methods of Shannon’s Information Theory [43]. In contrast to other
types of metrics such as correlation and coherence, mutual information is appro-
priate choice of metric since it is a metric for also determining nonlinear statistical
dependencies of neural signals [44,45]. In addition, coherence function might be
zero even if the variables are related to each other as examplified in [46]. In contrast
to coherence function, the output of mutual information is consistent and zero if and
only if the signals are statistically independent [46]. Therefore, mutual information

is chosen as the dependency function.

There are a couple of different approaches to calculate mutual information. The
classical one is based on entropy and originated by Shannon [43]. On the other hand,
it can also be calculated based on coherence in frequency domain [14,46,47]. The

calculation of mutual information in this study is based on the method suggested

by [47].

Salvador et al. presented a method to calculate mutual information of time-
series (i, j) in frequency domain [14]. Zhou et al. modified and represented it as

follows [44] :

A2

61‘]‘ = i 108(1 - COhij(/\)) dA (21)
21 J

where the cross coherence function coh;j(A) is given as

(WP
cohii(A) = IRij(A)? = ———— 2.2
where f;;(A) is the cross spectral density between time-series (i, j); fi(A) and f;;(A) are

spectral densities of ith and jth time-series respectively [44].



2.6. Test of Hypothesis

2.6.1. Student’s t-test

Student’s t-test is one of the most commonly used statistical hypothesis test.
It is introduced by the British statistician William Sealy Gosset who published his
influential paper under the pseudonym Student [48,49]. It provides a method to
identify whether the variance of the difference between the two related set of data is

statistically significant. Student’s ¢-test statistics can be used when

e to test null-hypothesis that the population mean is likely to be equals to the
hypothesized value;

e to detect the difference between measurements collected from two different
groups of population;

e to estimate if there is a significant difference between the means of two mea-
surements collected from the same group, before and after an intervention in

an experimental study.

There are three types of t-test calculation such as one-sample t-test, independent
sample t-test and paired t-test. Although all types of t-test are similar in calculation,
the procedural overview of performing each type of t-test differs. The types of t-test
will be examined in the subsequent sections. For further details the related references

can be referred [50-53].

All types of t-test involves calculation of a t-score which is of the form given in

equation (2.3) [51].

estimate - parameter

t-score = (2.3)

standard error of the estimate

Briefly, t-test statistics is a method to measure the distance between the esti-

mated value and the parameter [51]. Fig. 2.3 shows the flow of the general procedure
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that is used in all types of t-test applications.

1 State the null hypothesis H, and the alternative hypothesis H;. After
completing the following series of steps, either Hy or H; will be accepted.

2 Calculate the t-score based on equation (2.3). The denominator varies
depending on the type of t-test applied. Hence, each type of t-test has its
own formula to calculate t-score.

3 Calculate degree of freedom (df) which depends on the type of t-test. The
formula of the degree of freedom is given under the section of each type of
t-test application.

4 Given «a as the the significance level, find the critical value t, 4 from the
table of t-distrubution.

5 Compare calculated t-score and ¢, 4. If t-score < t, 4¢, then the null

hypothesis H is accepted.

Figure 2.3. General procedure of t-test applications

One-sample t-test

One-sample t-test provides a method to test if the population mean is equal to
the hypothesized value. One-sample t-test let the experimenter test if his hypothe-
sized value for the mean is likely or unlikely to be true by comparing the average of
a randomly selected sample set against the hypothesized value. If the final outcome

of t-test calculation is in acceptance range, the hypothesis is accepted.

The equation t-score of one-sample t-test calculation is given as follows:

>

i

t-score = (2.4)

where X is the mean of sample set, i is the hypothesized value, s is the standard

deviation of the sample set and 7 is the size of the sample set [54]. The degree of
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freedom for one-sample t-test application is calculated as df = n — 1 [54].

2.6.1.1. Independent samples t-test. Independent samples t-test is used when two

groups of samples are not connected to each other in any way. It helps the experi-
menter compare the mean of measurements of two unrelated groups. For example,
the experimenter may wish to figure out if there is a significant difference between

the total amount of monthly expenditure of men and women.

The equation t-score of independent t-test calculation is given as follows:

X; - X
t-score = ! 2 (2.5)

n1512+n2522 ni+np
ni+npy—2 niny

where X; is the mean, s; is the standard deviation, n; is the size of the sample set
where i € {1,2} [54]. The degree of freedom for independent t-test application is
calculated as df = n; + np, — 2 [54].

2.6.1.2. Paired t-test. In paired t-test calculation, unlike the independent samples

t-test, the measurements are collected from the same participant at different times
or from different sites. The paired t-test compares the measurements within par-
ticipants, in other words the measurement of a participant collected at an earlier
status is compared with the measurement of the same participant collected at later
status [52]. Therefore, what is important in paired t-test method is not the variation
between different participants but variation between pairs of measurements [50].
In this sense paired t-test method suit best for detecting treatment differences or

treatment efficency.

The equation t-score of paired t-test calculation is given as follows:

X-Y
SD.

v

t-score =

(2.6)
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where X and Y are the first and second observations, respectively, D is the difference
between the first and second observation within a pair, sp is the standard deviation
of the differences D and 7 is the number of observations [54]. The degree of freedom

for independent t-test application is calculated as df = n — 1 [54].
2.6.2. Analysis of Variance

Broadly speaking, the analysis of variance (ANOVA), refers to the statistical pro-
cedure to estimate the variation within the sets of experimental data. The main
difference of ANOVA from t-test is that ANOVA can be applied also to more than

two datasets.

In the scope of this study, one-way ANOVA, which is the most common and
simplest type of ANOVA, is implemented. Basically, it involves analysis whether
there is a significant difference within means of three or more particular datasets
that are categorized by only one factor [54]. For instance, in this study, the effect
of medication is the key factor that differentiates the measurements taken from the

subjects.

Once one-way ANOVA is decided to be applied, the next step is to state the
null hypothesis Hy. Hj is usually stated as the means of the experimental data sets are
identical. In other words, all samples are drawn from populations that have identical
mean value. On the other hand, the alternate hypothesis H; is stated as at least one of
the experimental data sets have different mean value from the rest of the experimental data

sets.

The application of one-way ANOVA test follows calculation of the following
series of formulas such as the mean square for treatment (MSTr), the mean square for error

(MSE) and the test statistics F.

1
MSTr = %Z (X - %) 2.7)

i
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I
_ 1 2
MSE = Tzi‘ 3 (2.8)
MSTr
= 2.
MSE 29)

where [ is the number of data groups compared, | is the number of observation in

each data group, S; is the variance of the samples in ith data group.

The equations (2.7), (2.8), (2.9) form the anatomy of one-way ANOVA analysis.
The accompanying Table 2.1 is the standard tabular way of showing the results of

these equations.

Table 2.1. Standard table of ANOVA.

Source of Variation df Mean Square f
Treatment I-1 MSTr MSTr/MSE
Error I(J-1) MSE

Total IJ-1

As a final result, the value of F provides evidence for or against the acceptance
of the null hypothesis Hy. It can be noted that H is true as long as the means of
the groups are identical resulting in small value of MSTr. On the other hand, MSE
depends only on the variance and not on where the means of various distributions
are centered. Consequently, F > 1 case corresponds to the inequality MSTr > MSE.
Thus, F > 1 case casts considerable doubt on the validity of Hy. After F is calculated,
it is evaluated by the cutoff value c where the rejection region is F > ¢ and acceptance
region is F < c. Given the significance level a, which is typically either 0.05 or 0.01,
the cut off values are determined by looking up F-Distribution table [54]. To putin a
nutshell, when applying one-way ANOVA analysis, Hj is not rejected as long as the

calculated F value is within the acceptance region.
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3. METHOD

3.1. Experimental Protocol

3.1.1. Subjects

The experimental group consists of 10 ADHD subjects (Age: 18-34, 4 females,
6 males) which are diagnosed by the standard diagnosis criteria of ADHD, namely
Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition (DSM-1V) [55]. On
the other hand, a group of 12 age and gender matched healthy subjects are enrolled

to form the control group.

Structured Clinical Interview for DSM-IV, namely SCID-I [56], is applied to
both ADHD subjects and healthy controls in order to investigate their current and
lifetime psychological status such as anxiety disorder(social phobia), schizophrenia,
major depression, substance dependence (except for smoking) and bipolar affective
disorders. The interview revealed that one of the ADHD subjects had current anxiety
disorder, three of the ADHD subjects had a lifetime history of major depression.
SCID-I showed that healthy controls had no current psychiatric diagnosis. Besides,
three of the ADHD subjects were asked to stop taking regular MPH medication at
least 48 hours before the assesment. The protocol has been approved by the Ethics
Committee of Ankara Yildirim Beyazit Training and Research Hospital, formerly

known as Diskap1 SSK Hospital.

3.1.2. Neuropsychological Experiments

The subjects performed a revised version of the color-word matching Stroop
interference test [57]. The Stroop test is often employed to investigate attention
related disorders, ADHD in particular [58,59]. The proven success of Stroop test
to measure the inhibition ability of competing responses made it indispensable

technique to investigate attentional disorders. It is even considered to be “The Gold
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RED GREEN

BLUE BLUE BLUE

XXXX BLUE GREEN

RED BLUE BLUE

(a) Neutral word-pairs (b) Congruent word-pairs (c) Incongruent word-pairs
Figure 3.1. The examples of word-pairs in Stroop test. The stimuli on the top row are
to be marked “wrong” or “unmatched” while the stimuli at the bottom are “correct”

or “matched”. Adopted from [38].

Standard” of attentional measures [60].

During the Stroop test, subjects were presented a stack of two words as shown
in Fig. 3.1 The upper word is ink colored, whereas the lower one is in solid black.
The subject was supposed to detect the word-pairs in which the lower word is the

color name of the upper word. The meaning of upper word has no importance.

The task involves detecting congruent, incongruent and neutral word-pairs.
In incongruent case, the color of upper word is conflicting with the lower word (e.g.
GREEN the upper word, RED as the lower word). In congruent case, on the other
hand, the lower word is exactly naming the color of the upper word (e.g. RED
as both the upper word and the lower word). In neutral case, a nonverbal control
stimulus is introduced as the upper word to reduce interference effect (e.g. a series of

X’s in GREEN as upper word, RED or GREEN as lower word) [61].

The subject is asked to detect conflictions in word-pairs and press left mouse
with their forefinger in match cases, press right mouse button in with their middle

finger in unmatch cases. Stacks of word-pairs are screened in sequence with the
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m Detector
e LED

(a) NIROXCOPE 301 alignment [62] (b) NIROXCOPE 301 in action [64]
Figure 3.2. NIROXCOPE 301 usage.

maximum allowed response time of 2.5 seconds [62]. The interstimulus interval is 4
seconds. Each case is presented in a block containing 6 questions spaced 4 seconds

apart. A rest of 20 seconds follows each block.
3.1.3. Data Collection
The datasets published in [39,63], is used as the data source in this study:.

Experiments were carried by using NIROXCOPE 301 aligned on the forehead of
the subject as shown in Fig. 3.2a. In order to prevent sweating and external interven-
tion, the experiment were carried in an isolated room with controlled temperature

as shown in Fig. 3.2b

In each experimental run, the raw data collected from each detector is used to
calculate the relative oxygenation change in CBE. The calculation was performed
according to modified Beer Lambert Law [42,62]. Then, the calculated data is
preprocessed by applying band pass filter at 0.03-0.25 Hz to eliminate outlier spikes.
The band pass filter was implemented by using the “butter” command in MATLAB.
Since NIROXCOPE 301 provides data for 16 channels, the final outcome was series
of 16 fNIRS signals which are represented by {s},°,. Fig. 3.3 shows a plot of 16
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overlayed fNIRS signals recorded from a subject during an experimental run.

1 1 1 1 1 1
0 200 400 600 800 1000 1200 1400

Figure 3.3. The plot of 16 fNIRS signals recorded from a subject during an experi-

mental run.

To sum up, in each experimental run, a group of 16 fNIRS signals are obtained

from the subject.

3.2. Data Processing

3.2.1. Mathematical Notation

In this section, the notations that are frequently used in subsequent sections

will be explained.

Let X and Y be n X m real matrices. The ith, jth entry of matrix X is represented

as [X[;;. &-threshold operator on matrix X defined as

[XIi;, [Xli;=¢,
[T(X, )], = (3.1)

0, otherwise.
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Similarly, the binary threshold operator is defined as

1, [X]L] >0,
[ﬁ(X)]l] = (3.2)

0, otherwise.

Array multiplication of X and Y is defined as
[XOY]; = XY (3.3)

Let M be a binary n X m matrix, that is [M];; € {0, 1}. Then matrix X masked by matrix
M would be X © M.

The average of nonzero entries of X © M is defined as

s

Y.

i=1j=1

[Xo M]i]'

AMX, M) = (3.4)

=7

Y. [M];;

i=1 j=1

Finally, a sequence X1, Xy, . .., X, of nxm real matrices is represented by {Xi};_,.

The average of the sequence is defined as

p() =5 Y X (35)

Note that 7(X, &), p(X), XO Y, and u ({Xk}zzl) are n X m real matrices. A(X, M) is

a real number.
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3.2.2. Mutual Information Matrices

Let {s¢},2, represents the channels of 16 fNIRS signals recorded from a subject,
during a single experimental run. Let the signal pair s; and s; has the mutual
information value that is denoted by I(s;, s;). I(s;, s)) is calculated by the MATLAB
toolbox for functional connectivity given in [44]. Then, the 16 X 16 mutual information

matrix of the subject is defined as
[X]i; = I(si, 55). (3.6)
where i, j€{1,...,16}.

The group of 10 ADHD subjects are assigned to the experimental group and
12 control subjects to the control group. Each subject in experimental group is
involved in two experimental runs which are executed when they are with and
without medication in a cross-over manner denoted by ADHD-ON, ADHD-OFEF,
respectively. On the other hand, a single experimental run, which is denoted by

CONT, is performed for the control group.

Then, the mutual information matrices of ADHD-OFF, ADHD-ON, and CONT

data are denoted as {Ak};gl, {Bk},ﬁl, and {Ck}iil, respectively.

3.2.3. Masking

It is an expected result that the higher values in 16 X 16 mutual information
matrices imply higher mutual information between the corresponding signal pairs.
Likewise, the lower values in 16 X 16 mutual information matrices imply that the
corresponding signal pairs are unrelated. A binary mask matrix M can be used to
eliminate the low values of 16 X 16 mutual information matrices. The calculation

method of M in question will be explained shortly.

The masking operator © is used to eliminate the low values. For instance, the
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sequence of 10 ADHD- mutual information matrices {Ak},ﬁl, can be masked by M to
obtain a masked sequence {A; ® M};’,. By applying the average of nonzero entries

operator A, a sequence of 10 real numbers, {a;};°, = {A(A}, M)},2,, is obtained.

As for the ADHD-ON case, similar process is performed to obtain another
sequence of 10 real numbers, {bk}}(g1 = {A(Bx, M)},ﬁl. Finally, a sequence of 12 real
numbers, {0, = {A(Cr, M)};2,, is obtained by applying the very same process to
the control group CONT.

3.2.4. Calculation of Mask Matrices
The existence of temporal correlation in a pair of regions of brain depends on
the statistical relationship between the corresponding pair of signals. Therefore, the

region pairs with high temporal correlations are expected to produce signal pairs

with high mutual information value.

3.2.4.1. Quadrants. The locations of brain where 16 aptodes are placed as shown

in Fig. 3.4. In this study, adjacent signals are grouped into quadrants as in Fig. 3.4
and Fig. 3.5. More precisely, the 4 quadrants are Q, = {sy, 52, 53,54}, Q, = {s5, 56,57, 53},
Q3 = {s9,510,511,512} and Q4 = {s13, 514,515, 516}, Which correspond to the left lateral
prefrontal cortex, the left medial prefrontal cortex, the right medial prefrontal cortex

and the right lateral prefrontal cortex, respectively.

Then, the mutual information I(s;, s;) where s; € Q, and s; € Q, with x,y €

{1,2,3,4} can be masked by means of a 16 X 16 mask matrix defined as

1, SiGQx,S]'EQy andi>j,
[Rey)ij = (3.7)
0, otherwise.

Note that Ry, is defined to be an upper triangular matrix with Os at the diagonal.

Since mutual information is symetric, that is I(s;, s;) = I(s;, s;), analysis is limited to



Figure 3.4. Placement of probes, source of signals and quadrants on the brain.
Adopted from [41].

o}
10|11

Figure 3.5. An 16 X 16 sample mask mat The lower gl and the diagonal
es are all 0. Grouping of the signals into quadran also shown.
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the upper triangular part of mutual information matrix. The mutual information of
a signal with itself is, by definition, 1, therefore the diagonal entries do not carry

meaningful information.

3.2.4.2. Selection of threshold. In the mutual information matrix, the high mutual

information values imply high functional connectivity, where low mutual informa-
tion imply low functional connectivity between the corresponding signal pairs. In
order to focus on the high functional connectivity, the low mutual information val-
ues can be masked out by means of a proper mask matrix M. To do so, &-threshold
operator with a proper £ is applied. It can be easily noted that 0 < £ < 1 since

0<I(,j)<1.

The entries of the mutual information matrices, where the medication makes a
statistically large difference, are essential and meant to provide reliable information
which will be of use to identify mask matrix M. The “large” difference is iteratively

identified by the thresold &.

Let’s determine an acceptable upper limit for . Given the sequences {Ai},2,

and {Bk},ﬁ1 of mutual information matrices, consider the difference of the averages

A= p({Bhly) - (1Ah2).- (3.8)

which is also an 16 X 16 matrix. Then, on the average, the maximum effect of the

medication in mutual information would be
& =max{[Al;;} where ije(l,...,16}. (3.9)
Use & as an upper bound for &.

Now a metric is needed to identify a proper &, where 0 < £ < &, which results

high functional connectivity in the quadrants. The discriminative power of threshold
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&, which is described below, is used as the metric to identify a proper &.

Let t,,c represent the score of t-test as a function of threshold ¢ and quadrants
pairs x-y. The algorithm used to calculate t,,: will be given shortly. A score, which
is less than 0.05, is considered to be statistically significant while a score is said to be
statistically insignificant if it is greater or equal to 0.05. For a given ¢, t,¢ is calculated
for all quadrant pairs x-y. As a result, some quadrant pairs have statistically signif-
icant and on the other hand some others have statistically insignificant t,,: scores.
The discriminative power of & is the difference between the number of the statistically

significant scores and the number of the statistically insignificant scores, for a given

threshold &.

Table C.1 in Appendix C contains values of t,,: with respect to different x, y, &
values. The rows correspond to the 10 quadrant pairs, along with the one which is
the union of all masks. The columns correspond to the possible discrete values of
threshold & in the range of [0 — 0.16] with increments of 0.01. The upper bound is
chosen as 0.16 since &y = 0.1564.

For a given threasold &, the significant values imply high functional connec-
tivity while the insignificant values imply low functional connectivity in the corre-
sponding quadrant pairs. Besides, the N/As imply that none of the entries in the
mutual information matrix that corresponds to the quandrant pairs x-y is greater
than the threasold &, hence, t-test is not applicable. The N/As may also be considered
as information loss due to increase in &. So, there is a tradeoff between information
loss and filtering quadrant pairs with high functional connectivity. Intuitively, to find
an optimum solution for the trade-off, the lowest & value that meets the following

two selection criteria, is chosen.

e Having the highest discriminative value

e Results no insignificant score.

In this point of view, the optimum value of £ is found to be 0.08 in Table C.1.
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Table C.2in Appendix C is a refinement of the range [0.07—0.08] with increments
of 0.001. Eventually, £ = 0.076 is chosen, since it is the lowest £ value that meets
the selection criteria. In both tables, bold formatted cells represents the statistically

significant values.

3.2.4.3. Calculation of t,,c values. Below is a step by step explanation of Fig. 3.6.

Input: The set of region pairs x, y such thatx <y and x,y€{1,2,3,4}
and the set of threasold & such that 0 < & < &p.

Output: The value of t,, with respect to variables x,y and &.

1 begin
2 foreach & such that 0 < £ < &g do
3 e — T(A,€)
4 e — B(te)
5 foreach x, y pairs such that x <y and x,y €{1,2,3,4} do
6 M,ys < B ORy,
7 fork=1to10 do
8 ar «— A (Ak, Mxyg)
9 b — A (Bi, M)
10 end
11 beye — t-test ({a, , (ki)
12 end
13 end
14 end

Figure 3.6. Calculation of t,,¢ values.
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For each values of &,

(i)

(if)

(iii)

(iv)

(v)

Apply &-threshold operation to obtain thresholded A matrix
(A, &) (3.10)

Create a binary matrix from the threasolded matrix by replacing all values

above zero.

B(T(A, &) (3.11)

For each binary matrices calculated as a result of eq. (3.11), the following series of steps
are performed.

Consider the quadrants x and y. The binary matrix is masked by R,, by appling
© operation to filter region of interest. Pick M,,¢ as a candidate binary mask

matrix.
Mxyé = ﬁ (t(A ) O ny (3.12)

Apply average of non-zero entries operator A using mask M, to the sequence

of matrices to obtain a sequence of real numbers

0, = (A (A M)} and 1012 = (1 (B Mye)) . (313)

that are related to the region of interest R,,.
Apply t-test to {ax)}’, and {b};, and then obtain twye which is a function

of x, yand &.
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4. RESULTS AND DISCUSSION

A one-way ANOVA analysis was conducted among three groups of data,
namely ADHD-OFF, ADHD-ON and CONTROL, to compare the effect of MPH

on different prefrontal regions of brain.

Given the significance level of @ = 0.05, the result F = 6.86,p = 0.0036 in Table
4.1 indicates that the values of three groups differ significantly from each other.
Moreover, the medians of three groups in Fig. 4.1 show that MPH increases the

connectivity of prefrontal region of brain towards that of control group.

As to the pairs of quadrants, Q, - Q3, Q; - Q3 and Q5 - Q, yielded significant
difference with the results of F = 7.59,p = 0.0022; F = 10.57,p = 0.0004; F = 5.15,p =
0.0122 respectively. Also, the pairs of quadrants Q, —Q, showed marginal significant
difference with the ratio F = 3.11,p = 0.0598. On the other hand, the comparison
between the pairs of quadrants Q;-Q; showed no significant difference with the F
ratios F = 1.04,p = 0.3674. The list of ANOVA summary tables are grouped in
Appendix A. The corresponding mask matrices and ANOVA notched box plots for
the pairs of quadrants can be seen in Appendix B. Put in a nutshell, the ANOVA
analysis revealed significant difference in mutual information between several brain

regions.

In information theory, signal-to-noise ratio can be used as a metric to quantify

information rate. In neuroscience, the neural network is considered to be a noisy

Table 4.1. ANOVA summary table for the union of all quadrants.

Source of Variation df Mean Square F P
Treatment 2 0.06891 6.86 0.0036
Error 29 0.1004

Total 31
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Mask for the unity of all regions Comparison of M for all quadrants, p= 0.0036237
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(a) The mask matrix (b) ANOVA box plot

Figure 4.1. The mask matrix and the corresponding ANOVA box plot obtained by
the ANOVA analysis applied to the union of all quadrants.

information source [65]. Hence, it can be concluded that the lower neural noise is,
the higher the information that the signals carry. In this study, the information rate
is evaluated by means of mutual information metric. The results revealed that right
and left inferior prefrontal cortex (Q; and Q,) in ADHD-OFF subjects exibits low
mutual information values indicating higher noisy information flow. We came up
with a conclusion that MPH medication lowers the noise level, thus, maximizes the
signal-to-noise ratio and information flow. Our results are consistent with previous

studies which suggests ADHD subjects have low signal-to-noise ratio [66,67].

It is said that the prefrontal cortex is one of the least well-understood re-
gion [68]. Attempts to effectively reveal the function of prefrontal cortex in func-
tional neuroimaging have reported that right inferior prefrontal cortex mediates
response inhibition and confliction detection [69,70]. In this study, the right inferior
prefrontal cortex corresponds to the quadrant Q. So, the marginal significant differ-
ence among the signals in quadrant Q, shows that administration of MPH in ADHD
subjects increases the ability of response inhibition and confliction detection in the
right inferior prefrontal cortex. Hence, the mutual information among the signals in

quadrants Q, seems to be an indirect indicator of ADHD.
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Among the results, the significant difference between left and right medial pre-
frontal cortex (Q,-Q;) in Table A.2 and Fig. B.1b led us to an interesting conclusion.
Since left and right medial prefrontal cortexes are located in different hemispheres,
the information flow between these regions has to be carried over the corpus callosum
which is a kind of bridge between the hemispheres. In many previous studies, the
size of corpus callosum has been reported to have abnormalties in ADHD disor-
dered individual [71-73]. Buchmann suggests that MPH may indirectly improve
the function of callosal regions [74]. Our findings also support previous studies
and show that administration of MPH may somehow improve the interhemispheric
communication over the corpus callosum which is considered to be impaired in
ADHD individuals. Yet more, we conclude that the improvement can be observed
by the mutual information analysis on the temporal brain signals obtained from left

and right medial prefrontal cortex (Q,-Qj).

The small number of ADHD subjects is the outstanding limitation of this study.
In order to reduce the probability of Type I error, we have chosen a very low signifi-
cance level a = 0.05. Thus, the results are so significant that the Type I error is very

unlikely.

Another important limitation of this study stems from the inability of fNIRS to
penetrate the deep regions of the brain. Therefore, investigating relations between
the frontal region and the internal region of the brain had to be out of the scope of the
study. This kind of investigation is particularly needed to examine the connectivity

between the prefrontal cortex and corpus callosum.

As a result, the information theoretical analysis lend enough credibility and
evidence to the hypothesis that MPH normalizes ADHD subjects towards healthy

controls.
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5. CONCLUSIONS AND FUTURE WORK

Attention-deficit hyperactivity disorder is a common pediatric disorder persist-
ing across adolescence and adulthood with characteristic symptoms of impulsivity,

lack of attention and hyperactivity.

As one of the emerging brain imaging technologies, near infrared spectroscopy
(NIRS) is used to detect and record brain signals that corresponds to hemodynamic

changes in cerebral blood flow (CBF) during specific activities.

The aim of this study is to find out a statistical measurement model for mental
diseases, particularly ADHD, by analysing brain signals with mutual information

metric.

A group of 10 ADHD subjects (Age: 18-34, 4 females, 6 males) which were
DSM-IV diagnosed formed the experimental group. On the other hand, a group

of 12 age and gender matched healthy subjects were recruited to form the control

group.

The subjects performed a revised version of the color-word matching Stroop
interference test. During the Stroop test, subjects were presented a stack of two
words. The upper word is ink colored, whereas the lower one is in solid black. The
subject was supposed to detect and press left mouse button when the lower word
is the color name of the upper word or press right mouse button otherwise. The

meaning of upper word had no importance.

Mutual information analysis was carried out to quantify the information flow
between regions of brain. Statistical analysis was performed to highlight the effect
of medication on ADHD subjects. As expected, the medication made statistically
significant difference on functional connectivity of brain regions. The results were

finally compared by the previous studies and it is shown that the findings obtained
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in this study overlap with those of previous studies.

As a result, the information theoretical analysis supported our hypothesis that

MPH normalizes ADHD subjects towards healthy controls.



APPENDIX A: ANOVA SUMMARY TABLES

Table A.1. ANOVA summary table for Q;-Q;.

Source of Variation df Mean Square f P
Treatment 2 0.02762 1.04 0.3674
Error 29 0.02664

Total 31

Table A.2. ANOVA summary table for Q,-Q;.

Source of Variation df Mean Square f p
Treatment 2 0.0713 7.59 0.0022
Error 29 0.0094

Total 31

Table A.3. ANOVA summary table for Q3-Qs.

Source of Variation df Mean Square  f Y
Treatment 2 0.11734 10.57 0.0004
Error 29 0.0111

Total 31

31



Table A.4. ANOVA summary table for Q;3-Q,.

Source of Variation df Mean Square f P
Treatment 2 0.07092 5.15 0.0122
Error 29 0.01377

Total 31

Table A.5. ANOVA summary table for Q,-Q,.

Source of Variation df Mean Square f p
Treatment 2 0.0797 3.11 0.0598
Error 29 0.02563

Total 31

32
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APPENDIX B: ANOVA BOX PLOTS
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Figure B.1. The mask matrices (Left) and the corresponding ANOVA box plots

(Right).
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