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ABSTRACT

DISEASE SIGNATURE EXTRACTION FOR OBSESSIVE COMPULSIVE
DISORDER USING EFFECTIVE CONNECTIVITY ANALYSIS BASED ON
DYNAMIC CAUSAL MODELLING

Yiiksel, Alican
M.S., Department of Electrical and Electronics Engineering

Supervisor : Prof. Dr. Ugur Halict
Co-Supervisor : Prof. Dr. Metehan Cicek

February 2016, 09 pages

In neuroscience, there exist some studies on activations of human brain used to de-
tect mental disorders and to extract their signatures. Obsessive Compulsive Disorder
(OCD) is one of the most common mental disorder that is encountered. Although
there are many studies concern about this disorder by using functional Magnetic Res-
onance Imagining (fMRI), there exist very limited studies for extracting OCD sig-
nature that is extracting features from brain activity data to discriminate successfully
OCD and healthy subjects. Unlike the past studies which used functional connectivity
analysis on fMRI to extract signature of OCD, the aim of this work is to discriminate
human brain activities between OCD patients and healthy ones by using effective
connectivity analysis. For this purpose, Dynamic Causal Modelling (DCM) is used
on the task related fMRI data that were taken from 12 healthy people and 12 OCD
patients. Models are estimated by Bayesian Method by fitting the predicted BOLD
signals to real signals measured and so to determine the best fitted neuronal state
parameters. After that, these effective connectivity parameters are used as features
for each subject and Support Vector Machine (SVM) classification method is used to
discriminate OCD and control group.

Keywords: Obsessive Compulsive Disorder, Dynamic Causal Modelling, fMRI
Support Vector Machine
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_ NEDENSEL DINAMIK MODELLEMEYE DAYALI EFEKTIF
BAGLANTISALLIK ANALIZI KULLANILARAK OBSESIF KOMPULSIF
BOZUKLUK ICIN HASTALIK IMZASI CIKARILMASI

Yiiksel, Alican
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii
Tez YOneticisi : Prof. Dr. Ugur Halic1
Ortak Tez Yoneticisi : Prof. Dr. Metehan Cicek

Subat 2016 ,[09| sayfa

Norobilim alaninda, zihinsel hastaliklari tespit etmek ve bu hastaliklarin imzasin ¢1-
kartmak i¢in insan beynindeki aktivasyonlar iizerine ¢calismalar yapilmaktadir. Obse-
sif Kompulsif Bozukluk (OKB) da ¢ok sik karsilagilan zihinsel hastaliklardan birisi-
dir. Islevsel Manyetik Rezonans Goriintiilleme (iMRG) teknigi kullanilarak bu hasta-
lik tizerine bir¢ok ¢alisma yapilmasina ragmen, hastalik imzasinin ¢ikarilmasi iize-
rine yapilan caligmalar ¢ok kisitlidir. iMRG ile iglevsel baglantisallik analizi kullani-
lan eski ¢aligmalarin aksine, bu calismanin amaci efektif baglantisallik kullanilarak
OKB hastalari ile saglikli insanlarin beyin aktiviteleri arasindaki farki tespit etmek-
tir. Bu amac¢ dogrultusunda, 12 OKB hastas1 ve 12 saglikli insandan alinmis gérev
temelli iMRG verileri iizerine Dinamik Nedensel Modelleme (DNM) kullanilmagtir.
Modeller 6ngoriilen ve dl¢iilen isaretleri esleyen Bayes¢i method kullanilarak tahmin
edilmistir. Bu method ayn1 zamanda en uyumlu efektif baglantisallik degerlerini de
belirlemistir. Bu asamadan sonra, bulunan efektif baglantisallik degerleri her bir kisi
icin Ozellik olarak kullanilmistir ve bu 6zellikler ile OKB hastalar1 ve saglikli kisiler
Destek Vektor Makinesi (DVM) ile simiflandirilimstar.

Anahtar Kelimeler: Obsesif Kompulsif Bozukluk, Dinamik Nedensel Modelleme
iIMRG, Destek Vektor Makinesi

vi



to my wife...

vii



ACKNOWLEDGMENTS

Foremost, I would like to thank my thesis advisor Prof. Dr. Ugur HALICI who has
supported me continuously with her motivation.

Besides my advisor, I would like to thank my co-advisor Prof. Dr. Metehan Cicek
who gave me very interesting informations beyond this work.

I also thank my thesis committee for their insightful comments and questions.

I would like to thank ASELSAN for their permissions for attending classes. Also, I
thank my colleagues.

I also thank TUBITAK for their supports with TUBITAK-BIDEB Master of Science
scholarship.

I am grateful to my friends, Sami Bolat, Kamil Nar, Firat Ocal, Orhan Ahmet Celik,
Abdurrahman Vural, Murat Mercanli and Murat Akpinar for their support throughout
the development and the improvement of this thesis.

Ozgiir Y1ilmaz and Emre Kale gave much contributions to this thesis and I am very
grateful to them.

I also thank to my family for their valuable support.

Above all, I thank Nazli Yiiksel for her peerless support and I am grateful to every
moment she stands by me.

viii



TABLE OF CONTENTS

ABSTRACTI. . . . ..ot v
OZ. . . vi
ACKNOWLEDGMENTS]. . . . . . .. ...t viii
TABLEOFCONTENTS . . . . .. ... ... ix
LISTOFTABLES] . . .. ... .. ... ... xiii
................................ Xiv

LIST OF ABBREVIATIONS

CHAPTERS
1 INTRODUCTIONI 1
2  THEORETICAL BACKGROUND! 7
2.1 Functional Magnetic Resonance Imaging| . . . . . . ... .. 7
2.2 Effective Connectivity Analysis| . . . . . . .. ... .. ... 9
[2.2.1 Dynamic Causal Modelling|. . . . . ... ... .. 10
2.2.1.1 Neuronal State Analysis|. . . . . . .. 13
2.2.1.2 Hemodynamic Response] . . . . . .. 15
(I'he Balloon Modell . . ... ... .. 15

X



[2.2.1.3 BOLD Signal Change Equations| . . . 16

[2.2.1.4 Bayesian Method For Model selection [

[ 17

[2.3 Pattern Recognmition| . . . . . . ... ..o oL 21
2.3.1  Feature Extraction| . . ... ... ......... 21
[2.3.2 Support Vector Machmne, . . . . ... ... ... 22
[Linear SVM Algorithm:|. . . . . . .. 23

Prmalforml . . ............ 24

Dualforml . . ............. 25

[Biased and unbiased hyperlanes|. . . . 26

Soft Margin| . . ... ... ... ... 27

[Dual form for Soft Margin| . . . . .. 28

nlinear classificationl . . . . . . .. 29

2.3.3  Performance Measures| . . . . ... ... ..... 30
[True Positive (TR)]. . . . . . ... .. 30

|[False Positive (FR)[ . . . . . .. . .. 31

[False Negative (EN)[ . . . . . . .. .. 31

[True Negative (IN)[ . . . . ... ... 31

234  Cross Validation| . . . ... .. ... ....... 32
[Leave one out cross validation| . 32



3 THE DATASET AND EFFECTIVE CONNECTIVITY ANALYSIS =~ |

APPLIEDI

B

fMRI Experiment and Data Acquisition|. . . . . . . ... ..

[3.1.1 Data Acquisition| . . . .
(3.1.2 Participants| . . . . . ..
[3.1.3 Experimental Process| . .
[3.1.4 Preprocessing| . . . . . .

B2

Effective Connectivity Analysis| . .

321

‘The Proposed Neuronal Circuit template for Sup-

presion task (NC template)] . . . . . .. ... ...

B23

DCM Estimations and Bayesian Selections| . . . .

53.1

xi

43




forN=2 . . .............. 67

forN=3 ................ 67

forN=4 . ............... 68

forN=3 . ............... 68

6 _CONCLUSIONS| . . . .ottt e e e 71
REFERENCES] . . . . . o oo o 73

APPENDIX A COMPETING MODELS! 77

APPENDIX B~ SUCCESSIVE 3 MODELSI 85

APPENDIX C  COSINE SIMILARITY] 97

xii



LIST OF TABLES

TABLES

Table [1.1 Pattern recognition studies related to classification of Obsessive |
| compulsive Disorder (OCD) versus Control group, LOO-CV stands for |
| Leave One Out cross Validation[Jff . . . . . .. . ... ... ... .... 5

Table[3.1 Mean and Standard Deviation of some features of subject [2l]] . . . . 34

Table |3.2 Block Diagram of Experiment: I: Imagination, S: Suppression, E: |
| Erasing, Fl: Free Imagining, R: Resting[2lf| . . . . ... ... ... ... . 35

Table 3.3 Significant activations observed in [1] . . . . . ... ... .. ... 40

Table[3.4 The MNI coordinates which have local maximum inside concerned |

.................................... 43
Table|5.1 DCM results of best five model for OCD group| . . . .. ... ... 59
Table|5.2 DCM results of best five model for healthy group| . . . . . ... .. 59
Table[5.3 Means and standard deviations of Healthy group in model HI81] . . 60
Table[5.4 Means and standard deviations of OCD group in model PI181| . . . . 60

Table|[5.5 Mean values and standard deviations of OCD group in model P188| . 62

Table|5.6 Mean values and standard deviations of healthy group in model H188| 63

Table|S.7 The number of Feature Components| . . . . ... ... ... .... 65
Table[5.8 SVM Performancel. . . . . . . ... ... ... ... ... ... 66
Table5.9 Performace of bestmodelsl . . . ... ... ... ... ... .... 69
Table|C.1 Cosine Similarity Results| . . . . . .. ... ... ... ... ... 99

xiil



LIST OF FIGURES

FIGURES

Figure[2.1 'The images of (A) oxygenated and (B) dexoygenated blood [3]] . . 8
Figure[2.2 fMRI Images show "Training Effect in Rostral Anterior Cingulate [
| Cortex",[4ll| . . . . . . . . 9
Figure|[2.3 Hemodynamic Forward Model [Sf. . . . .. ... ... ... ... 12
Figure[2.4 Representation a sample neuronal state [6] | . . . . . .. ... ... 14

Figure[2.5 Support Vector Machine: hyperplane boundary and support vectors | 22

Figure[2.6 Mislabeled Examples| . . . . . .. ... ... .. ... ...... 27
Figure[3.T The shape used in data acquistion [2] . . . . . ... ... ... .. 35
Figure (3.2 Steps considered in Preprocessing| . . . . . . ... ... ... ... 36
Figure (3.3 User interface of SPM8 showing operations for Preprocessing| . . . 37

Figure|3.4 Coregistration (a) Low resolution functional images, (b) High res- |

| olution images after coregistration [17] . . . . . . .. ... ... ... .. 37
Figure(3.5 Smoothing[7]f. . . . . .. ... ... ... . 38
Figure[3.6 'The Template Neuronal Circuit proposed for Suppression task| . . . 41
Figure|3.7 'The User Interface of VOI Extraction| . . . . . .. ... ... ... 42

Figure 4.1 'The diagonal subject is test subject while the others are used for |

| training O : used for training and X: used for testing| . . . . ... ... .. 52
Figure|5.1 F values for the number of models for healthy subjects| . . . . . . . 56
Figure|5.2 F values for the number of models for OCD Patient subjects| . . . . 56

Figure 5.3 Exceedance Probabilities for the number of models for OCD Pa- [
| tientsubjects| . . . . . ... L 57

X1V



Figure 5.4 Exceedance Probabilities for the number of models for Healthy |

[ Patient subjects|. . . . . . ... ... 58
Figure[5.5 The Best Fitted Circuit model for Healthy group| . . . . . . . . .. 60
Figure 5.6 Mean values for OCD and healthy subject for the 8 parameters of |
[ the best model of healthy subjects o :healthy, x: OCD| . . ... ... ... 61
Figure[5.7 'The Best Fitted Circuit model for OCD group|. . . . . . . .. ... 62
Figure 5.8 Mean values for OCD and healthy subject for the 9 parameters of |
| the best model of OCD subjects o :healthy, :OCD|. . . . . .. ... ... 63
Figure[5.9 Connectivity Strengths of all subjects for the best models|. . . . . . 64
Figure|5.10 Performance of SVM vs number of model|. . . . . . ... ... .. 66
Figure|A.1 Template Neuronal Network| . . . . . . ... ... ... ... ... 77
Figure|A.2 Type "A"models| . . . . . ... ... ... . 79
Figure[A.3 Type "B"models| . . . . . ... ... ... ... ... .. 80
Figure[A.4 Type "C"models| . . . . .. ... ... ... .. ... ..., 81
Figure[A.5 Combination of AI-BI-C12| . . . .. ... ... .......... 82
Figure[A.6 Combination of AS-B2-C3|. . . . .. ... ... ... ... .... 82
Figure|A.7 Combination of all candidate models| . . . . .. .. ... ... .. 83
Figure[B.T Third Healthy Modell . . . . . ... ... ... ... ........ 85
FigureB.2 Fourth Healthy Model] . . . . . . ... ... ... ... ..... 86
Figure[B.3 Fifth Healthy Modell . . . . . .. ... ... ... ......... 87
FigureB.4 Third OCDModel . . . . ... .. ... ... ... ........ 88
Figure[B.5 Fourth OCD Model|. . . . . . ... ... ... ... ... ... 88
Figure[B.6 FifthOCD Model . . . . ... .. ... ... ... ........ 89

FigureB.7 Connectivity parameters of Subject 1 for best models H181 and P188| 90

FigureB.8 Connectivity parameters of Subject 2 for best models H181 and P188| 90

Figure[B.9 Connectivity parameters of Subject 3 for best models H181 and P188| 91

Figure B.10Connectivity parameters of Subject 4 for best models H181 and P188| 91

XV



Figure|B.11Connectivity parameters of Subject 5 for best models H181 and P188| 92

Figure[B.12 Connectivity parameters of Subject 6 for best models H181 and P188| 92

Figure [B.13 Connectivity parameters of Subject 7 for best models H181 and P188| 93

Figure [B.14 Connectivity parameters of Subject 8 for best models HI81 and P188| 93

Figure [B.15Connectivity parameters of Subject 9 for best models H181 and P188| 94

Figure [B.16 Connectivity parameters of Subject 10 for best models HI81 and [

Xvi



AU-BAUM
BSM
BOLD
DCM
dHb
DTI
EEG
FFX
fMRI
GMM
Hb
HDR
IC

IPL
LOOCV
MEG
MNI
MRI
OCD
PCC
PPI
rCBF
RFX
SEM
SFP
SVM
VAR
VOI

LIST OF ABBREVIATIONS

Ankara Universitesi Beyin Arastirma ve Uygulama Merkezi

Bayesian Model Selection
Blood Oxygen Level Dependent
Dynamic Causal Modelling
De-oxygenated hemoglobin
Diffusion tensor Imaging
Electroencephalogram

Fixed Effects

Functional Magnetic Resonance Imaging

Gaussian Mixture Model
Hemoglobin

Hemodynamic Response
Insular Cortex

Inferior Parietal Lobe

Leave One Out Cross Validation
Magnetoencephalogram
Montreal Neurological Institute
Magnetic Resonance Imaging
Obsessive-Compulsive Disorder
Posterior Cingulate Cortex
Psycho-physiological Interactions
Regional Cerebral Blood Flow
Random Effects

Structural Equation Modelling
Superior Frontal Gyrus

Support Vector Machine

Vector Autoregressive

Volume of Interest

Xvil



xXviii



CHAPTER 1

INTRODUCTION

In neuroscience, there are many studies on mental diseases and the characteristic fea-
tures and the abnormalities of them have been examined for last decade. Obsessive
Compulsive Disorder (OCD) is one of the psychological disorder that is character-
ized "by the presence of repetitive invasive impulses called obsessions which cause

recurrent behaviours named compulsions" [8]][9].

Functional Magnetic Resonance Imaging (fMRI) is one of the best MR technique to
understand how human brain works during a given task or in resting state. In recent
years, fMRI is used in many studies to detect functional abnormalities among regions
of brain [4] and pattern recognition methods are applied on fMRI data to discriminate
subjects with mental disorder from healthy subjects. Disease Signature (biomarker)
extraction aims to find a set of features that can be used successfully to discriminate

subjects having the related disorder.

Although there are some disease signature studies related to other disorders, the stud-
ies related to OCD are quite limited. In a very recent survey related to application of
pattern recognition approaches for detection of mental disorders [5], several studies
related to mental disorders are listed. In this survey, only four studies related to OCD
are mentioned [8][LO][LL][12]. The Table [I.1] adapted from this survey shows the

current status of pattern recognition studies related to OCD.

In [[11], structural MRI data is used. For classification, they do not apply any machine
learning algorithm but they decide on the subject class by calculating the euclidean

distances between individual participants and the mean of OCD and control group



based on structural MRI data. Their results are that OCD people are distinguished
from healthy control group with 93.1% accuracy when they applied cross validation
among existing subjects. This result was very promising for signature study. How-
ever, the authors examined anatomy of the brain without a stimuli. Since behaviours
of OCD and healthy group under a given task is examined in this thesis work, their
dataset is not applicable. Lastly, their independent test results has 76.6% accuracy for

classification of new subject.

In [8]], researchers use different methods to analyse OCD fMRI data. There were two
tasks in their study: fear and disgust. The pictures that they showed to the subjects
include fear, disgust and neutral objects. At first, they determine the volumes in fMRI
where the activation was occurred when fear and disgust pictures were shown. In or-
der to determine these volumes, they used discriminating volumes method introduced
in [10]. After this step, Weygant and his co-workers use searchlight method which
compares clusters which have three-voxel size radius inside the discriminating vol-
ume for each task. Their study was conducted with 10 OCD and 10 control groups
and they claim that, they reached 100% discrimination between OCD and healthy
groups when fear-inducing pictures were shown. However they have reached this ac-
curacy only at three points ( MNI: (6, 56, -10) ; (6, 62, -10) and (-14, 18, 2)) so their

results show that these areas are significantly activated when fear related task is used.

It is mentioned in the survey [[1] that Li et al.,[12] have used Diffusion Tensor Imaging
(DTI) for 28 OCD and 28 control people. DTI is simply magnetic resonance imaging
method allowing the mapping of the diffusion process of water molecules and it is
mainly used for structural analysis. The authors have obtained 84% accuracy with

SVM classifier.

Among these studies mentioned in Table[I.1] the study [10] was conducted at Middle
East Technical University (METU) jointly with Ankara University Brain Research
Center (AU-BAUM). This study originally considered the resting state fMRI data
for OCD [11] and functional connectivity analysis was used to extract features. The
study was later extended to cover task related fMRI data [10] under imagination task
described in [2]]. In fact, the data used in these OCD disease signature studies given

in [10] and [13] were collected in the previous study [2] conducted at AU-BAUM,



which is going to be used also in this thesis work. In this dataset, there were two
main tasks which are suppression and erasing and there were three other tasks, which
are imagining task used to trigger experiment, free imagining task used to get neutral
state; and resting state used between main tasks and neutral task. The data were

collected for subjects which consist of 12 OCD patients and 12 control group people.

The recognition performance for OCD Signature based on functional connectivity
obtained from resting state fMRI [13] was 69% (when SVM applied on similarity is
used) and it is increased to 74% when the task related fMRI were used instead of
resting state, while keeping the feature extraction and classification steps the same.
This is the motivation behind this thesis study to further examine task related fMRI

data for OCD signature extraction.

However, in order to analyse task-related responses of brain activities, effective con-
nectivity should also be concerned beside functional connectivity. Since the con-
founding effects of stimulus-evoked responses interact other brain regions, this inter-
action may overcome input effects. However, effective connectivity discards these
influences because "one neuronal system exerts on another in that connectivity anal-
ysis" [[14]. Therefore, the aim of this study is to examine the differentiability of brain
activities between OCD patients and a control group by using effective connectivity

analysis.

In this thesis study, a novel OCD signature extraction method based on effective con-
nectivity analysis using Dynamic Causal Model (DCM) is proposed. The steps of the
proposed method is briefly as follows. At the first step, the raw fMRI data undergo
preprocessing step with SPM8 software (Wellcome Department of Cognitive Neu-
rology, London, UK) in MATLAB (Math works, Sherborn, Mass., USA) to reduce
noises and discriminate confounds due to head movement etc. Afterwards, Volume
of Interest (VOI) Extraction is applied to these preprocessed data to create fMRI time
series from activated regions. These time series are used for Dynamic Causal Mod-
elling (DCM) analysis. In DCM, activated regions and defined connections between
them form a neuronal network which is the base of the DCM analysis. This network
also reduces the complexity and increases the affect of analysis. This work grounds

on the results in [2] and the neuronal network has been established with the help of



this study. There are many state parameters to be optimised in DCM analysis and with
the help of Estimation-Maximization algorithm, their optimized values are found and

the best suited model is chosen with Bayesian model selection.

Pattern recognition is used to classify a new examplar (pattern) by using information
constructed by previous patterns. In literature, pattern recognition is used in many
areas such as signal and image processing, medicine, computer vision etc. Also, in
neuroscience, pattern recognition has received much attention. Craddoeck et al., [[15]
in order to estimate the disease state from rsFC data, they used pattern recognition.
Also, Shen et al., [16] use again pattern recognition to detect schizophrenia disease.
Finally, Manuel and Ao [17] use different pattern recognition algorithm to classify
two different type of classes fMRI data. In this study, after obtaining the best neuronal
model by applying DCM analysis, their connectivity parameters which represent the
amount of effective connectivity are used as features to classify healthy and OCD
groups. Support Vector Machine (SVM) is used in this study since it is widely applied
in fMRI studies successfully [10][13][18].

The rest of this thesis is organized as follows: In Chapter II, background information
on fMRI, DCM and the classification method SVM is provided. Afterwards, in Chap-
ter III, the data set used and the method proposed are explained in detail. In chapter
IV, OCD signature for the data is proposed together with the classification method. In
chapter V, results of the study and some discussions are given. Finally, in chapter VI,

the study is concluded.
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CHAPTER 2

THEORETICAL BACKGROUND

2.1 Functional Magnetic Resonance Imaging

Functional Magnetic Resonance Imaging (fMRI) is the most common technique to
measure brain activity. As its name implies, fMRI is a neuroimaging technique that
uses standard MRI scanners to investigate changes in brain function over time. Stan-
dard MRI uses strong magnetic fields and radio waves delivered at resonance fre-
quency. Imaging part is to gather responses of materials in scanned areas to the ap-

plied magnetic energy.

The difference of fMRI from standard scanning techniques is what it measures. fMRI
is used to scan not only structural image like classical MRI do but also functional ac-
tivities on the scanned area. Since functional activities are issued, the brain activities

is the main concern of fMRI technique.

The development of fMRI is based on the remarkable discovery on magnetic prop-
erty of hemoglobin molecule by Pauling and Coryell in 1936 [19]. This milestone
was based on the hemoglobin molecule, which carries oxygen in vascular systems,
have different magnetic property if it bounds the oxygen. It should be noted that
since diamagnetic materials have no unpaired electrons and zero magnetic moment,
they have the property of a weak repulsion from a magnetic field. Therefore, under
magnetic fields, diamagnetic materials do not disturb MR signals. When hemoglobin
molecules are not bounded to the oxygen (de-oxygenated hemoglobin, dHB), they be-
have like paramagnetic materials but if they are bounded to the oxygen (oxygenated

hemoglobin, Hb) they become diamagnetic materials. However, the discovery of

7



fMRI was devoted to Seiji Ogawa et al. [3]. They investigated the possibility of
examining brain physiology using MRI by proposing Blood Oxygen Level Depen-
dent (BOLD) contrast which depended on the discovery of magnetic properties of
hemoglobin. Figure [2.1|shows the results of experiment conducted by Ogawa and his
team. It was shown that oxygenated blood was perfectly scanned while deoxygenated

blood had distortions.

Figure 2.1: The images of (A) oxygenated and (B) dexoygenated blood

BOLD contrast imaging is the base of the fMRI. It scans with oxygenated blood
very well and takes into consideration the relation between functional activities and
oxygen level in blood. With very basic biological inference that if one area is acti-
vated, then the amount of oxygen in there is decreased due to energy consumption.
Therefore, there seems to be in an opposite way to detect activation on a specific area
because the existent of oxygen (oxygen is bounded hemoglobin) supports the MR sig-
nals. However, the biological response expresses this conflict that when one area has
an activation, first deoxygenated blood level is increased, then due to biological re-
sponses of the body, oxygenated blood level is increased on that area. BOLD contrast

imaging captures this contrast to determine activated areas of brain.

This biological response can be associated with the hemodynamic response (HDR)

which is defined as the change in MR signal triggered by the neuronal activity.

After the discovery of that BOLD contrast is highly correlated with activations, fMRI

technique became popular in neuroscience studies. Although other imagining tech-

8



niques like EEG and MEG have their own advantages and still be used, fMRI is
preferred widely due to its functional response as well as temporal and spatial resolu-

tions. In Figure [2.2] activations detected by fMRI technique are shown.

Figure 2.2: fMRI Images show "Training Effect in Rostral Anterior Cingulate
Cortex",[4]

Since fMRI has an ability to observe activations on the brain, there have been many
studies published with fMRI [20][21]. Also, the neuroscientists use this technique
as a background for studies in many areas: discriminate brain states due to different
tasks applied to subject [17], define brain network at resting state [22] or determine

features of mental disorders such as Alzheimer, Schizophrenia, OCD [23][10].

2.2 Effective Connectivity Analysis

In neuroscience, the connectivity analysis with fMRI is a hot topic. For connectivity
analysis on brain, the neuroscientists have suggested three models: (i) anatomical or
structural connectivity, (i1) functional connectivity and (iii) effective connectivity. By
using these connectivity analyses, the neuroscientist try to find relationships among
brain regions when an activation is occurred. Structural connectivity is examined how
physical connections among brain regions effect behaviours or activations [8]]. On the
other hand, functional connectivity is used to find statistical dependencies between
regional time series from active regions of the brain and there are many studies on
functional connectivity analysis on fMRI. Lastly, effective connectivity, also used
in this thesis study, examines the directed influences between neurons or neuronal

populations[14].
Effective connectivity deals with interactions among regions when activation is oc-
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curred due to input or stimuli tasks. The neuronal state of the brain changes with
an applied input or stimuli because the brain regions show some reactions against to
these inputs. Reasons of these responses are the relationships between regions and
effects of input on that regions or effect of state changes itself. These parameters on

effective connectivity are characterised and analysed in this study.

In literature there are various models of effective connectivity such as Psycho-physiological
Interactions (PPI), Structural Equation Modelling (SEM) and Vector Autoregressive
(VAR) or Dyanmic Causal Modelling (DCM)[24][25]. While the classical model
PPI, SEM or VAR operate on measured level, DCM uses a dynamic model approach
defined on neuronal states and takes causality into consideration [24]. The inter-
actions between brain regions on neuronal states depend on subject and biological
structure of his brain. Therefore, in order to analyse this connectivity, there should be
a dynamic system model representing these states and their connectivities. Dynamic
Causal Modelling (DCM), proposed in [24] is a special case of the Dynamic Sys-
tem Model and it is used in order to find effective connectivity among brain regions

represented by state variables.

2.2.1 Dynamic Causal Modelling

There are some techniques of effective connectivity like PPI, SEM or VAR. These
methods work at measured level. This is a problem to determine causal system
because "it is located at neuronal level which cannot be investigated directly using
these methods" [25]. In order to overcome this problem, models that combine two
things are required: “...a parsimonious but neurobiologically plausible model of neu-
ral population dynamics, and a biophysically plausible forward model that describes
the transformation from neural activity to the mesaured signal” [26]]. In DCM, these
two models are called as neuronal network and hemodynamic response respec-
tively. These models allow to fit together the parameters of the hidden neuronal state
and forward model such that the predicted time series are optimally similar to the ob-
served time series. DCM is the only approach combining models of neural dynamics

and biophysical forward models. [25].
DCM was introduced in 2003 for fMRI data [24]], the equations and applications
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of DCM for fMRI have since been refined and extended repeatedly [27][28][29].
DCM are generative models of brain responses, which provide posterior estimates of

neurobiologically interpretable quantities. DCM are defined by four features:

1) DCM is dynamic. It uses differential equations for describing hidden state (neu-

ronal dynamics).

2) It has causality due to describing how dynamics in one neuronal population cause
dynamics in another and how these interactions are modulated by experimental ma-

nipulations or endogenous brain activity.

3) DCM uses a biophysically motivated and parametrized forward model to link the

modelled neuronal dynamics to specific features of measured data.
4) DCM uses Bayesian Model Selection[30]].

DCM analysis simply, uses the established hidden neuronal circuit and convolves
this circuit with hemodynamic response in order to generate predicted BOLD signals.
These predicted signals are compared with real BOLD signals and with expectation-
maximization, these two signals are tried to be fitted by arranging neuronal circuit

parameters so that the best neuronal circuit is established.

DCM analysis includes many parameters and much attention should be taken when
one concerns with it. These considerations were summarized in [30]. At first, model
space should be defined carefully. The brain has an enormous number of connections
and neurons and there may be extremely large number of model. In order to analyse
a special task, one should know which regions are activated. Therefore, model space
should be established so that neuronal network structures or network parameters are
useful. Secondly, beside log evidence and group Bayes factor (GBF), random effect

analysis was proposed in [41] for group analysis to compare possible models.

In literature, there are many studies on DCM concerned in cognitive neuroscience,
including memory [31]], learning [32] and language [33]]. There are also many studies
concerning mental disorders [34]. All these works use common flowchart to use

DCM. This flow was established in [30].

In order to estimate neuronal state and hemodynamic response parameters, DCM uses
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a Bayesian approach. According to this approach there are two steps that should be

applied.

1. It must be specified the likelihood function which requires the assumption about

the noise.
2. It must be specified the prior parameters which are interested.

In order to implement these two steps, DCM uses principle nature priors like Blood

volume deoxyhemoglobin content.

The flowchart given in Figure [2.3|represents the Hemodynamic forward model and it

includes three main parts.

u

Stimulus function
Neural State Neuronal State
Equations i
Analysis

v

Vasodilatory

signal I

Flow induction

Hemodynamic

Response
Balloon model ¢
el ] [ Changes indHb
volume I
BOLD Signal Change Equations 3 BRI Siaal
change

Figure 2.3: Hemodynamic Forward Model [5]]

1. In the first part, the challenge is to find the linkage between neural activity and
regional cerebral blood flow (rCBF). The neural state equations describe the dynamic

behaviours of the underlying neuronal circuit in response to the applied stimulus.

2. The second part is called as Hemodynamic response equations and it includes Bal-
lon Model which examines the dependency of BOLD signal on the blood volume and

deoxyhemoglobin content. This part represent the biological effect of DCM analysis.
3. The third part is the output of the model and it represents BOLD signal change
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equations

These parts of DCM are explained in detail in the following sections.

2.2.1.1 Neuronal State Analysis

Activations on neuronal states cannot be measured directly with fMRI however ef-
fective connectivity helps to understand these states by structural or functional MRI
scanner techniques. In DCM analysis, firstly a neuronal circuit is established among
some regions to represent effective connectivity effected by inputs or stimulations.
The dynamic of this neuronal circuit is described through effects of neuronal states

and input representing stimulus.

In [24], the neuronal state changes as defined in Equation [2.1]

dz = F(z,u,0)
dt 2.1)

0=(A,B,0)

where % represents state changes, z is present state, u is input and 6 is internal parame-
ters of the circuits. 6 consist of three neuronal parameters representing the connection
strengths among the neuronal circuit elements, i.e. they are the effective connectivity
parameters. The first one, called A parameter in this work, describes the intrinsic con-
nections between nodes. This parameter is very important for effective connectivity
because it represents the affect of one region on another. The second parameter is B
parameter and it represents modulatory effects of stimulations on connections and the

last one is the C parameter which shows the direct affect of input on the regions.

The neuronal state can be expressed in terms of state parameters as given in Equation

22

(2.2)

_)'C:(A-FZL{J'B(j) )x+Cu

J=1
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Therefore, in DCM, the neuronal state can be shown in Equation @

(2.3)
F(x,u,0) = ( A+ ZIMjB(j) )x+Cu
J:
oF
A=2=0
5x|u
2
o-9F _y 2.4)
(SX(SZ/[I'
oF
C=—Ix=0
ou

When the parameter B = 0, then the system becomes linear. In this thesis linear case
will be considered.

In Figure [2.4] a sample of linear neuronal circuit and its connections are shown.

Figure 2.4: Representation a sample neuronal state [6]]

The matrix form of this representation is as shown in Equation [2.5]
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2.2.1.2 Hemodynamic Response

According to the DCM, there should be a transfer function to map hidden neuronal
circuit parameter to the observable output level. Hemodynamic response, which dif-
fers DCM from other effective connectivity models, was proposed in [35]. Hemody-
namic response represents the effects of anatomical parameters for the calculation of
the output signal. There should also be equations to represent hemodynamic response
for DCM analysis. It has been very compelling calculation until David et. al., showed

that the hemodyanamic model is a necessity for effective connectivity.

Hemodynamic response model as seen in Figure 2.3, consists of two parts. The

Balloon model and Neurovascular state.

The Balloon Model The Balloon model is proposed by Buxton and Frank, in order
to represent two important factor to create BOLD signals: blood volume (v) and

deoxyhemoglobin content (q) and there are two assumptions for these parameters
(36]

1. The reaction of small past-capillary vessels to the increase of inflowing blood is

like an inflating blood
2. The extraction of oxygen is tightly related to the blood flow

The first assumption states that the changes in blood volume (v) correspond to dif-
ferences in inflow and outflow of blood within a time constant and the second as-
sumption states that the change in the deoxyhemoglobin content (q) correspond to
the difference of delivery of deoxyhemoglobin into the venous components between
the expulsion of deoxyhemoglobin from the venous components. Therefore, from

these inferences there are two differential equations for blood volume in Equation [2.6]
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and deoxyhemoglobin content in Equation

ov(t)
T— =
ot

F@) = V()7 (2.6)

where 7 is the mean transit time in blood, f(t) flow of blood within a time constant

and v(t) is the blood volume at t and o is the resistance of venous balloon

1
oq 1 —(1 - Ep)7 14(1)
—=f{l))——— =) —— 2.7
TS @ E, v(t) ) (2.7)
where E| initial oxygen extraction fraction and q(t) deoxyhemoglobin content at t, T

is the mean transit time in blood, f(t) flow of blood within a time constant and v(t)

blood volume at t and o is the resistance of venous balloon

The detail of the calculations of these equations can be found at [36]]

Neurovascular State The vascular response also effects the output BOLD signals.

Friston et. al.,[37], developed a model for vascular responses in Equation [2.§]

0s(1)
ot

=x—ks—y(f-1) (2.8)

where « is the rate constant of signal decay, 7 is the rate constant feedback regulations,

f(t) is the normalized flow and s:%

2.2.1.3 BOLD Signal Change Equations

Real MRI signal is represented by the change in BOLD Signal. With the help of
Hemodynamic Forward Model, BOLD Signal Change can be calculated in effec-
tive connectivity analysis. These results are tried to be optimised with the measured
BOLD signal change and thus effective connectivity parameters can be calculated.

The calculated BOLD signal change equations were given in [38] as in Equation 2.9
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2.2.14 Bayesian Method For Model selection

Dynamic Causal Modelling (DCM) analysis is used to find the best explanations of
effective connectivity on hidden neuronal states. It predicts possible BOLD signals
from this network and compares with the real output. After creating hemodynamic
forward model with unknown parameters between neural state and observation level,
the model best fitting the data should be selected. Therefore, a method to fit these
two output and to estimate parameters of the hidden state equations is needed. In
DCM analysis, parameters are estimated by Bayesian method based on Expectation

Maximization (EM). Bayes theory says that:

p(DIw)p(w)
D)y=————- )
pw|D) (D) (2.10)

where w are the parameters to be adjusted, p(w) is called as the prior probability since
it depends on assumptions before observing the data D. After D is observed, p(w|D)
becomes posterior probability. p(D|w) is evaluated for the observed data set D and
can be viewed as a function of the parameter vector w, called likelihood function.

Therefore, Bayes method is simply

posterior « likelihoodxprior (2.11)

In model selection approach, Bayes’ theorem can be expressed as

p(mly) oc p(m;)p(ylm;) (2.12)
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where m; represents a set of models, i=1,...,N and y is the observed data. The prior
distribution is p(m;) which estimates how likely the model. For model selection, since
there is no assumption before the observation, the prior distributions are assumed to
be equal to each other. The term p(y|m;) is the model evidence which represents
the choice by the observed data y for different models. It is also called as marginal
likelihood since it is the likelihood function over the space of model. In summary,
the evidence model simply finds the situation which maximizes the probability of
output data y when a model m is given, i.e. maximizes the posterior probabity. It
also concerns with 8 which reflects the parameters of neuronal state, i.e. 6(A,C) ,

Equation [2.13|expresses evidence model based on the Bayesian method

pOolm) = f PGy, lm)do
(2.13)

= f p(yl6, m)p(6lm)do

Since there are many possible models for DCM analysis, probabilities of models,
even for the best model, are generally a small number, thus log-evidence model is
used because log value of the small numbers may be large. This form is the log value

of model evidence selection. The log evidence is defined as in Equation [2.15]

logp(y|m) = accuracy(m) — complexity(m)
(2.14)
= logp(y|0, m) — complexity(m)

where logp(y|6, m) is the log likelihood function.

The log evidence for a model m consists of two terms which are accuracy and com-
plexity. When complexity of the model is low, then the accuracy of the model should
be high. On the other hand, when complexity is increased, the relative accuracy is
decreased. For the accuracy term, log likelihood function of the model m is used and

for the complexity, there are three known approximation methods.
1. Akaike Information Criterion (AIC)
2. Bayesian Information Criterion (BIC)
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3. Negative Free Energy (F)

AIC = logp(y|#,m) — p where p is the number of parameters
(2.15)
BIC = logp(y|0, m) — %logN where N is the number of data points

Although AIC and BIC methods were used in previous studies, these methods have
disadvantages. These methods only take the number of parameters into account and
they were found to be not suitable for the dynamics of these parameters. For this rea-
son, a negative free energy approximation was proposed in literature. In this model,
accuracy term and the expected log likelihood under some posterior are used. KL
term after Kullback-Leibler [43] is used for complexity. KL measures the distance
between prior and posterior distribution. Final Equation for log likelihood is given

below:

pOIm) =< log(p(ylf,m) > —=KL[q(6), p(6lm)] + KL[q(8), p(6ly, m)]

(2.16)
= F + KL[q(8), p(6ly,m)]
where F is expressed as the difference between accuracy and complexity
F =<log(p(ylf,m) > —KL[q(0), p(6lm)] (2.17)

The main advantage of negative free energy on the other methods is that it has com-

ponents that express how many parameters are inadequate.

Log evidence can be used for comparison in the model selection. After log evidence

is calculated, Bayes Factor can be used to compare models as given in Equation [2.1§]

_ pOlm)
p(ylmy)

(2.18)

12

this factor refined by taking equal prior probability for the models, that is p(m = i)
and p(m = j)
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pOylm = i)
pOlm = i)+ p(ylm = j)
1

1 pQIm=j)

o (2.19)

1+B

p(m =ily) =

ji
1
1 + exp(—logBl|ji)

Hence

p(m = ily) = o(logBl| i) (2.20)

where the o is the sigmoud function.

Bayesian factor is also used for group analysis. For this analysis, it is defined as

Group Bayes Factor for N subjects [38] (GBF) as

N
GBFM::[]BFg (2.21)
n=1

Equation [2.21| implies the fixed effect analysis based on multiplying the marginal
likelihoods over all subjects to build the probability of the group subject data [38]]

However, fixed effect analysis use the one model posterior probability for one subject.

The other analysis method is called as random effects analysis. In this analysis, all
models are taken as random variable for the all subjects in the group. There two prob-
abilities defined in this analysis: The expected probability is that a given subject have
generated data according to a given model and the exceedance probability represents
the existence that one model is more likely than any other model. Therefore, these

probabilities depend on the models interested.
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2.3 Pattern Recognition

Pattern recognition has two steps: 1) feature extraction and 2) classification. In this
thesis work, the proposed methods are going to use DCM parameters as features.
Also, the Support Vector Machine (SVM) method used in the classification. In the
following, feature extraction and classification steps are explained. Furthermore, it is

described how to measure the performance.

2.3.1 Feature Extraction

Feature extraction is used to form non-redundant and informative variables for each
observations and they are used for classification purpose. Features should represent
the observations completely in lower dimensions therefore this is sometimes called
as dimension reduction methods. In fMRI studies, feature extraction methods were
used to increase correlation between neuronal activities and eliminate non redundant

information[39].

In [40], the covariance selection (CS) was used as feature extraction method by mod-
elling the correlations between active voxels. Also in [13] ,similarity measurement
methods like dot product and cross product and dimension reduction methods Prin-
cipal Component Analysis (PCA) and Linear Discriminating Analysis (LDA) were
used as feature selection methods for fMRI data. In [41], the connectivity parame-
ters were directly used to measure reliability of scan-rescan of percent signal change

(PSC) and DCM analysis.

In DCM analysis, expectation-maximisation is used as Bayesian method to estimate
connectivity parameters and thus these parameters can be used as features. Since
these connectivity parameters are extracted according to measured BOLD time series
with neuronal state equations, they are pretended as the task features of each subjects.
In this thesis, it is proposed to use the connectivity parameters as features and it is

shown that they are powerful in classification of OCD and healthy groups.
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2.3.2 Support Vector Machine

Support Vector Machine (SVM) is a widely used statistical pattern recognition clas-
sifier and it is based on Vapnik statistical learning theory [42]. SVM simply propose
best hyper surface between the classes to separate them from each other. The best hy-
per surface for an SVM is chosen so that the maximum distance between the feature
vectors of different classes know as margin is reached. The closest feature vectors of
both classes to separating hyper surface are called as support vectors. The Figure
shows the hyperplane boundary, support vectors and examplars where blue and red

indicate two different class type.

~Wix+b=1
o’ o wix+b=0
°
e wix+bh=-1
Support Vector "
5 .
& 2 ®
‘©‘Support Vector
®
@ @

Figure 2.5: Support Vector Machine: hyperplane boundary and support vectors

In support vector machine algorithm, n—dimensional data vectors are separated by
(n— 1) dimensional hyperplane. This separation is called linear classifier. There may
be many hyperplanes that might classify the data and the best hyperplane is chosen
so that it represents the largest separation, or margin, between the two classes. There-
fore, the best hyperplane has the maximum distance between support vectors of both

classes. If such a hyperplane exists, it is known as the maximum-margin hyperplane
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and the linear classifier it defines is known as a maximum margin classifier[43].

SVM is widely used in fMRI data analysis to separate healthy people and patients
using connectivity differences of their brains[44][45][46]. In recent studies, SVM is
used for classification of OCD patients[10][13].

Linear SVM Algorithm: Assume a linearly separable k samples of n dimensional

training data vector D such that

D = {(x;,y)|xieR? yie(-1,1} i=1,2...n) (2.22)

where the y; indicates the class of the point x; and it is either +1 or —1. Each x; is a
n—dimensional real valued vector. In SVM, it is tried to find the maximum-margin
hyperplane that divides the points having y; = 1 from those having y; = —1. Any

hyperplane can be written as the set of points x as long as to satisfy Equation[2.23]

w-x—b=0 (223)

where w is the normal vector to the hyperplane and ” - ” represents the inner dot

product. The value ﬁ determines the offset of the hyperplane from the origin along

the normal vector w.

If the training data are linearly separable, two hyperplanes can be chosen in a way that
they separate the data and there are no points between them and then try to maximize

their distance. These hyperplanes are described by the Equation [2.24]

(2.24)

2

Iiwll®

Geometrically, the distance between these two hyperplanes is thus in order to

maximize the distance between the planes, ||w|| should be minimized. Also in order
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to prevent data points being on the margin slab, the class boundaries are defined as in

Equation [2.25] for each i either first or the second condition holds

W'Xi—bZI
(2.25)
W'.X,'—bS—1

This can be rewritten as:

yviw-x;—b)>1 foralll <i<n (2.26)

Therefore, the optimization problem should be concerned as minimize ||w|| subject to

(foranyi=1,..,n) y(w-x;—b) >1

Primal form In order to reduce complexity of the optimization problem, 1||wl||? (the
factor % being used for mathematical convenience) is used instead of ||w||, the norm
of w, because it involves a square root. The use of former term does not change
the solution and this usage is called as quadratic programming optimization problem.

More clearly:

1
Clrgmin(w,b)§||W||2 (2.27)
subject to

yiw-x;—b)>1 ,i=l,..n (2.28)

The constraints can be combined to the cost function (in optimization it is called
as lost function) by introducing Karush-Kuhn-Tucker (KKT) multipliers @ and the

previous constrained problem can be expressed as

1 n
argmingpmazoo IWIE = 3" ailyiw - x— b) - 11} (2.29)

i=1
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which «; are zero for data points which are outside of the slab bounded by w-x—b = 1
and w-x—b = —1 (these boundaries are also represented as y;(w-x; —b) > 1) as given
in Equation[2.26)). Therefore, saddle point of Equation [2.29should give the minimum
%llwll2 value. For now, in order to solve this problem standard quadratic programming
techniques and the "stationary" Karush Kuhn Tucker condition may be used so that

the solution can be expressed as a linear combination of the training vectors.

W= Z ayixi (2.30)
i=1

When «; are greater than zero, it means that the corresponding x; lie on the margin
and they are the support vectors. Therefore, they satisfy y;(w - x; — b) = 1. It can be
derived offset b as in Equation [2.31]

1
wW-x;—b=—
Vi
) 1
sincey; =+lor—1, —=y; 2.31)
Vi .
W-x;i—b=y
b=w-x; -y

Offset b value represents the center point of the hyperplane separation and its value
can be found with only on the single pair y; and x;. In order to estimate a more robust

value for b, the average value of all of the Ngy support vectors is calculated using Eq.

232

Nsy

1
bh=— E (W-x;—vy) (2.32)
Ngv Y

where Ny is the number of support vectors.

Dual form Classification function given in Equation [2.29| can be expressed in un-

constrained dual form and the maximum-margin hyperplane can be found. In this
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form, the classification task is only a function of the support vectors, i.e. the subset
of the training data that lie on the margin. Using the fact that ||w|> = w’ - w and

substituting Equation [2.30] the equation [2.27] becomes:

1
3 D @yl x; (2.33)
LJ
and the dual of the SVM reduces to the following optimization problem:

Maximize (in «;)

Zn: a; — % ,Z,: @@ yiyx; x; = Zn: a; — % ,Z]: a;a,y;y k(xi, x;) (2.34)

i=1 i=1

subject to

Z aiyi =0 (2.35)
i=1

Here the kernel is defined by k(x;, x;) = x; - x; and w can be computed as:

w = Z Q;yiXi (2.36)

Biased and unbiased hyperlanes In order to simplify calculation, the SVM hy-
perplane may be directed at the the origin of the space. These type of hyperplanes
are called unbiased, where hyperplanes are not necessarily passing through the origin
and they are called biased. For an unbiased hyperplane, b = 0 is setted in the primal
form. Thus, Equation [2.3T| can be rewritten as in Equation

W-X;—V; = 0 (237)
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Soft Margin While hard margin is used to find hyperplane between two classes,
Vapnik et. al. suggested a modified maximum margin idea that allows for mislabelled

examples as in Figure [2.6] for classification purposes [47].

S wWx+b=1

® wix+b=0
mislabeled ¢

®

mislabeled

wix+b=-1
- e
]

@ @ mislabeled
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®

Figure 2.6: Mislabeled Examples

The Soft Margin choose a hyperplane that splits the examples as much as possible if
there is no hyperplane that can split the two classes perfectly. Yet, the soft margin still
maximises the distance to the nearest cleanly split examples. This approach allows
large decision margin to make a few mistakes. It is paid a cost for each misclassi-
fied example, which depends on how far it is from meeting the margin requirement
given in Equation[2.28] In Equation [2.3§],this method introduces non-negative slack

variables, &;, which measure the degree of misclassification of the data x; [48]]

viw-x;—=b)>1—-& when 1<i<n (2.38)

The optimization problem is a function which penalizes non-zero &;, and it is trading
off between a large margin and mislabelled data points. If the penalty function is

linear, the optimization problem becomes:
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o .
argmines{ SIWIF +C )" &)
i=1

2.39
subject toy;(w-x; —b) > 1 - ¢ (259

whereé; >0, foranyi=1,...n

where C is a regularization term. It is observed that if 0 < ¢ < 1, it means the data
point lies somewhere between the margin and they are labelled correctly and € > 1,
data points are misclassified. This problem can also be expressed as a minimization

without constraints:

1
min, = [IWIF +C Z max(0,1 - y,(w - x; — b)) (2.40)

In this case, it costs penalty of C¢; for the minimization. Upper bound on the number
of training errors can be found by the sum of &;. Soft margin SVMs minimize training
error traded off against margin. As the parameter C becomes large, it is paid a lot
for data points that violate the margin constraint and it is close the hard margin for-
mulation previously described but there is difficulty that it may be sensitive to outlier
points in the training data. When C is small, it does not pay that much for points
violating the margin constraint. therefore, the cost function can be minimised when

w is chosen as a small norm vector.

This constraint in Equation [2.38| along with the objective of minimizing ||w|| can be
combined to the cost function by using Lagrange multipliers [48]] as shown previ-

ously:

. 1 n n n
argmin comax,g SIWE+C Y 6= 3 ailtw 3 - by = 1+ &1 - > pié|
i=1 i=1 i=1
subjectto  «;,B8; >0

(2.41)

Dual form for Soft Margin The dual form of the soft margin is given below.
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Maximize (in «;)

2 1
Z =5 Z @;ajyiy jk(xi, X;) (242)
i=1 ij

subjectto (forany i =1,...,n) 0 <@; <Cand )}, ;y; =0

The use of linear penalty function has an advantage that the slack variables & vanish
from the dual problem, with the constant C appearing only as an additional constraints

on the Lagrange multipliers.

Nonlinear classification A linear classifier suggested by Vapnik in 1963 [49]. How-
ever, in 1992, Vapnik et al.[S0] suggested nonlinear classifiers by applying the kernel
trick to maximum-margin hyperplanes. The nonlinear classifiers is similar to linear
one except that a nonlinear kernel function is used instead of inner (dot) product. This
allows the algorithm to fit the maximum-margin hyperplane in a transformed feature
space. If the transformation is nonlinear, the separating hyperplane in the transformed

space ¢(x) corresponds to a nonlinear surface in the original space x.
For nonlinear SVM, mainly the following kernel functions are used.
Linear Kernel: k(x;, x;) = x! x;

Radial Basis Function (RFB): k(x;, x;) = exp(=y|lx; — xj||d ,y>0
Polynomial: k(x;, x;) = (yx! x; + r)?, y>0

where vy ,r and d are kernel parameters

The kernel function is related to the transform ¢(x;) by the equation k(x;, x;) = ¢(x;) -

¢(x;). The value w in Equation [2.36]is also expressed in the transformed space as

given in Equation [2.43]

W= Z @, yip(x;) (2.43)
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Since hyperplane in linear space is defined as in Equation [2.23] in nonlinear space

hyperplane can be expressed as in Equation [2.44]

w-o(x)—b=0

W o(x) = Z a;yik(x;,x) =b =0 (2.44)

where k is the kernel function

SVMs is accounted as a generalized linear classifiers. It tries to maximize the margin
and minimize the classification error at the same time, therefore SVMs are also called

as maximum margin classifiers.

The success of SVM relies on the selection of kernel, the kernel’s parameters, and soft
margin parameter C. Generally, Gaussian kernel with y parameters is used. The best
suitable selection of vy and C is selected by a grid search with exponentially growing
sequences of y and C. These combination is checked using cross-validation methods.
Alternatively, Bayesian optimization can also be used to select proper parameters.
"The final model, which is used for testing and for classifying new data, is then trained

on the whole training set using the selected parameters" [S1]].

2.3.3 Performance Measures

After applying a classification method, the performance of the classifiers should be
measured. Performance is measured by the procedure in which the elements of the
population set are each assigned to one of the classes [52]. When all elements are
classified as their real class, the best test achieved. A special kind of classification
rule which is used mainly also for SVM is binary classification. In simple explanation,
binary classification has four component. Assuming two classes, which are positive

and negative classes, these four components are explained in the following.

True Positive (TR) It represents the number of examplars that are classified cor-

rectly as positive (i.e. as OCD in our case).
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False Positive (FR) For interested class, the number of false examplars gives false

positive.

False Negative (FN) It represents the number of positive examplars that are classi-

fied as negative.

True Negative (TN) The number of negative examplars classified correctly gives

true negative.

With these definitions, positive predictive value (PPV), or precision, for interested

class is calculated as:

TP
PPV(Precision) = ————— (2.45)
TP+ FP

Also, negative predictive value (NPV) can be calculated for the other class as

TN

NPV = ———
FN+TN

(2.46)

In binary classification, there are two more parameters that represent the results of the
classifier. Sensitivity, which is also called true positive rate or the recall, is the pro-
portion of positives to all elements in interested class. Specificity, which is also called
true negative rate, measures the proportion of negatives that are correctly classified.

Both sensitivity and specificity equations are given in

TP
S ensitivity(Recall) = ———
TP+ FN (2.47)
TN .
pecificity FP+TN

In order to measure performance of the classifier, accuracy or recognition rate given

in Equation [2.48]is widely used.
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TP+TN
Recognition Rate = (2.43)
TP+ FN+FP+TN

Also, in statistics F-score value is used to measure test’s accuracy. F-score depends on
the precision, or PPV, and recall, or sensitivity, which both of them are independent

of the number of true negatives:

precision X recall

F — score = 2x (2.49)

precision + recall

2.3.4 Cross Validation

Cross validation (CV) is a model validation technique for assessing how the results
of a statistical analysis will generalize to an independent data set. CV is generally
used in prediction problem. In this problem, a model is trained with known dataset
called as training dataset and it is tested with unknown dataset called as test dataset.
The purpose of the cross validation is to define test dataset in order to overcome some

generalization errors.

After dividing into two groups, CV technique performs the analysis on the training
dataset and the analysis on the test dataset. In order to decrease variability, this parti-

tioning are performed using different datasets and the validation results are averaged.

There is some cross validation technique and one of the is the Leave one out cross

validation (LOOCYV).

Leave one out cross validation Leave one out cross validation (LOOCYV) uses 1
observation as a test elements and remaining elements as training dataset. The tech-
nique repeats its procedure for all elements. Therefore, LOOCYV requires to learn and
validate C times where 7 is the number of observations in the original sample. Since
C} = n, LOO cross validation does not have the calculation problem of general Leave

p out cross validation.
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CHAPTER 3

THE DATASET AND EFFECTIVE CONNECTIVITY
ANALYSIS APPLIED

3.1 fMRI Experiment and Data Acquisition

In this section, the data set and the fMRI experiment used in this thesis work are
explained. The dataset was originally constructed for the study in [2] by the Ankara

University, Brain Research Center.

3.1.1 Data Acquisition

The fMRI data was collected with 1.5 Tesla Siemens Magnetom Symphony Maestro
Class MRI system (Siemens, Erlangen Germany) by Prof. Dr. Metehan Cigek and his
brain research team in Ankara University, Brain Research Center at Integra Imaging
Center, Ankara [2]. There are 79 high resolution images in each one of four sessions
acquired with BOLD sensitive T1-weighted functional scans by applying echo-planar
sequence. The parameters of imaging are as follows: repeat time (TR)=4940 ms, slice
number=36, echo time (TE)=36 ms, slice thickness=5mm, matrix size=64x64, field
of view (FOV)=224, flip angle (FA)=90. In order to wait for steady-state magnetisa-

tion, the first four images of each session were discarded [2].
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3.1.2 Participants

The total number of 24 right-handed volunteers with 12 OCD patients (6 female, 6
male) and 12 healthy volunteers. These two groups are matched for gender and level
of education. None of the subjects in the control group had neurological disorder or
DSM-IV Axis I psychiatric disorder. OCD subjects have abnormalities as three of
them checkers, eight of them cleaners and one of them harming obsessions. Disease
duration is from 6 months to 7 years. Mean and standard deviation (std) for age,
handedness, state anxiety, trait anxiety and Yale-Brown obsessive compulsive scale
(Y-BOCS) scores in both groups and P-value for the comparisons of these variables

based on student t-test are presented in Table [3.1]

Table 3.1: Mean and Standard Deviation of some features of subject [2]

OCD Control P
Mean | SD Mean | SD
Age 27.00 | 5.80 | 25.08 | 3.32 | 0.331

Handedness 1333 | 0.65| 13.67 | 0.89 | 0.306
State Anxiety | 35.17 | 993 | 31.75 | 7.66 | 0.356
Trait anxiety | 49.25 | 8.79 | 34.50 | 8.50 | 0.000
Y-BOCS 20.25 | 6.24 - - -

3.1.3 Experimental Process

A randomly chosen drawing figure as seen in Figure [3.1 was shown to both the OCD
patients and control group before they were placed in MRI scanner. Subjects were
requested to memorize the figure and before the experiment, they were asked to draw
the figure until their drawing fitted correctly. During the experiment, the figure was
shown again between scanning sessions to the subjects. In scanning process, they
were given verbal command via pre recorded CD. The experiment was done with
block fMRI design. There were four main tasks for this experiment and there were
four sessions to increase quality of the measured signal. In the first two sessions,
suppression task was with imagining, resting and free-imagining task. In suppression
task, subjects tried to suppress this figure and think as a blank page. On the other hand,

in the last two sessions, erasing task was tried to analyse with imagining, resting and
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free-imagining tasks. In this task, subjects were asked to erase the figure starting from
the top point as shown with an arrow in previously shown Figure [3.1] The other tasks
were used to complete experiment such that the imagining task was for imagination
to suppress or erase the drawing; the resting task was for the resting without any

imagination and the free imagination task was for the neutral state for the main tasks.

Figure 3.1: The shape used in data acquistion [2]

At the end of the experiment, in first two sessions, there were 60 images for suppres-
sion and 30 images for free-imagination. In the same manner, there were 60 images
for erasing and 30 images for free-imagination in last two sessions. These images
were used to create contrast images such as suppression minus free imagining and
erasing minus free imagining. All task was lasted 5 repetition time (TR). The block

diagram of the experiment is shown in Table[3.2]

Table 3.2: Block Diagram of Experiment: I: Imagination, S: Suppression, E: Erasing,
FI: Free Imagining, R: Resting[2]]

Sessionl |I |S|R|FI|S|FI|I |S |R|FI|S|R|S|I |S
Session2 | S| R|S |[FI|I |S [R|FI|S|I |R|I |S|FI|S
Session3 |I |E/ R|FI|E|FI|I |[E |R|FI|E|R|E|I |E
Sessiond |I |E/ R|FI|E|FI|1 |[E |R|FI|E|R|E|I |E

The results given in study [2]] showed that there were small activations on concerned
brain regions for erasing task, however only suppression task was better and it is
suggested to be used in future studies. Therefore, only suppression task related fMRI

data are used in this work.
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3.1.4 Preprocessing

The fMRI preprocessing steps necessary after data acquisition are given in Figure[3.2]

fMRI Data Acquisition

Slice Timing

Realignment

Kk—

K—

MNormalization

Smoothing

]

] 1
] 1
] 1
] 1
] 1
] 1
] 1
1 1
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1 1
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1 1
] 1
] 1
] 1
] 1
] 1
] 1
i Coregistration i
] 1
] 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
] 1
] 1
] 1
1 1
1 1

Figure 3.2: Steps considered in Preprocessing

For preprocessing of fMRI data “SPMS8 software (Wellcome Trust Center of Neu-
roimagining)” in MATLAB (Math works, Sherborn, Mass. USA) was used in this

study. The user interface of this program for preprocessing is shown in Figure[3.3]
Preprocessing operation consists of five main steps:

(1) Slice timing; this step corrects time differences between slices when data was
acquired. The aim of this step is to fit all slices to a standard slice in order to equalize

time of the activity of each point.

(i1) Realignment; this step is used to reduce negative affects of head movements by

realigning the fMRI time series to the first frame of image.

36



|Realign (Estimat... -/ [ Slice timing ‘ [ Smooth ]

%CDIEgIdE[(ESiI,,, ' |Normalise (Esti... v

l Specify 1st-level ] { Review l
l Specify 2nd-level ] [ Estimate I

{ Dynamic Causal Modelling ]

SPM for functional MRI

[ Display ] [ Check Reg I Render... = [FMRI -
Toolbox - pPs | [ mcac | | DiGOMimport |
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Figure 3.3: User interface of SPM8 showing operations for Preprocessing

(ii1) Co-registration; functional data are of low resolution and are of little anatomi-
cal contrast, because of that, data should be mapped onto high-resolution and high-
contrast structural images. This step maps the low resolution functional images to
high resolution structural images for each subject. Comparison of functional and

structural images are shown in Figure [3.4]

Figure 3.4: Coregistration (a) Low resolution functional images, (b) High resolution
images after coregistration [17]

1v) Normalization; brain images belonging to different subjects may change in terms
of size and shape. In order to compare and group brain images collected from different
subjects, these images should be normalized to standard templates. There are two
common brain templates called as stereotaxic space; Talairach space and Montreal

Neurological Institute (MNI) space [7]. Note that SPM8 uses MNI template.
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(v) Smoothing; This step increases the signal-to-noise ratio (SNR) by decreasing
noise. In order to reduce noise, the functional images are convolved with a Gaus-
sian kernel. In this study, the 6-mm full-width half-maximum (FWHM) Gaussian
kernel was used for smoothing. The different smoothing images are given in Figure

3.5

No Smoothing

e

Figure 3.5: Smoothing[//]

3.2 Effective Connectivity Analysis

As stated in Chapter 2, Dynamic Causal Modelling (DCM) is used for effective con-
nectivity analysis to estimate neuronal state parameters by fitting predicted and ob-
served BOLD time series. DCM can be extracted using SPM8 which has special
batches for this analysis. SPMS8 supports Bayesian Model Averaging (BMA), fixed
effect Bayesian Model Selection (BMS) or random effect BMS as well. For this the-
sis work, random effect BMS analysis was used since there are two different subject
classes in the experiment and this type is much more effective than others for group

analysis[29].

DCM analysis should start with establishing an optimal neuronal circuit related to the
fMRI experiment. This step is first but the most important step for the analysis be-
cause DCM results depend on this network. After this step, real time series from the
regions of network (volumes) are obtained. After that, DCM estimates the best pa-

rameters of circuit on neuronal states. DCM procedure can be summarized as follows
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(53]

1) Define a neuronal circuit of contributing regions;

2) Define a model space with different connections within this network;

3) Define the inputs to the network;

4) For each subject, extract BOLD fMRI time series;

5) Estimate the models;

6) Compare all models using the free energy estimate of the model evidence;

7) Compare the leading models, in terms of relevant between-subject factors, using

fixed or random methods;

All step are examined in next sections.

3.2.1 The Proposed Neuronal Circuit template for Suppresion task (NC tem-
plate)

An optimal circuit and possible interactions established based on the significant ac-
tivations during the suppression task condition. Most of these brain regions were
significantly more active in healthy controls than patients. One exception is the insula
which was activated significantly both for patients and controls. These coordinates
are used to determine where BOLD fMRI time series should be extracted. Dataset
used in this work were gathered originally in [2]. After then, this set was also used
in [10][13] for OCD signature analysis. The significantly activated regions were Pos-
terior cingulate (PCC, BA 31), Superior frontal gyrus (SFG, BA 8), Inferior parietal
lobe (IPL, BA 40) and Insular cortex (IC, BA 13) by using F-threshold of p<0.05
(corrected). Regions are adjusted to the nearest suprathreshold voxel if there is no
voxel above threshold at the specific location for any subject. Table [3.3| summarizes

the results of [2] which give activation coordinates on these regions.

Figure[3.6shows the NC template circuit suggested in this thesis work. This template

shows the brain regions which are interested in this work and connections between
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Table 3.3: Significant activations observed in [1]

Talairach
. ) Cluster )

Brain Regions size Laterality | F Z score | X y z
Inferior parietal R 32.14 | 4.97 49 |-59 | 40
lobe (BA 40) 177 R 27.56 | 4.64 32 | -63 |35

R 25.87 | 451 35 | -66 | 45

Superior frontal 65 R 27.72 | 4.65 21 |40 | 39

gyrus (BA 8) R 16.36 | 3.63 18 | 26 | 36

Posterior Cingulate

(BA 31) 61 R 3459 | 5.13 14 | -39 | 34

Insular cortex L 27.44 | 5.87 3217 13

(BA 13) 112 L 23.44 | 5.49 -42 |1 -23 |1 20

L 17.34 | 4.78 -49 1 -6 |19

them. This network is suggested so that the any combination of given connections
creates a new circuit which is used in DCM analysis. The creation of all possible
circuit for the analysis is explained in Appendix A and there are 540 different circuits
that have been created from this template. These circuits are analysed one by one
for DCM and the best fitted one is chosen. From now on, they are called competing

models since they are used in DCM analysis.

This proposed template circuit shows that there are intrinsic connections among all
regions except that IC and PCC region. Also, suppression is determined as input for
this circuit and it only effects on the IC region. Final note from the circuit is that there
is no modulatory affects between states. Therefore, in neuronal state equations, there
are only A and C parameters for this circuit and using Equation 2.2 in Chapter 2, the

neuronal state equations for this circuit are given in Equation [3.1]

X1 = anXxy + apXxy + a;x; + ajgx,
Xy = ax1 X1 + axnXxs + a3 X3 a1

X1 = az1X] + azXxy + aszxz + azaxq + Co1u

X4 = Aq1X1 + A43X3 + A4aX4

These differential equations showing the neuronal state dynamics can be written as

given in Equation
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daa

Figure 3.6: The Template Neuronal Circuit proposed for Suppression task

X1 apy ap ap aul|x 0
X2 a ax axp 0 |[x €21
= + u 3.2)
X3 asz; dsp asz dz4| (X3 0
(X4 |as O awz assf|xs| [ O]

3.2.2 Volume of Interest Extraction

After the neuronal circuit template was proposed, Volume of Interest (VOI) should
be extracted. VOI is just a spherical volume that includes voxels. In fMRI, all voxel
has their own time series. In functional connectivity analysis, all the time series ob-
tained from each voxel inside the ROI are used. In effective connectivity, a volume

is selected with a predefined radius value. Principal Component Analysis (PCA) is
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applied on the time series of the voxels inside VOI and the resulting principals repre-
sent the time series of this volume. These volumes are selected such that the center
of them are local maximum in terms of activations. Therefore, VOIs are selected on
the regions where activation is occurred and they are used as part of circuit elements.
Regions defined in the previous section has volume with activations and VOIs are

extracted from these regions by using SPMS8. The user interface of VOI is seen in

Figure[3.7]

Figure 3.7: The User Interface of VOI Extraction

By using this interface, at first contrast is defined so that it shows only the activation
points where contrast is observed. For this study, suppression minus free imagining
contrast was used. After that, radius of volume was defined as 8mm (about three
voxel size). It is time to choose volumes for the circuit elements. The proposed
circuit includes four regions IPL, SFG, PCC and IC and the volumes must be chosen
from these regions. In one regions, there is only one time series extracted. Table[3.4]
shows the MNI space coordinates where peak activations were detected inside the

interested regions.

Now, time series from the volumes are extracted. These data will be used as observed
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Table 3.4: The MNI coordinates which have local maximum inside concerned region

MNI Space of Volumes
Regions | x y z
IPL 48 | -62 | 44
SFG 20 |40 | 42
IC -34 110 | 12
PCC 14 | -42 | 36

parameters when DCM estimates yhe neuronal parameters.

3.2.3 DCM Estimations and Bayesian Selections

By now, the possible circuits and their template connections have been determined.
There are 540 possible connection combinations and each of them have at least one
connection between predefined four regions for suppression contrast data, each of
which is corresponding to a competing model. However, the connection values are
not determined yet although they are decided to exist or not. DCM estimates what are

the connection weights and which of the competitor model has the highest rank.

The DCM was applied for two session which suppression task was used. It is imple-
mented for each subject and for each competitor model based on the template NC.
Each model was fitted by SPM8 using expectation maximisation (EM) procedure to
estimate intrinsic parameters, input and bilinear connections. DCM also calculates
the biophysical model parameters of hemodynamic response fitting to neural activa-

tion [24].

In addition to the estimates of the connection parameters, for a competitor model,
DCM estimation also derives an estimated log evidence for that competitor model, us-
ing negative free-energy criterion as described in Chapter 2. This free-energy shows
the accuracy of the model corrected for the complexity of the model. This term de-
pends on both the number of parameters and the dependencies between parameters.
Since negative free energy estimates calculates penalty for model complexity as de-

scribed in Chapter 2, it is used for this thesis work to compare models.

As in Equation , the connectivity parameters of proposed network for effective
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connectivity analysis are found. These parameters also form a connectivity vector as

in Equation[3.3|

0 = [vec(A)&vec(C)] (3.3)

The estimation results of the negative free energy can be summed over subjects for
each model to calculate the estimated cumulative evidence for healthy and patient
group. This approach is called as fixed effects method [5] because this method as-
sumes that all subjects generated data from the same neuronal model, without the

model itself being a random variable between subjects.

In one session, for each subject, DCM estimates all hidden parameters inside neuronal
circuit and hemodynamic model by fitting the calculated signal to measured signal.
In this analysis, unlike the past studies that uses Bayes Factor in order to compare
the goodness of models, random effect method for group analysis suggested in [25]]
is used as described also in Chapter 2. As a result of this analysis, the expected
posterior probabilities show that how model fits for healthy and patient subject and the
exceedance probabilities show that how a model is more likely than one other model.
After applying DCM analysis in SPMS, these two results are calculated with Bayesian
method and are placed in BMS.DCM.r f x.model.exp, and BMS.DCM.rfx.model.xp

mat file respectively.

After obtaining the exceedance probabilities for the random effect analysis, the circuit
with maximum exceedance is the winner circuit. In random effects group analysis,
the order of the circuit is the same for all subjects. Therefore, the neuronal circuit

parameters can be used for all subjects to compare them.

In this thesis work, healthy and OCD groups have been examined separately. For each
group, proposed network template was the input of DCM. After DCM procedure,
the exceedance probabilities of competitor models for each are calculated and sorted

separately.

The leading models are the best models represent for each group’s reaction to the
suppression task. These reactions are expressed as the effective connectivity and these

connectivity parameters are used as the feature vectors of subjects to be classified as
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OCD or healthy as explained in the next chapter.
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CHAPTER 4

THE PROPOSED METHOD FOR OCD SIGNATURE
EXTRACTION

In this chapter, it is explained how the outputs of the DCM analysis is used and con-
verted to the feature vectors for OCD signature extraction and how these feature vec-
tors are used in classification for discrimination of OCD and healthy subjects. There
are two steps in this chapter: first step is the feature extraction which includes com-
bination of connectivity parameters of DCMs for OCD and healthy subjects together.
The other step is the classification. Support Vector Machine was used in this study
with leave one out cross validation. All details about each process are presented next

sections in this chapter.

4.1 Feature Extraction

As stated earlier, the neuronal network parameters, only A and C matrices are ex-
pressed as the the effective connectivity among regions. These parameters are esti-
mated from candidate models in DCM analysis by fitting predicted BOLD signals
to the observed signals. Since these parameters are dependent to observed BOLD
time series, they may also be used as features of each subject. In effective connec-
tivity analysis, subjects performance is determined by two main factors: input and
characteristic of individual subjects. As a key aspect of this study, it is assumed that
these neuronal state parameters have different distinct values for each subject under
the same task analysis and they may be used as features of them to be classified as

OCD and healthy.
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After the neuronal networks connectivity parameters 8(A, C) of leading models are
found for both class, these parameters are used as features for each subject. The
leading models for each group are chosen separately. The 6 parameters belong to the
subjects from each model become the features of them. The first analysis is done with
N leading models for both healthy and OCD groups. The number N is determined
intuitively as the best accuracy is reached. These subject’s features from both leading
models are used for training and testing the classifier. The feature vectors correspond-

ing to subjects are used in training by using Leave-One-Out testing procedure.

The feature creation steps are straightforward but it should be done carefully. In order
to create feature vectors for each subject, A and C matrices of the best N circuits
should be concatenated. Since the same circuit models are used for all subjects in
the same order, i.e., the order of the circuits and their parameters are the same for all
subjects, each value in A and C matrices can be compared among subjects. Therefore,
only the existing connections in the leading models are used in the feature vectors
which means that if there is no connection between any regions, this connectivity

parameters can be excluded from the feature vectors.
Feature vectors for first N leading models are created as follows:

1. Take 4 x 4 AZj and A;;j matrix for i model and j” subject,i=1,2,...Nandj=1,
2, ..., 24 such that A, represents the A matrix of subjects for leading healthy models

and A, for patient models

ahll ahlz ahn ah14
L,j i,j ij i,j
Ai,j _ ahll ahzz ah23 ah24
L VN A ¥ AN B Y
ah31 ahsz ah33 ah34

and
, i i,j i
al’n aplz apm aP|4
i,J i i,j i
Ai’ Jj Apyy Apy  Apy; Apy,
L (Y Y ¥ R R &
aPSl al’32 aP33 ap34

i i ij i
Apy Apy  Qpys Apy
2. Take 4 x 1 C;’ and C},’ matrix for i model and j* subject ,i=1,2, .., Nandj =
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1,2,..,24

Ci’j — ha1

and

Chi
Chn
Cpi

ij
CP41

3. Concatenate C;l’j matrix to last column of A;z’j matrix to get4 x5 F ;l] matrix and add

C’/ matrix to last column of A5/ matrix to get 4 x 5 F};’ for i model and j" subject

1=1,2,..,Nandj=1,2,..,24

il dl
| i
g Ay, Qi Ay G
o G Gy B, S

and
ag, ap, ag, ag, cp,
ay, dp, agl, dpl, o,

i i,j iJ i,j ij
aP41 amz ap43 aP44 CP4|

4. Convert F,’ and F};/ matrix to row vectors successively such that F,’ and F;

vectors have 20 elements (1 x 20 matrix)

Fi’j — ai,j ai,j al}j al}j Ci’j al}j ai,j ai,j ai,j Ci’j
hv hit hi2 hi3 his hyp ottt h4 ha ha3 hag ha
and
ij — i.j i.j i.J i.j i.j i.j i.J i,j i.j iJ
FPV - ( Ap;y Apyp Apyy Apy Cpy wee oo Apy App Apyy Apyy Cpy )
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5. Repeat first 4 steps for each model i = 1, 2, ..., N and for specific subject j to create

two 1x(20 = N) feature vectors of j” subject F ;1 and F {; such that

j — Lj 2,j 3,J 4] 5.7 (20«N=2),j (20«N-1),j 20N, j
FH ( Fhv Fhv Fhv Fhv Fhv Fhv Fhv Fhv
and
J— Li p2i p3J phi S (Q0+N-2),j  1-(20sN—1),j 20N, j
Fl —( FYoOFY RN OFY Ry .. F® Fe F2

6. Concatenate Fy and Fp matrix in subject order such that

Fl. F)
F2 P’
F3 F3
7 = H P
F3 F%
F2 R

7. Eliminate only the columns in Z matrix if all elements of that column is zero that
means there is no connection in the leading circuit corresponding to this parameters.
This step increases the accuracy of the classifier by eliminating the parameters where
value does not change among subjects. Therefore, each subject has its feature vector

which consists of 1x(40 = N — m) where m is the total number of no connections.

4.2 Classification

After the feature vectors for each subject are created, classification methods are ap-
plied. In order to discriminate patient and healthy subjects from each other, Support

Vector Machine (SVM) is used in this study for classification.
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4.2.1 Leave One Out Cross Validation

In classification steps, the classifier to be used should be trained and tested carefully.
In some studies, obtaining new data separately for testing may not be possible. For
obtaining reliable performance results, cross validation is helpful if the data is limited

as in the case of this work.

In this study, there are two classes: healthy and OCD patients and from each of these
classes, only 12 subject’s fMRI records are available. Therefore, a cross validation
technique is very suitable for this thesis work. Leave one out is the most suitable

technique to convey this experiment. LOO cross validation is summarized as follows:

1. Select one subject as a test subject from Z matrix and remove i row from this

matrix. Use this vector as Zi**" in testing
2. Remaining 23 subjects in Z matrix will be used as the matrix Z™" in training

The following Figure .1 simply shows the Leave one out procedure for 24 subjects.

4.2.2 Support Vector Machine

As stated in Chapter 2, SVM calculates a hyper surface in high or infinite dimensions
to discriminate classes from each other. In order to get a good separation, hyperplane
should have maximum distance to the nearest data point of any class. Generally, Lin-
ear SVM classifier is not suitable for fMRI data because the feature of each subject
is formed a vector taking from different models and thus nonlinear SVM is preferred
to classify patients from healthy subjects. In SVM classification, Gaussian radial ba-
sis function (RBF), polynomial kernel function and linear kernel function are mostly

used kernel functions in SVM classification.

According to [36], the Gaussian RBF kernel function is preferred to linear and poly-
nomial one to use in SVM because linear kernel is already the special case of RBFE.
On the other hand, polynomial kernel may have too many parameters when high order
functions are considered. Different kernel functions with different parameters cause

different results for classification and choosing the right one and obtaining maximum
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Figure 4.1: The diagonal subject is test subject while the others are used for training
O : used for training and X: used for testing

separation are very essential steps. In this study, the Gaussian RBF kernel is de-
termined as the best one. Also, another important parameter, penalty parameter C,
should be adjusted properly so that SVM can make maximum separation. In this
study, penalty parameter were found empirically by grid search technique so that the

classification accuracy is the highest.

SVM classifiers are trained with the training sets that are obtained with LOO cross

validation and test sets are used to measure how the classifier discriminates groups.

SVM classifiers were implemented in MATLAB by using svmtrain function to train

classifier and svmclassify function to test the classifier.

Performance of SVM classifier is tested with binary classification test, also known in

statistics as classification function. In Chapter 2, sensitivity, specificity, recognition
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rate and F-scores are described. For this study, these terms are defined for the OCD
and healthy groups. Sensitivity measures the proportion of true positives for OCD
(Pocp) group and specificity measures the proportion of true negative (Pp) for the
same group. By using same terminology, (Nocp) and (Ny) represent false positive
and false negatives for OCD respectively. Since both group has only 12 subjects, that
1S Pocp + Py = Nocp + Ny = 12 Equation 2.46 in Chapter 2 becomes:

Pocp
12

S ensitivity(recall) =

P
S pecificity = 4.1)

12
Pocp + Py

Recognition Rate =
g 24

As given in Chapter 2, in order to calculate F-scores, precisions are calculated as:

P
Precision = —22 4.2)
Pocp + Ny
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CHAPTER 5

RESULTS AND DISCUSSIONS

In this thesis work, effective connectivity analysis based on DCM method is applied
to the fMRI data of healthy and OCD group. The connectivity parameters are used
for discriminating OCD and healthy subjects. This chapter consists of three main
sections. In the first section, the results of DCM estimation with model ranking and
connectivity parameters are discussed. In the next section, feature vectors for each
subject established as defined in Chapter 4 are presented. Finally, classifier results of
SVM considering LOO cross validation is given and its results evaluated with binary

classification are also presented.

5.1 Results of DCM Estimation and Bayesian Method for Selection

In [41], the random variable analysis has the better results for the group analysis.
Therefore, random effects analysis is used to compare models. Random effect anal-
ysis (rfx) is obtained in two separate probabilities: expectance and exceedance. Ex-
pected rfx and exceedance rfx probabilities are found in the output files of SPM8
BMS.DCM.rfx.model.exp_ r and BMS.DCM.rfx.model.xp respectively. Connectivity
parameters of DCM results are also given under DCM file. Also the log evidence,
F values, estimated by negative free energy, which is the trade off between accuracy
and complexity, for each model is obtained under the BMS.DCM.rfx.F file. F values
obtained for 30 leading healthy models and for 30 leading OCD models are given in
Figure [5.1] and [5.2] respectively. Note that F values are parametrized according to the

best model of each group.
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Figure 5.2: F values for the number of models for OCD Patient subjects

According to the F values given in Figure [5.1] and [5.2], the model with label 181 is
the best neuronal network for healthy and the one with label 188 for the OCD. From
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now on, these models are called as H181 and P188 respectively for simplicity. In
fact H181 and P181 has the same connection in the corresponding competitor model,
i.e. model 181, but the values of these connection varies. Note that, each group are

analysed within its group with the same order of the models.

It is mentioned in [S3]] that "...the hierarchical Bayesian model selection approach is
equivalent to a random effects analysis incorporating between subject differences in
the probability of model having generated the group data." The random effect analysis
have two outputs and the competing models are sorted according to these probabil-
ities. Figure [5.3] shows the exceedance probabilities of each competing model for

OCD subjects.

Exceedance Probahilities

0 R0 100 1580 200 250 300 350 400 450 R00 B0
Muodels number

Figure 5.3: Exceedance Probabilities for the number of models for OCD Patient sub-
jects

Also, figure [5.4] shows the exceedance probabilities of each competing model for

healthy subjects.
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Figure 5.4: Exceedance Probabilities for the number of models for Healthy Patient
subjects

For both group, first two models are more likely than other models. The expected and
the exceedance probabilities and log evidence (F) values of the first five competing

models for OCD and healthy group are given in following tables: Table[5.1]and Table
[5.2] respectively.

According to these results, the model with label of 181 is the best model for healthy
group (H181) and the model label of 188 is the best model for the OCD group (P188)
as we have already found in log evidences. Therefore, the best network, H181 realized

from the DCM for healthy group is given in Figure[5.5]

From Figure [5.5] it can be deduced that there is a network starting from IC to PCC
connected through IPL and SFG on the brain of healthy people. Representation of the
H181 in neural state equations are given in Equation [5.1] It is shown that there are 7

connections among nodes, thus A matrix of this model includes 7 parameters and the
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Table 5.1: DCM results of best five model for OCD group

Best Model | 2" Model | 3" Model | 4" Model | 5" Model

Model Number | 188 181 65 417 149
Expected
Probabilities 0.24 0.23 0.21 0.21 0.21
(107
Exceedance
Probabilities 0.67 0.57 0.48 0.46 0.40
(1072)
F values

) 0 2e-06 -17.7 -17.9 -18.1
(relative)

Table 5.2: DCM results of best five model for healthy group
Best Model | 2" Model | 3" Model | 4" Model | 5" Model

Model Number | 181 188 258 449 336
Expected
Probabilities 0.25 0.24 0.22 0.22 0.21
(107%)
Exceedance
Probabilities 0.82 0.74 0.44 0.42 0.40
(107
Fvalues 0 3e-05 121 12.8 13,5
(relative)

remaining are O for no connection. The best model also includes only 1 connection

to the input.

»x'{ 7a11 0 ans 0 ] >X1— [ 0 ]
X a a 0 O f|x c
2 _ 21 22 2 + 21 u (51)
X?a 0 0 asz dsg || X3 0
»x'4‘ | 0 0 0 ayq | | X4 | 0 ]

For the healthy group, in order to realize connectivity strength, the mean values and

standard deviations of each connection for 12 healthy subjects are given in Table[5.3]

The same network but analysed among patients (P181) is used for the OCD people.
The connection parameters are used for OCD subjects as feature to compare healthy

and OCD group. In Table[5.4] mean values and standard deviations of 12 OCD sub-
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Figure 5.5: The Best Fitted Circuit model for Healthy group

Table 5.3: Means and standard deviations of Healthy group in model H181

connectivity
terms:

mean value | -0.2562 | 0.6253 | -0.0051 | -0.3000 | -0.3181 | 0.5952 | -0.3048 | 0.0766
std deviation | 0.0331 | 0.0527 | 0.0100 | 0.0005 | 0.0214 | 0.0393 | 0.0169 | 0.0004

aig aps as) an ass asq (227} 21

Jects for the connectivity parameters of the model labelled P181 are given.

Table 5.4: Means and standard deviations of OCD group in model P181

connectivity
terms:

mean value | -0.2820 | 0.6136 | 0.2065 | -0.5997 | -0.5066 | 0.4647 | -0.4000 | 0.0736
std deviation | 0.0263 | 0.0032 | 0.0062 | 0.0009 | 0.0197 | 0.0099 | 0.0049 | 0.0002

any ags as axy ass asg as4 C2]

In order to show the connection strength differences between healthy and OCD group
in healthy leading model H181, Figure [5.6]is given. In this figure, mean value with

standard deviations of 12 healthy and 12 OCD group connectivity parameters are
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given for the model H181 and P181.
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Figure 5.6: Mean values for OCD and healthy subject for the 8 parameters of the best
model of healthy subjects o :healthy, x: OCD

In Figure [5.6] there is a clear separation between two class in terms of their mean
values and standard deviations of connectivity parameters. Although some parame-
ters for OCD and healthy group are close to each other, many parameters have distant
mean and small standard deviations so that they are very effective in discriminating

OCD and healthy classes.

On the other hand, for the OCD group, the best fitted model which is the one with
label 188 (P188) is given in Figure [5.7]

For the best OCD model, the connection parameters are given in Equation [5.2] It
is shown that there are 8 connections among nodes in the best model. Therefore, A
matrix of this model includes 8 parameters and the remaining are 0. The best model

also includes only 1 connection to the input.
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Figure 5.7: The Best Fitted Circuit model for OCD group
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For this group, the mean values and standard deviations of 12 OCD subjects for the

connectivity parameters are also given in Table[5.5]

Table 5.5: Mean values and standard deviations of OCD group in model P188

connectivity
terms:

mean value | -0.4507 | 0.8144 | 0.2020 | -0.4948 | 0.2010 | -0.2974 | 0.6596 | -0.3072 | 0.0739
std deviation | 0.0309 | 0.0011 | 0.0095 | 0.0015 | 0.0058 | 0.0344 | 0.0201 | 0.0127 | 0.0004

ap as az) an a3 ass a3y Q44 €21

The same connection parameters are also important for healthy subjects because these
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parameters are also used as features to compare healthy and OCD group. At Table
[5.6) mean values and standard deviations of 12 healthy subjects for the connectivity

parameters of the model labelled H188 are given.

Table 5.6: Mean values and standard deviations of healthy group in model H188

connectivity
terms:

mean value | -0.2503 | 0.4643 | 0.0020 | -0.3021 | 0.0039 | -0.5019 | 0.3866 | -0.5130 | 0.0765
std deviation | 0.0399 | 0.0033 | 0.0069 | 0.0075 | 0.0056 | 0.0335 | 0.0310 | 0.0129 | 0.0002

ap as azy a a3 ass asz4 44 21

The Figure [5.8] shows the connection strength differences between healthy and OCD

group in connectivity parameters of H188 and P188.
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Figure 5.8: Mean values for OCD and healthy subject for the 9 parameters of the best
model of OCD subjects o :healthy, ¢:OCD

The second models are model H188 and model P181 for healthy and OCD group
respectively and since these models are the first one for the other group, they already
have been used in feature vectors. Also, since they are the same, the classification
results are the same with two leading models. The third, fourth and fifth models and

their parameters are given in Appendix B.

For the best models, all connectivity values of each subject are given in Figure
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Figure 5.9: Connectivity Strengths of all subjects for the best models

5.2 Results of Feature Extraction

By now, leading two models have been examined. As described in Chapter 4, con-
nectivity vector 6, for all subjects are created to determine the value of N, which is
the number of models to be used in feature vectors. The analysis would be iterative.
In order to reduce calculation, only the five models have been examined. In order to
create the feature vector for the specific subject, its connectivity parameters for the N

leading models for the OCD and healthy cases should be considered.

For N = 1, only the best models are taken and the connectivity parameters are found.
There are 7 A matrix and 1 C matrix components from best healthy model and 8 A
matrix and 1 C matrix components from the best OCD model. Therefore, for N = 1,

feature vectors for each subject have 17 components.

By the same way, for the first five N values, the feature component numbers are given
in Table [5.7] Note that C matrix always contributes 1 component for each model.
Since first two models are coincide, the second models have no effective contributions

on feature vectors.
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Table 5.7: The number of Feature Components

Number of Number of
Model Model | feature feature Feature vector
N | Label Label components components | size of
of Healthy | of OCD | from from each subject
Healthy Model | OCD Model
1 | 181 188 8 9 17
2 | 188 181 9 8 17+17=34
3 | 258 65 11 9 34+20=54
4 | 449 417 10 9 54+19=73
5 | 336 149 10 10 73+20=93

5.3 Results of Classifications

5.3.1 Support Vector Machines

As mentioned in Chapter 4, the classification analysis was performed on 24 partic-
ipants (12 healthy and 12 patient). For training the classifier leave-one-out cross

validation is used so that 24 distinct test and train matrix are created.

The SVM classifier is used to discriminate between healthy and patient groups. Since
it is suitable much more than other technique, RBF kernel function is preferred in this
work. As stated in Chapter 2, RBF kernel parameter (y) and margin parameter should

be selected for the best accuracy. The grid search is used to find best parameters.

Performance of SVM is measured by sensitivity and specificity as described in Chap-
ter 4. The average value of these two values gives recognition rate and it represents

the accuracy of the classifier.

After feature vector for each subject is obtained by DCM analysis, Support Vector
Machine classification method is applied for first five leading models. For these mod-
els, overall SVM results are given in Table[5.8] The best SVM parameters are found

with grid search.
Also, the performance results are given in Figure
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Table 5.8: SVM Performance

Sensitivity | Specificity | Accuracy
N | TP | FP | TN | FN F-
(%) (%) (%) SCOres
1 [ 11 |1 11 |1 91.67 91.67 91.67 0.92
2 111 |1 11 |1 91.67 91.67 91.67 0.92
319 3 8 4 75.00 66.67 70.83 0.72
4 |8 4 |7 5 66.67 58.33 62.50 0.64
518 4 7 5 66.67 58.33 62.50 0.64
100,00
50,00 : \
80,00 :
70,00 \\_.
£0,00 i
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Figure 5.10: Performance of SVM vs number of model

for N=1 In previous section, the connectivity parameters of the best models are
converted to the feature vectors for each subject. As shown in Table [5.7 that there
are 17 components in the feature vectors for each subjects. LOO cross validation is

applied to test each subject and the SVM parameters are tried to find best accuracy.

When only the best model’s parameters are used in the feature vector, 1 of 12 OCD
subjects and while 1 of 12 healthy subjects are misclassified. This is resulting in
91,67% sensitivity and 91,67% specificity. therefore, this gives 91,67% accuracy.

This accuracy is very promising among the studies in literature. The performance
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values are summarized in Table[5.8] These results may be improved when the number

of models tested increase.

for N=2 Although the best model has a reasonable accuracy to discriminate two
groups from each other, this analysis can be extended by using successive leading
models as the features of the subjects. When N=2, the first two models’ connectivity

parameters are used as the features.

As seen in Table [5.2] the exceedance probability of the second model for healthy
group is 0.74. This result show that these two models may represent the real activation

in hidden states of healthy subjects.

Also as seen in Table[S.1] the best two models for OCD group are compared in terms
of their exceedance probability. The second model’s probability is about 0.57. This
result show that these two models may also represent the real activation in hidden

states.

When the best two models of both group are selected so that their connectivity pa-
rameters become the features of each subject, the SVM results are as follows: 1 of 12
OCD subjects and 1 of 12 healthy subjects are misclassified. Thus for N=1 and N=2,
sensitivity is again 91,67%, specificity is again 91,67% and thus accuracy is 91,67%.
Results are again summarised in Table [5.8] This result is not surprising because the

feature components are exactly the same with the best models’.

for N=3 Since the first two models’ results are very promising, it can be further

examined the other successors.

The first three models are compared by their random effect probabilities for healthy

and OCD subjects given in Table[5.2]and [5.1] respectively.

As seen in Table[5.2] the exceedance probability of the third model for healthy group
is about 0,44.

Also as seen in Table[5.1] the best three models for OCD group are compared in terms
of their exceedance probability. The third model’s probability is about 0,48.
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When the best three models of both group are added to their feature vectors so that
their connectivity parameters become the features of each subject. There are 54 com-

ponents in feature vector for each subject.

In this case, three OCD subjects are misclassified and the other subjects are classified
correctly. By using three leading models’ parameters as the features, the SVM perfor-
mance is as follows: sensitivity 75,00%, specificity 66,67% and accuracy is 70,83%.

Also, accuracy decreases in comparing to previous results.

In order to see the further results, performance for N=4 and N=5 are given.

for N=4 The first four models are compared by their random effect probabilities for

healthy and OCD subjects given in Table[5.2]and [5.1] respectively.

As seen in Table[5.2] the exceedance probability of the fourth model for healthy group
is about 0,42.

Also as seen in Table the best four models for OCD group are compared in terms
of their exceedance probability. The fourth model’s probability is about 0,46.

When the best four models of both group are selected so that their connectivity pa-
rameters become the features of each subject, there are 73 components in feature

vectors.

There are 5 healthy and 4 OCD subjects that are misclassified. The sensitivity de-
creased to 66,67 %, specificity decreased to 58,33% and accuracy decreased to 62,50%.
In fact, such a decrease in the performance is not a surprise after some value of N, here
N=4, because the successor models do not fit well as the leading ones do, thus they
are contributing to the classification but causing unnecessary increase in the feature

vector size.

for N=5 The first five models are compared by their random effect probabilities

given in Table[5.2]and [5.1] for healthy and OCD subjects respectively.

When the best five models are selected, there are 93 components in feature vector

for each subject. In this case, 5 healthy subjects and 4 OCD subjects are misclassi-
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fied. Thus, the SVM results are as follows: the sensitivity is 66,67%, specificity is
58,33% and accuracy is 62,50%. These results are also shown in Table @ Thus, the

performance of classification for N=5 is very low compared to first two models.

These results show that the best two models have very high accuracy for the dis-
crimination of two groups. When the other successor models have been added to the
classification step, the total performances in terms of sensitivity, specificity and accu-
racy are all decreased. Therefore, it can be deduced that the other successor models

will also decrease the quality of discrimination.

When all these performance result obtained in this chapter, the best discrimination is
reached when N=1 and N=2, that is the first two models are representing the subjects
well to discriminate both groups. The reason for this result is that DCM try to estimate
connectivity parameters and the first models’ parameters generate very similar signals
to the real time series while the rest of the models are not good in representing the

subjects.

Furthermore, the performances when the best models used alone are considered. Ta-
ble[5.9]shows the results obtained when only 181 (best healthy model) and only model
188 (best OCD model) is used. As it is demonstrated in the table, when the best
model is applied alone to all subjects, 1 healthy and 1 OCD subjects are misclassified
similar with the result of both best models. On the other hand, when the best OCD

model 188 is applied to the subjects, all subjects are classified correctly.

Table 5.9: Performace of best models

Sensitivity | Specificity | Accuracy
Model TR | FR | TN | F
odel Number N | FN %) %) %)
181 1|11 91.67 91.67 91.67
188 1210 (12] 0 100 100 100
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CHAPTER 6

CONCLUSIONS

In this study, effective connectivity is used for the first time in literature for disease
signature extraction to discriminate OCD subjects from healthy subjects. For this
purpose a method is proposed to obtain the feature vector constituting the OCD sig-
nature by applying Dynamic Causal Modelling (DCM) on task related fMRI data and
the proposed method is tested on data collected from 12 OCD and 12 healthy subjects.
These data were used previously in work [[13] for the same purpose but the functional
connectivity analysis was used instead. For the effective connectivity analysis, Dy-
namic Causal Modelling (DCM) is applied because the other methods like PPI or
SEM are not easily used with event-related data. Also, DCM allows to model a cog-
nitive system at the neuronal level which is not directly accessible from fMRI. In this
study, the purpose of applying DCM is to examine effective connectivity among IPL,
IC, SFG and PCC brain regions under a suppression task. The parameters of hidden
neuronal circuit that represent the effective connectivity among the regions are dis-
covered. These parameters are related directly with measured BOLD time series and
they are subject dependent as well as the tasks. Thus, these connectivity parameters
are used as the feature of subjects because, by establishing suitable neuronal circuit
template. After extracting features for each subject with DCM analysis, Support Vec-
tor Machine (SVM) classification method is applied because it is widely used for
fMRI data. By the way, in order to obtain feature vectors, not only the best model
but also first five models are considered because the leading models also represent
the real BOLD time series as much as possible. However, there is a breakpoint that
the performance of classification reduces dramatically. By using SVM method, the

best discrimination result 91.67% is reached when the first two models’ parameters
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are used as the feature representing an individual subject to extract OCD signature.
This results outcome the previous works on the same dataset. In [10], 72% accuracy
was achieved for task related functional connectivity analysis and in [11] the accu-
racy 69% for resting state functional connectivity fMRI analyses. Furthermore, when
the best model parameters are classified separately, 91.67% accuracy is obtained in
the best healhty model 181 and 100% accuracy was obtained in the best OCD model
188. Results of this study are supporting the study in [12] which claimed that the
effective connectivity is better method than functional connectivity to examine task

related activities.

In this study, the model selection is done with random effect analysis because this
analysis is better for group studies [38]]. Also, the exceedance probabilities of each
model are used to compare models. Thus, it can be deduced that these probabilities

can be used for model comparison.

This results show that DCM analysis is a very effective way to represent hidden state
parameters. This means that the neuronal network of OCD people can be revealed
under suppression task. Therefore, these connectivity parameters among IPL, IC,

SFG and PCC brain regions can be used to extract OCD Signature.

When the best models for OCD and healthy subject are compared, the only difference
lies on the connection from IC to SFG. In healthy people while the SFG is effected
from IC through IPL region, there is a shortcut connection from IC to SFG.

In conclusion, the results of this study shows that the effective connectivity parameters
obtained by DCM analysis may be used to characterise subjects under a task related
fMRI. For future work, these analysis can be applied different kind of OCD or other
mental disorders. Also, the neuronal circuit template may be chosen differently to
analyse connectivity among the other regions that are not used in this study. Also, the

other classification or feature extraction techniques may be used for this thread.
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APPENDIX A

COMPETING MODELS

The template neuronal network has been created based on the previous work. This

template network is given in Figure

Figure A.1: Template Neuronal Network

In this template network, there are 14 connections. Therefore, it is calculated that
there are 24 = 16384 different models could be created. However, this number is
too much for DCM analysis because it is actually used for measuring the reactions
of proposed brain regions under an examined task. Therefore, this number should

be reduced by the expertise on proposed regions. The self loops of all nodes are
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preserved for all competing models. Therefore, the first step is to keep all self loops.

The other connections that "must" be available for the analysis in this thesis work are
between IPL and IC regions, and IPL and SFG regions. Therefore, at least one con-
nection must be available between IPL and IC regions, and one connection between
IPL and SFG regions. In short, there are 9 different models created for these connec-
tions that they are called "A type" models. This type of models represent only the
mandatory connections between nodes. All of them are not included in analysis but
their combinations with other type of models will be used for DCM analysis. Figure

[A.2] shows type A models.

The other is B type model. These models are interested with the connections between
IC and SFG. Since there is at least one connection of IC in either way and at least
one connection of SFG in either way due to type A models, type B models can have

4 alternatives as shown in Figure[A.3]

The last type models are interested in the connections bounded to the PCC regions.
There are 2* = 16 possibilities but one of them is corresponding to no connection.

Therefore this model is eliminated and 15 type C models are created as given in Figure

A4

These three type of models show the possibility of all models that are used for DCM
analysis in this work. The competing models are created by all combinations of three

type of models. For example, the combination of Al and B1 and C12 is given in
Figure[A.3]

Therefore by using all type models, the number of models that are used in DCM

analysis are calculated as

N=A«*BxC=9x4x%15=540 (A.1)

One more example for competing models are given in Figure[A.6]

To sum up, there are 540 competing models for DCM analysis and they are labelled
as 1,2,3...540 by the SPMS8. The overall candidate models are given in Figure[A.7]
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Figure A.3: Type "B" models
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Figure A.5: Combination of A1-B1-C12

Figure A.6: Combination of A8-B2-C3
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APPENDIX B

SUCCESSIVE 3 MODELS

For both group, first and second models are presented in Chapter 5. The following 3

models will be given in this section.

For healthy group, the third model is given in Figure B.9]

Figure B.1: Third Healthy Model

The matrix representation of this model is given in Equation |B.1
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For healthy group, the fourth model is given in Figure

Figure B.2: Fourth Healthy Model

The matrix representation of this model is given in Equation
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For healthy group, the fifth model is given in Figure B.T1]

The matrix representation of this model is given in Equation
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For OCD group, the third model is given in Figure [B.4

Figure B.3: Fifth Healthy Model

>.X'1< »a” 0 O 0— E)C]— >0<
X2 ay axp ap 0 ||x €21
X3 az; ax az; o a||x; 0
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The matrix representation of this model is given in Equation[B.4]

>X'1ﬁ Vall ain 0 0 ] >X1— [ 0 ]
x'z 0 ann O O X2 o1
X3 az; 0 azx azl|xs 0

»x'4‘ | 0 0 aqz  Aaq| | X4] | 0 ]

For OCD group, the fourth model is given in Figure
The matrix representation of this model is given in Equation
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Figure B.5: Fourth OCD Model
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For OCD group, the fifth model is given in Figure

Figure B.6: Fifth OCD Model

The matrix representation of this model is given in Equation
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Along with the 3 successive models, the connection strengths of each subject in the

best models are given in following figures. In these figures, a;;h represents the con-

nection from i to j in the best healthy model and a;;p represents the same node con-

nection in the best OCD model.
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Figure B.9: Connectivity parameters of Subject 3 for best models H181 and P188
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Figure B.10: Connectivity parameters of Subject 4 for best models H181 and P188
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Figure B.11: Connectivity parameters of Subject 5 for best models H181 and P188
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Figure B.12: Connectivity parameters of Subject 6 for best models H181 and P188
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Figure B.16: Connectivity parameters of Subject 10 for best models H181 and P188
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APPENDIX C

COSINE SIMILARITY

There are many methods to measure the similarity between vectors and cosine simi-
larity method is one of them. Cosine similarity just measures the cosine of the angle
between two vectors. Cosine similarity between two d—dimensional vector x,y is

defined as in Equation[C.1]

X.y _ Z?:l XiYi C.1)

Cosine similarity can be used as feature extraction method and decision is made by

cos(x,y) =

comparison of similarities as in [13]. It measures the distance between each sample
and the mean cluster of the other samples. This approach calculates the cosine value
of the angle between the two vectors formed in chapter 4 Feature Extraction section
for each subject and the means of healthy and patient subjects. LOO-CV algorithm is

applied. Cosine similarity can be defined as:

If test subject k is healthy subject:

f1 = cos(S (k), meansS y_;)
(C.2)
> = cos(S (k), meanS p)

where f; and f, cosine of the angle between test subject (k”* subject) and mean vector
of the remaining healthy subjects (training healthy subjects) and training OCD sub-
jects. S(k) is the feature vector of k™ subject, S ;_; healthy subject feature vectors

without k™ subject and S p OCD subject feature vectors.
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Otherwise, when test subject k is OCD subject:

f1 = cos(S (k), meanS )
(C.3)
> = cos(S (k), meanS p_y)

where S p_;, OCD subject feature vectors without k™ subject

Decision is made by comparison of similarities, therefore the class of the test sample

k can be decided simply by comparison of f; and f, such that:

iffi > f

keH
(C4

Otherwise

keP

By using feature vectors obtained in chapter 4 and applying LOO-CV algorithm, the
cosine similarity is obtained. For each subject, the cosine of angle is measured for the
model 188 which is the best model for OCD and second model for healthy groups.
The cosine of angle between mean values for both group is calculated as 0.8778.
Subject vs mean values results are presented in Table [C.T] as class represents the true
class of each subject. Also, f; and f, values and decisions from these values are given.
Performance is 1 if class and decision is matched and O otherwise. Total performance

is calculated from the proportion of the sum of performances over subject number,

24.

From this similarity analysis, 79,16% accuracy is obtained. Therefore the perfor-

mance of this analysis is lower than the SVM analysis.
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Table C.1: Cosine Similarity Results

T(?St Class | fl f2 | Decision | Performance
Subjects
1 H |097 0,96 H 1
2 H |098 095 H 1
3 H |098 095 H 1
4 H 0,99 | 0,93 H 1
5 H |0,97 | 0,96 H 1
6 H |0,99 0,92 H 1
7 H {091 0,99 P 0
8 H |098 095 H 1
9 H 0,98 | 0,95 H 1
10 H |095|098 P 0
11 H |096 | 097 P 0
12 H |0,97 | 0,96 H 1
13 P 0,96 | 0,97 P 1
14 P 0,97 | 0,96 H 0
15 P 0,95 | 0,98 P 1
16 P 0,96 | 0,97 P 1
17 P 0,92 | 0,99 P 1
18 P 0,99 | 0,93 H 0
19 P 0,91 | 0,99 P 1
20 P 0,95 | 0,98 P 1
21 P 0,96 | 0,97 P 1
22 P 0,92 | 0,99 P 1
23 P 0,94 | 0,98 P 1
24 P 0,91 | 0,99 P 1

Total Performance (19/24)

79,16%
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