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Abstract

This study aims to investigate how dimensionality reduction of neuroimaging

data prior to training support vector machines (SVMs) affects the classification

accuracy of bipolar disorder. This study uses principal component analysis (PCA)

for dimensionality reduction. An open source data set of 19 bipolar and 31

control structural magnetic resonance imaging (sMRI) samples was used, part

of the UCLA Consortium for Neuropsychiatric Phenomics LA5c Study funded by

the NIH Roadmap Initiative aiming to foster breakthroughs in the development

of novel treatments for neuropsychiatric disorders. The images underwent

smoothing, feature extraction and PCA before they were used as input to train

SVMs. 3-fold cross-validation was used to tune a number of hyperparameters

for linear, radial, and polynomial kernels. Experiments were done to investigate

the performance of SVM models trained using 1 to 29 principal components

(PCs). Several PC sets reached 100% accuracy in the final evaluation, with the

minimal set being the first two principal components. Accumulated variance

explained by the PCs used did not have a correlation with the performance of the

model. The choice of kernel and hyperparameters is of utmost importance as the

performance obtained can vary greatly. The results support previous studies that

SVM can be useful in aiding the diagnosis of bipolar disorder, and that the use

of PCA as a dimensionality reduction method in combination with SVM may be

appropriate for the classification of neuroimaging data for illnesses not limited

to bipolar disorder. Due to the limitation of a small sample size, the results call

for future research using larger collaborative data sets to validate the accuracies

obtained.
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Sammanfattning

Syftet med denna studie är att undersöka hur dimensionalitetsreduktion av

neuroradiologisk data före träning av stödvektormaskiner (SVMs) påverkar

klassificeringsnoggrannhet av bipolär sjukdom. Studien använder

principalkomponentanalys (PCA) för dimensionalitetsreduktion. En

datauppsättning av 19 bipolära och 31 friska magnetisk resonanstomografi

(MRT) bilder användes, vilka tillhör den öppna datakällan från studien UCLA

Consortium for Neuropsychiatric Phenomics LA5c finansierades av NIH

Roadmap Initiative i syfte att främja genombrott i utvecklingen av nya

behandlingar för neuropsykiatriska funktionsnedsättningar. Bilderna

genomgick oskärpa, särdragsextrahering och PCA innan de användes som indata

för att träna SVMs. Med 3-delad korsvalidering inställdes ett antal parametrar

för linjära, radiala och polynomiska kärnor. Experiment gjordes för att utforska

prestationen av SVM-modeller tränade med 1 till 29 principalkomponenter

(PCs). Flera PC uppsättningar uppnådde 100% noggrannhet i den slutliga

utvärderingen, där den minsta uppsättningen var de två första PCs. Den

ackumulativa variansen över antalet PCs som användes hade inte någon

korrelation med prestationen på modellen. Valet av kärna och hyperparametrar

är betydande eftersom prestationen kan variera mycket. Resultatet stödjer

tidigare studier att SVM kan vara användbar som stöd för diagnostisering av

bipolär sjukdom och användningen av PCA som en

dimensionalitetsreduktionsmetod i kombination med SVM kan vara lämplig för

klassificering av neuroradiologisk data för bipolär och andra sjukdomar. På

grund av begränsningen med få dataprover, kräver resultaten framtida forskning

med en större datauppsättning för att validera de erhållna noggrannheten.

Nyckelord
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1 Introduction

The advancement of computer science and machine learning opens up new

possibilities in many areas of medicine where computers can be used as a

complement in performing diagnosis. Specifically, there have been studies done

on the area of psychiatry where support vector machines (SVMs) have been

used on neuroimaging data to support diagnosis of a disorder, including bipolar

disorder, major depression, schizophrenia, and autistic spectrum disorder (Orrù

et al., 2012; Librenza-Garcia et al., 2017).

Traditionally in the field of neuroimaging, univariate statistical methods were

used to relate characteristics in a single area of the brain to various mental states

or disorders. Machine learningmethods have the advantage of providing ameans

to accomplish multivariate pattern analysis, also known as multi-voxel pattern

analysis, which can be used to distinguish patients vs. controls from the pattern

of brain anatomy over a set of voxels, instead of just one. A voxel is a three

dimensional unit, like a pixel but 3D. Simultaneously examining multiple voxels

in an image allows for the detection of subtle and spatially distributed patterns

of brain anatomy. It could especially be useful for clinical applications when

diagnosis of illnesses remain uncertain from traditional neuropsychological tests

(Schrouff et al., 2013).

From a computer science perspective, this study is interesting because it

investigates the applicability of machine learning algorithms on an area that

has high importance in human lives. Bipolar disorder affects about 2% of the

world’s population and another 2% if counting in sub-threshold forms the illness

(Merikangas et al., 2007). It costs lives because bipolar disorder is statistically

connected to higher suicide rate (Baldessarini et al., 2006). Only looking at this

statistic though hides the fact that the disorder impacts life negatively even if it

does not lead to suicide, and that proper care in early stages prevents casualties at a

later time. While treatment is often effective in helping patients lead healthy lives,

bipolar disorder is often misdiagnosed and the wrong treatment or no treatment

can worsen the development of symptoms (Hirschfeld et al., 2003; Hirschfeld

and Vornik, 2004; Perlis, 2005). Hirschfeld et al. (2003) found that one third
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of patients in their study waited 10 years or more before receiving an accurate

diagnosis.

Studies show that machine learning methods could aid in early diagnosis of

bipolar disorder (Librenza-Garcia et al., 2017). This study aims to bring the

exploration in this field further by performing targeted experiments of SVMbased

methods on open source sMRI data, explained more in Chapter 2.2 and 2.3. This

study also aims to spread knowledge on psychiatric disorders and highlight the

fact that psychiatric disorders also have a physical aspect that is connected directly

to physical properties in the brain. By investigating a specific brain disorder one

might also come upwith insights or clues on howone can approach other illnesses.

Withmore research in this area, scientists and non-scientists alike can understand

mental illness better and this would be beneficial for both individuals and the

society.

1.1 Problem and research question

Multi-voxel pattern analysis poses the challenge of working with a very large

number of features compared to number of samples (Mwangi et al., 2014). This

is a common challenge faced by researchers conducting machine learning studies

of neuroimaging data. In such studies there are multiple reasons for the need

to reduce the number of dimensions to a sufficient minimum. Among these

reasons are computational complexity, and that keeping the number of features as

small as possible increases the generalization capabilities of the trained classifiers

(Theodoridis and Koutroumbas, 2003). Dimensionality reduction methods can

be applied, and in this study principal component analysis (PCA) is used. More

about PCA is explained in Chapter 2.5.1. The problem that is going to be

investigated in this study is how the number of principal components chosen from

the total principal components set affects SVMperformance on classifying bipolar

disorder from healthy controls. Specifically, the research question will be:

“To what extent can dimensions of neuroimaging data be reduced and still

retain the highest possible accuracy in classifying bipolar patients from healthy

controls using SVM?”
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Highest possible accuracy is defined here as the maximum accuracy obtained

when varying the number of principal components used in the training of the

SVM.

1.2 Scope and delimitations

This study only uses open source sMRI data, and only grey matter images are

used. The age and gender of the samples used are not part of the feature set,

although the gender is kept homogenous and the age within a limited interval.

This research does not identify the correponding anatomical brain regions of

the features, however this is possible, see Chapter 5. Furthermore, only linear,

polynomial, and radial kernels are investigeted when training SVMs.
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2 Background

This chapter presents a minimalistic portrayal of bipolar disorder, technologies

used and theory of methods. Previous studies using machine learning methods

to aid diagnosis of both bipolar disorder and other neuropsychiatric illnesses are

summarized.

2.1 Bipolar disorder

Bipolar disorder is a condition that affects about 2% of the world’s population

and another 2% if counting in sub-threshold forms the illness (Merikangas et al.,

2007). People affected experience recurring cycles of depression alternating

with periods of highly elevated mood known as mania. All aspects of everyday

life, for example social relationships and career, become greatly hindered when

one fluctuates between the highs and lows (Hirschfeld et al., 2003), affecting

sleep, concentration, impulsiveness and judgment, and also other symptoms

common for depression. Depending on the subtypes of bipolar disorder the

manic episodes can be less or more severe. In type I bipolar disorder overactivity

and impulsive, unconsidered behavior can for example destroy relationships or

personal finance. In type II bipolar disorder, the less severe manic episodes are

known as hypomania, and it can go unrecognized because one simply functions

very well and exhibits increased creativity (Holmér, 2018). Although one can

feel well during hypomania with the illness seemingly helping one be more

productive, it is problematic to live undiagnosed as the depressive periods are

undesirable, and without treatment, people with hypomania can develop severe

mania (National Institute of Mental Health, 2016). Untreated bipolar disorder is

connected to a much higher suicide rate than that of the international population

(Baldessarini et al., 2006).

The most common treatment for bipolar disorder is lifelong medication and

regular contact with mental health professionals. Medication has shown good

effects in controlling the symptoms, making it easier for patients to lead healthy

and productive lives (National Institute of Mental Health, 2016). Early diagnosis
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of bipolar disorder is thus important. The factor that makes it difficult to

diagnose bipolar disorder is that it can be difficult to distinguish from patients

suffering from depression but without being bipolar, as during depressive periods

the symptoms are alike (Redlich et al., 2014). Bipolar disorder is thus often

misdiagnosed and using the wrong treatment such as antidepressants on bipolar

patients can instead cause mania (Hirschfeld and Vornik, 2004; Perlis, 2005).

This is where novel methods of diagnosis can make a difference, such as machine

learning aided diagnostics using neuroimaging data.

2.2 Magnetic resonance imaging (MRI)

Three kinds of neuroimaging techniques exist: structural MRI (sMRI), functional

MRI (fMRI) and positron emission tomography (PET). This study focuses on

sMRI, which along with fMRI are two common neuroimaging methods used

in classification studies of bipolar disorder and also other neuropsychiatric

conditions. sMRI images investigate structural features of the brain and

fMRI images investigate the brain activity while performing a specified task.

Specifically, sMRI provides densities of white matter and grey matter in different

regions of the brain, and it is this information that is used in the classification of

illnesses.

The raw sMRI images need to be processed before they can be analyzed

computationally. First they are segmented into separate images for white matter,

grey matter, and cerebrospinal fluid, out of which the first two are used for this

type of study. Grey matter refers to cell bodies in the brain and white matter

is the nerve fibers that transmit signals between different brain cells (Purves

et al., 2004). Due to different settings in the MRI machine, and different time

of performing scans (Rivaz, 2019), the next important step is the normalization,

or registration, of images to a common stereotaxic space (Schnack et al., 2014;

Koutsouleris et al., 2015; Serpa et al., 2014). A stereotaxic space is a way of

ordering the coordinates of different areas of the brain. It forms a 3D, coordinated

frame and is also called a brain atlas (Evans et al., 2012). Images normalized to

the same stereotaxic space can be compared with each other, while images that

have not been normalized cannot be compared. There are different brain atlases
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Figure 2.1: Visualization of a sMRI image in MATLAB

available, such as the Talairach orientation (Schnack et al., 2014) and the MNI

152 (The McConnell Brain Imaging Center, 2016). For a normalized image, the

corresponding brain atlas contains information that maps voxels in the image to

different regions of the brain, called regions of interests (ROI). Different brain

atlases contain a different number of regions of interests. Thisway ofworkingwith

information from voxels inMRI images is known as voxel-basedmorphometry. A

graphical representation of a sMRI image used in this study is shown in Figure

2.1.

2.3 Support vector machine (SVM)

A support vector machine (SVM) is a supervised learning method which analyses

data with learning algorithms for classification in machine learning (Chang and

Lin, 2011). A SVM is constructed through an optimization problem, where it uses

labelled training data with a training algorithm to maximize the distance of the

data point that is closest to the hyperplane. A hyperplane separates the different

categories in the data (Bishop, 2006). In two dimensional space, this hyperplane

is a line dividing a plane into two parts where data belonging to the same class

lie on the same side (Patel, 2017). This trained SVM can then be used for solving

classification problems by predicting the belonging class for new, unlabelled data

with a certain accuracy.

SVM models are based on kernels which transform data into another/higher
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dimension where the data of the different classes can be clearly separated. A

kernel is a dot product of two vectors in some feature space. It is a function k that

corresponds to this dot product, for example: k(u, v) = uT ∗ v, where u and v are

input vectors of the training data. This linear k function contributes to a linear

kernel (Bishop, 2006). There are also nonlinear kernels which compute with a

polynomial or radial kernel function. Depending on the data, different kernels

will be suitable. The kernels used in this study are described more in Chapter

3.5.

2.4 Machine learning aided diagnosis using neuroimaging
data

In this chapter, previous research done in connected areas are presented. First

we will introduce research that use SVM in classification of neuroimaging data

for a range of neurological and psychiatric illnesses. Thereafter we will present

studies using machine learning, not limited to SVM, in the diagnosis of bipolar

disorder.

2.4.1 SVM in diagnosis of various illnesses

The benefit of using SVM in the study of neuroimaging data lies in the possibility

to categorize unseen data on an individual basis, and thus provide an aid for

diagnosis, as opposed to only obtaining knowledge about healthy individuals and

patients on a group level if using standard univariate analysis. There has been

much research in the past 25 years on using PET and MRI data for identifying

possible biomarkers that can be used for early diagnosis, treatment planning

and monitoring of disease progression. However these results have had limited

clinical impact due to the fact that neuroimaging studies have mostly reported

differences between patients and controls at group level. Since doctors need to

make clinical decisions about individuals, it is required that one must be able to

make inferences at the individual level in order for neuroimaging to be useful in a

clinical setting (Orrù et al., 2012).
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One such method for inferences at the individual level is supervised machine

learning. In addition, these methods are multivariate and thus sensitive to

spatially distributed and subtle effects in the brain that would otherwise be

undetectable. As described above, SVM is a form of supervised machine learning

and it has been applied with promise on neuroimaging data in the diagnosis of

various illnesses such as Alzheimer’s disease, schizophrenia, major depression,

bipolar disorder, and autistic spectrum disorder (Orrù et al., 2012). These studies

use various neuroimaging techniques including sMRI, fMRI, diffusion tensor

imaging (DTI) and PET.

For mild cognitive impairment, the classification accuracies range from 71.09%

(Cui et al., 2011) to 100% (Fan, Resnick, Wu and Davatzikos, 2008; Fan,

Batmanghelich, Clark and Davatzikos, 2008). For probable dementia of

alzheimer type (PDAT), the accuracies range from82.7% (Arimura et al., 2008) to

100% (Granã et al., 2011); for major depression, between 67.6% (Costafreda et al.,

2009) to 86% (Fu et al., 2008); for schizophrenia, between 81.1% (Davatzikos

et al., 2005) and 92% (Costafreda et al., 2011); for bipolar disorder, between

55% (Schnack et al., 2014) and 100% (Besga et al., 2012); for autistic spectrum

disorders, between 81% (Ecker et al., 2010) and 89.58% (Ingalhalikar et al.,

2010).

2.4.2 Machine learning in diagnosis of bipolar disorder

There have been studies using various machine learning classification methods

to distinguish patients with bipolar disorder from controls, using neuroimaging

data. The methods used include SVM, Gaussian process classifier (GPC),

Relevance vector machine (RVM), and other techniques (Librenza-Garcia et al.,

2017).

Some studies used sMRI while others used fMRI data. Research using sMRI

focused on structural differences in the brain, such as gray and white matter

density in different regions of the brain (Schnack et al., 2014; Serpa et al., 2014;

Mwangi et al., 2016; Redlich et al., 2014; Rocha-Rego et al., 2014; Sacchet et al.,

2015). A commonmethod of analyzing the imageswas voxel-basedmorphometry,
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as described above. The accuracies ranged from 55% (Schnack et al., 2014) to

100% (Besga et al., 2012) in distinguishing bipolar patients from controls ormajor

depressive disorder patients. As for the fMRI studies, neuroimaging data was

collected during the performance of certain tasks, or during resting state. The

accuracies ranged from49.55% (Kaufmann et al., 2017) to 92.07% (Jie et al., 2015)

in distinguishing bipolar disorder from major depressive disorder, and between

bipolar patients and controls.

All of the studies mentioned in the review article by Librenza-Garcia et al. (2017),

that is, all the studies cited in the above paragraph, used data collected from

clinics. In other words none of them used open source data.

2.5 Feature reduction in neuroimaging

In neuroimaging studies that apply voxel-based morphometry, the large number

of voxels and regions of interests compared to number of samples means that

feature reduction techniques need to be applied before useful insights can

be obtained with machine learning methods. It is an essential step before

training amachine learningmodel, to avoid overfitting and increase accuracy and

generalization ability (Mwangi et al., 2014).

Various feature reduction methods were used in the studies mentioned in the

previous chapter, such as recursive feature elimination used by Rocha-Rego

et al. (2014) to classify bipolar patients from controls (73% accuracy), PCA by

(Koutsouleris et al., 2015) to distinguish bipolar disorder from major depression

and schizophrenia, univariate analysis of variance feature selection filter used

by Mwangi et al. (2016) to distinguish bipolar patients from controls (64%-

70.3% accuracy), and the own method SVM-FoBa developed by Jie et al. (2015)

classifying bipolar patients from controls (80.78%accuracy) and patients ofmajor

depressive disorder (92.07% accuracy).
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2.5.1 Principal component analysis (PCA)

One feature reduction technique that has been successful in extracting relevant

features in neuroimaging classification studies is PCA (Mwangi et al., 2014). For

example, it has been used in studies for schizophrenia (Caprihan et al., 2008;

Radulescu and Mujica-Parodi, 2009; Yoon et al., 2008), Alzheimer’s disease

(Lopez et al., 2011; El-Dahshan et al., 2010), major depressive disorder (Fu et al.,

2008), and ADHD (Zhu et al., 2008). PCA is also computationally efficient

(Mwangi et al., 2014).

It is a dimensionality reduction method, meaning that it does not result in a

subset of the original features, but rather transforms the original features into a

new space spanned by orthogonal dimensions called principal components (PCs).

These components, or a subset of them, become the new features used to train the

machine learning model.

Each principal component is a linear combination of the original features. The

reason for performing this transformation is so that one can map the data into

dimensions where there are most variance in the data, see Figure 2.2. Principal

components are ranked in order, with the first principal component being the

direction in which there is most variance in the data. Thus, often a subset of

all principal components can already capture the information in the original data

well (Hansen et al., 1999). However, there is not a clear relationship between

the number of principal components used and the accuracy of the results, even if

variance explained by the PCs are compared, and manual testing is done to find

the optimal number (Janecek et al., 2008). PCA returns at most either n-1 or p

principal components, depending on which is smaller, where n is the number of

samples and p the number of original features (James et al., 2013).

When performing PCA on an original data set the result is a loadings matrix, a

scores matrix and a variances array (MathWorks, 2019). The loadings matrix

contains columns that represent the loadings vector for each principal component,

in descending order. A loadings vector represents the direction of the principal

components, in terms of the original feature dimensions. Thus, the loadings

matrix is what is used to transform original data to the new dimensions of

10



Figure 2.2: Example of PCA. The population size and ad spending for 100 different
cities are shown as purple circles. The green solid line indicates the first principal
component, and the blue dashed line indicates the second principal component
(James et al., 2013)

principal components. The scores matrix represents the transformed values of

the data in the new space. The variance array contains in descending order the

data variance in each principal component.
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3 Methods

In this chapter, the experiment procedure of this study is presented. First an

overview is given of all the steps involved, and then details of each step are

described.

Below is a diagram summarizing the steps performed. The software used is

MATLAB, and in the SVM steps, a library called LibSVM. Scripts were written

for the steps gaussian smoothing, feature extraction, parameter tuning, and final

evaluation to automate the processes.

Figure 3.1: Experiment procedure
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3.1 Open source neuroimaging data and brain atlas

The data used in this study was obtained from an open source MRI data set

(OpenfMRI, 2017; Gorgolewski et al., 2017), containing preprocessed data on

an earlier raw data set (Bilder et al., 2017). It is part of the UCLA Consortium

for Neuropsychiatric Phenomics LA5c Study funded by the NIH Roadmap

Initiative aiming to foster breakthroughs in the development of novel treatments

for neuropsychiatric disorders (OpenfMRI, 2017). The preprocessed data set

contains 130 controls (62 female and 68 male) and 49 bipolar samples (21 female

and 28 male), however a subset of samples was used in order to keep the age and

gender variables homogeneous. The subsample chosen contains 31 controls and

19 bipolar samples with age between 30 and 50, all male. For the list of ids of all

subjects used, see Appendix A.

Only sMRI images were used in this study and they have been registered to the

MNI 152 stereotaxic space, as explained in Chapter 2.2. The specific file used from

each sample is sub-<subject id>_T1w_space-MNI152NLin2009cAsym_class-

GM_probtissue.nii. As seen from the name, the brain atlas associated with the

stereotaxic space used is MNI 152 Nonlinear 2009c Asymmetric. This brain

atlas was downloaded at the website of the The McConnell Brain Imaging Center

(2016).

The images were smoothedwith a Gaussian kernel of 8mmFWHW, in accordance

with the methods of previous studies using SVM on sMRI images to classify

bipolar disorder (Schnack et al., 2014; Rocha-Rego et al., 2014; Redlich et al.,

2014). This was done using a built in MATLAB function.

3.2 Feature extraction

From the preprocessed and smoothed image files the grey matter densities in

each brain atlas region were calculated. White matter densities were not used

in this study due to two previous studies finding that combining white and grey

matter densities did not significantly increase the accuracy rates for classification

of bipolar disorder, compared to only using greymatter data (Mwangi et al., 2016;
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Redlich et al., 2014). MATLAB was used to open the .nii files (images and brain

atlas). From the images, the density at each voxel could be extracted, and from the

brain atlas, the region of interest which the specific voxel belonged to. By looping

through all the voxels, all density values of voxels belonging to the same brain atlas

region were summed and the average used as the density of that region. Since

the brain atlas contained 32767 regions and 50 samples were used, the resulting

matrix was of size 50x32768, one extra column to store the labels (-1 for control,

1 for bipolar). This matrix was then used in the next steps.

3.3 Data set dividing

The data set consists of 19 bipolar disorder and 31 control sMRI scans. Since the

testing set should be at least 10% of the entire data set (Herman, 2019), the testing

set was given 5 data samples. The remaining 45 samples are used for training.

The training set was further divided into three folds for cross-validation on the

SVM. The goal was to distribute the scans of the different classes equally but

randomly into these folds and the testing set, using the stratified cross-validation

approach. So the test data consists of 2 bipolar and 3 control samples. Two of

the folds have 6 bipolar and 9 control data samples, and the third has 5 bipolar

and 10 control samples. A random generator was firstly used to generate random

numbers between 1 and 31 for distributing control samples to testing set, fold 1,

fold 2 and lastly fold 3. The same process was done for the bipolar samples but

with numbers from 32 to 50.

For the divided data set see Table 3.1. The different data samples in each fold are

referred with data sample number. For details of the corresponding data subject

for each sample number see Appendix A. The lines between the numbers in each

column denotes where the control samples end and bipolar samples begin.
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Table 3.1: Divided data set referred with sample number

Training Set Testing Set
Fold 1 Fold 2 Fold 3
3 4 1 6
5 12 2 8
11 13 7 23
14 15 9 45
18 19 10 48
21 27 16
22 28 17
24 30 20
25 31 26
33 37 29
34 38 32
35 39 36
44 40 42
46 41 43
47 49 50

3.4 PCA

Since the extracted data contains over 30000 features and the number of samples

was significantly lower, a dimensionality reduction method needed to be used.

PCA was chosen due to the ability to reduce dimensions and still retain the most

valuable part of the data, that is, the components with most data variance (James

et al., 2013). After dividing the data set, PCA was performed on each split in the

cross-validation scheme (see Chapter 3.5) and also on the full set used in the final

evaluation. For each split, PCA is performed only on the training data, leaving

out the fold used as test data in that split. Also for the final evaluation, PCA is

only performed on the training data. In MATLAB, the loadings matrix obtained

from each PCA is then used to transform the corresponding test data into the

dimensions of the same principal components as the training data. Before doing

so the test data was centered by subtracting each value with the mean for that

feature. Because all density values from the features matrix were between 0 and

1, normalization was not needed. The resulting scores matrices of training and

test data were used as input to LibSVM.
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3.5 SVM

LibSVM was used to train SVMs with principal components from training data

and test trained SVM models with test data. The methods are: svmtrain() and

svmpredict().

In order to come to the final results many different models needed to be trained

and tested. The variations of the different models for the SVM are: number of

principal components which will be the feature set, the type of SVM kernel and

parameter values for the kernel. Depending on which kernel, there are different

amounts of parameters to fit. As mentioned in Chapter 2.3, the linear kernel has

kernel function k1(u, v) = uT ∗ v. There are also polynomial and radial kernels

with the corresponding kernel functions k2(u, v) = (gamma ∗ uT ∗ v + coef0)degree

and k3(u, v) = exp(−gamma ∗ |u− v|2). See Table 3.2 for the parameter values of

the kernels that were tested. The cost parameter is a separate parameter besides

the kernel functions which decides the amount of errors a model is allowed to

have. The gamma and cost for the polynomial and radial kernels were selected

according to Hsu et al. (2016). The coef0 for the polynomial kernel was fixed to

be 1 with respect to the formula described in James et al. (2013). The degree

values were chosen in relation to the number of principal components. Since

the maximum number of principal components are the minimum of n-1 and p,

where n and p are number of data samples and features (James et al., 2013),

the principal components which are the feature set for the SVM training would

therefore bemaximum29principal components for each fold and 44 for the entire

training set. A degree as high as or close to the number of the feature set will

create an overfitted model (Koehrsen, 2018). The ideal number of degree was

therefore considered much lower than that. Grid search was used on these values

for the different parameters and kernels together with cross-validation to tune the

parameters.

One 3-fold cross-validation was done for each combination of the different values

of the required parameters in each kernel (see Table 3.2) to avoid overfitting

(Scikit-learn, 2019). Each cross-validation includes three splits where every fold

was left out once in one of the three splits (see Figure 3.2). Within each split,

the principal components corresponding to the training data were used to train a
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Table 3.2: Parameter values for the SVM kernels

Cost
(Polynomial,
radial, linear)

Gamma
(Polynomial,
radial)

Degree
(Polynomial)

Coef0
(Polynomial)

2−5 2−15 2 1
2−3 2−13 3
2−1 2−11 4
21 2−9 5
23 2−7 6
25 2−5 7
27 2−3

29 2−1

211 21

213 23

215

SVMmodel on the currently selected kernel and parameters. Thismodel was then

tested with the left out fold. The three splits produce three differentmodels where

three different folds were left out for testing. The average accuracy from these

three tests was then the measurement for indicating the prediction performance

of the SVM with the specific parameter value combination of a selected kernel.

The models which obtained the highest average accuracy from cross-validation

were selected for final evaluation.

For the final evaluation, PCA was done on the entire training set which created

44 principal components. To be consistent, the same amount of principal

components as the previous steps was used. Selecting the 29 most important

principal components which have the most data variance, SVM models were

trained for each of the kernels with hyperparameters which had the highest

average accuracy from the last step. These new models were then tested with the

final test data.

The above description is for finding parameterswith the full principal components

set (29 principal components). This entire process was repeated 29 times,

to investigate the effect that the number of principal components used in the

SVM has on accuracy. All numbers of principal components from 1 to 29 were

evaluated. When evaluating the nth iteration, the principal components set

containing the first n principal components out of the full set was used.
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Figure 3.2: Cross-validation visualisation
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4 Results

After running the 29 iterations of cross-validation and final evaluation with 1 to

29 principal components, the results are illustrated in Figure 4.1.

The results plotted was composed in the following way:

1. The blue line was plotted with each point corresponding to the model that

gave the maximum final test accuracy out of the different kernels, for that

specific number of PCs.

2. For the magenta line, first the average cross-validation accuracy was

examined for kernel models that gave the final test accuracy plotted in the

blue line. If more than one kernel gave the same final test accuracy, the one

with highest average cross-validation accuracy was chosen.

3. If more than one kernel from the second step gave the same cross-validation

accuracy, the one with the minimum folds variation range was selected with

the reason that it possibly leads to a more stable model.

To summarize, the plot illustrates the relationship between number of PCs and the

performance of the optimal model for that number of PCs, optimized over kernels

and hyperparameters.

Several principal components sets gave the highest (100%) accuracy on the final

evaluation. As visible in Figure 4.1, the models trained with higher numbers

of principal components generally gave a higher final test accuracy, however

two of the models with a low number of PCs (2 and 4) also achieved 100%

final accuracy. The largest and smallest principal components set which had

100% accuracy were 28 and 2. With 28 principal components, there were only

polynomial kernel models that contributed to this accuracy (see Table 4.1), while

with 2 principal components, there were both polynomial (Table 4.2) and radial

(Table 4.3) kernels, but with a lower average cross-validation accuracy for the

radial kernels. The tables show the combinations of hyperparameters that gave

the specific accuracies.

When plotted against the number of PCs used, the cross-validation accuracy does

not appear to have any correlation with the maximum final test accuracy.
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Figure 4.1: The relationship between number of principal components used in
SVM and accuracy of optimal kernel

Table 4.1: Polynomial kernel SVM with 28 principal components and highest
accuracy

Cost Gamma Degree Coef0 Cross-validation Accuracy Final Test Accuracy
25 2−3 2 1 73.33% 100.00%
27 2−3 2 1 73.33% 100.00%
29 2−3 2 1 73.33% 100.00%
211 2−3 2 1 73.33% 100.00%
213 2−3 2 1 73.33% 100.00%
215 2−3 2 1 73.33% 100.00%

Table 4.2: Polynomial kernel SVM with 2 principal components and highest
accuracy

Cost Gamma Degree Coef0 Cross-validation Accuracy Final Test Accuracy
2−1 2−1 3 1 75.56% 100.00%
21 2−3 3 1 75.56% 100.00%
23 2−3 3 1 75.56% 100.00%
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Table 4.3: Radial kernel SVM with 2 principal components and highest accuracy

Cost Gamma Cross-validation Accuracy Final Test Accuracy

29 2−5 68.89% 100.00%

215 2−9 68.89% 100.00%

The kernels which contributed to these maximum final test accuracies were either

radial, polynomial, or both, depending on the number of principal components.

The polynomial kernels had about the same frequency of reaching the maximum

accuracy as the radial kernel, but the polynomial one had generated two models

with no variation on cross-validation accuracy across all folds. These two models,

with 8 and 23 PCs respectively, had a final accuracy of 80%. Although not the

highest final test accuracy, it may be that these models are more generalizable. In

general, the radial and the polynomial kernels had better performance than linear

kernels for all principal components sets. The radial or the polynomial kernels are

therefore more able to fit the data.

Figure 4.1 showed the accuracies of the best possible model out of all kernels

tested. It is alsoworth looking systematically at how the number of PCs influenced

the performance of models on an individual kernel basis. Figure 4.2 presents

the performance of the polynomial kernel, and Figure 4.3 and 4.4 the radial

and linear kernels. Keep in mind that these accuracies come from the model

with hyperparameters that optimized the cross-validation accuracy, for each

kernel respectively. The importance of performing cross-validation and tuning

hyperparameters is seen by the low accuracies obtained using other, different

parameter combinations, not illustrated here in the results. In the experiments

of this study, a kernel that reached 100% final test accuracy for a certain PC set

could also obtain as low as 20%, but also 40%, 60% and 80% accuracy depending

on the hyperparameter combination.

As seen in Figure 4.2 and 4.3, both the polynomial and radial kernels gave 100%

final test accuracy for 2 and 4 PCs. The radial kernel obtained slightly less

cross-validation accuracy compared to the polynomial kernel. Moreover, the

radial kernel seems to be more successful in achieving this high accuracy with

an intermediate number of PCs, from 15 to 22. Both the radial and polynomial
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Figure 4.2: The relationship between number of principal components used in
polynomial kernel SVM and accuracy

Figure 4.3: The relationship between number of principal components used in
radial kernel SVM and accuracy
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Figure 4.4: The relationship between number of principal components used in
linear kernel SVM and accuracy

kernels achieve high accuracy in higher numbers of PCs, from 25 to 28. The

difference in cross-validation accuracy between the kernels and between number

of PCs is not significant, with all values between 69% - 76% for radial and 67% -

78% for polynomial.

From Figure 4.4 the linear kernel is seen to be unsuitable for the purpose of this

study. It achieves low accuracy, both final test and cross-validation, compared

to the other kernels. Even though it obtained 100% final test accuracy at one

point using 17 PCs, the cross-validation accuracy of this model is lower than

the radial kernel model using same number of PCs achieving the same final test

accuracy.

As for the accumulative variance explained by the number of PCs, comparing

Figure 4.5 and the accuracies in Figure 4.1 mentioned above, it is apparent that

there is not a clear relationship between accumulative variance explained by the

PC set and the performance of the corresponding model.

It is also interesting to look at how the original features from the neuroimaging

data contributed to the principal components. As the aim of the study was

to reduce dimensions to a sufficient minimum, and the PC sets with 2 and 4

components gave a high accuracy as seen above, it is especially interesting to
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Figure 4.5: The accumulative variance explained by different sets of PCs

investigate these particular components. The weights, i.e. contributions of the

original features, in the loadings matrix for the final evaluation were partitioned

into ten even intervals. The number of original features that had a weight

(absolute value) within each interval was counted. This is presented in Table 4.4,

4.5, 4.6, and 4.7, for the first four PCs.

Table 4.4: Contribution of original features to PC1, distributed over even intervals

Weight Interval between Number of
Min (incl.) and Max (excl.) Original Features

0.0017 - 0.00244 4
0.00244 - 0.00318 58
0.00318 - 0.00392 441
0.00392 - 0.00466 2590
0.00466 - 0.0054 11282
0.0054 - 0.00614 13719
0.00614 - 0.00688 4053
0.00688 - 0.00762 567
0.00762 - 0.00836 46
0.00836 - 0.0092 7
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Table 4.5: Contribution of original features to PC2, distributed over even intervals

Weight Interval between Number of
Min (incl.) and Max (excl.) Original Features

1.13e-07 - 0.00218 10260
0.00218 - 0.00436 8785
0.00436 - 0.00654 6278
0.00654 - 0.00872 3903
0.00872 - 0.01090 1989
0.01090 - 0.01308 807
0.01308 - 0.01526 385
0.01526 - 0.01744 220
0.01744 - 0.01962 113
0.01962 - 0.02181 27

Table 4.6: Contribution of original features to PC3, distributed over even intervals

Weight Interval between Number of
Min (incl.) and Max (excl.) Original Features

1.63e-07 - 0.00317 14823
0.00317 - 0.00634 10578
0.00634 - 0.00951 5051
0.00951 - 0.01268 1535
0.01268 - 0.01585 456
0.01585 - 0.01902 148
0.01902 - 0.02219 59
0.02219 - 0.02536 44
0.02536 - 0.02853 43
0.02853 - 0.03171 30

Table 4.7: Contribution of original features to PC4, distributed over even intervals

Weight Interval between Number of
Min (incl.) and Max (excl.) Original Features

2.94e-07 - 0.00310 14593
0.00310 - 0.00620 10154
0.00620 - 0.00930 5087
0.00930 - 0.01240 1990
0.01240 - 0.01550 639
0.01550 - 0.01860 206
0.01860 - 0.02170 69
0.02170 - 0.02480 17
0.02480 - 0.02790 10
0.02790 - 0.03101 2

25



From the Tables 4.4 - 4.7 it can be seen that the distribution of original feature

contribution in PC 1 is substantially different from that of PC 2-4. There are

muchmore original features centered in themiddle intervals, in other wordsmost

original features contributedmoderately to the PC, while there are a small number

of original features that contributed greatly, as well as some that had small effect.

For the other PCs, most original features did not contribute much to the PC, and

were concentrated at the low weight intervals. However, still some few original

features contributed greatly to these PCs.
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5 Discussion

In this chapter limitations of this study are discussed and the implications of the

results in light of these factors are conveyed.

5.1 Limitations

The validity of the final test accuracy is affected by the number of samples, and in

the case of this study since 5 final test samples were used the possible accuracies

obtained could only be in intervals of 20%. Having an accuracy of 100% is more

likely when using a smaller sample set than a larger one, and this needs to be taken

into consideration when interpreting the results. A different set of test samples

can affect the best accuracy, combination of parameters that give best accuracy,

and also the extent to which dimensions can be reduced. Due to the small sample

set of final test images a hypothesis testing was judged to be unmeaningful and

thus it is uncertain what level of significance the results achieve. The natural

way of remedying this limitation is to conduct the same study with a larger

number of samples. Nevertheless, looking at the results from this study, a way

of complementing the final test accuracy is to also consider the cross-validation

accuracies obtained.

Another limiting factor to the study is that there was a variation of age among

the samples chosen. Although the gender was chosen to be consistent the age of

the subjects may affect the MRI images. The age could instead be modeled as an

additional feature.

5.2 Implications and contribution

Although the factors discussed above limit the extent to which the results can

be interpreted with certainty, the results from this study still provide a valid

ground on which future work can be based and gives an idea of which direction to

investigate. Firstly, it provides additional empirical evidence supporting previous

studies, that SVM can be useful in aiding the diagnosis of bipolar disorder. The
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choice of kernel and hyperparameters is of utmost importance as the performance

obtained can vary greatly. It also supports the use of PCA as a dimensionality

reduction method in combination with SVM as this is seen to give high accuracy

in the results. As the machine learning and feature reduction methods used by

previous studies with the same purpose vary greatly, the results from this study

fill a piece of the puzzle by adding information on what kind of performance is

possible with the SVM-PCA combination. In line with the literature, this study

found that the relation between number of PCs used in training SVM, and the

final test accuracy is ambiguous and that manual testing is required to find the

optimal number of PCs.

While it would be hasty to propose that itmay be possible to use the samemethods

to aid the diagnosis of other neuropsychiatric illnesses, it is worth considering

that PCA as a dimensionality reduction method may well be suited for this kind

of purpose, as other illnesses still deal with neuroimaging data which have the

same traits. Asmentioned in Chapter 2.5.1 it has been used previously in this kind

of studies aiming to diagnose various disorders. Also, since the use of SVM for

classifying a range of illnesses have been studied before (Chapter 2.4.1) it makes

sense to further experiment with the combination of SVM and PCA.

Finally, it can be identified which of the original features (brain regions of

interests) contributed most to the classification, through the loadings vectors

of principal components, and numerical methods also exist to select the most

important individuals from the original feature components (Song et al., 2010).

The creators of the brain atlas used in this study also provide a script with which

one can associate the different regions of interests (which in the atlas are only

numbered) with labels of brain regions. The above two points combined gives

researches the possibility to investigate the biological relationships in the brain to

bipolar disorder. Localizing the effects of different physical regions of the brain

on the disorder could provide guidance for future research in psychiatry as well as

applied computer science on this area.
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6 Conclusion

The aim of this study was to use SVM as a machine learning method to classify

bipolar patients from controls and to examine the effects of dimensionality

reduction on the accuracies obtained. Specifically the research sought to

investigate how the number of PCs used to train a SVM classifier for this purpose

affects performance.

The set of the first two principal components seems to be the minimal PC set

that achieves the highest possible final test accuracy obtainable when varying the

number of PCs. If taking the variation range of cross-validation accuracy into

account, the set with four first PCs also achieves the same accuracy with less

variation in the cross-validation accuracy between folds. As a small number of

dimensions gives greater generalization capability, the results from this study

provide promise and encouragement for the SVM-PCA combination in further

studies using larger data sets to verify the high accuracies obtained.

6.1 Future work

Although the limitations of this study bring about difficulties, there are

opportunities revealed and pursuing these in future studies could pave the way

to better diagnosis of bipolar disorder.

As mentioned, a larger data set needs to be used and it would be of great interest

to see the methods in this study applied on such a data set. The availability of

open source MRI data is a direct enabling factor for this kind of research. For

example, the ADNI open source database for Alzheimer’s research is a catalyst for

research in that area. A similar initiative for bipolar disorder would be beneficial

for collaboration and easy access to data. As with medical related data, the data

would be anonymized.

Other than the data set, different parameter values for tuning the different SVM

kernels can also be tried. Fine grid search on the parameter intervals which give

good accuracy could be conducted to try to increase accuracy, in the case that

accuracy has not already reached 100%.
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As mentioned in the discussion, further work to extract the original features that

contribute most to the classification, and mapping them to brain regions, can

possibly enable more psychiatric studies on the illness to understand the brain

biology.

As of extending the study to other illnesses, it is proposed that SVM in combination

with PCA should be investigated as a method in similar studies, taking into

consideration all the optimizations that are necessary, as mentioned in this

paper.
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Appendix A

The following table documents the subject IDs from the open source data set that

were selected as the subsample for this study.

Table A1: Translation of sample number used in this study to subject IDs in the
source data set

Sample Number Subject ID Sample Number Subject ID
1 sub-10189 26 sub-11050
2 sub-10193 27 sub-11066
3 sub-10225 28 sub-11068
4 sub-10269 29 sub-11097
5 sub-10274 30 sub-11098
6 sub-10290 31 sub-11149
7 sub-10292 32 sub-60001
8 sub-10321 33 sub-60010
9 sub-10340 34 sub-60011
10 sub-10377 35 sub-60012
11 sub-10448 36 sub-60017
12 sub-10460 37 sub-60042
13 sub-10487 38 sub-60046
14 sub-10629 39 sub-60048
15 sub-10697 40 sub-60051
16 sub-10704 41 sub-60052
17 sub-10779 42 sub-60055
18 sub-10855 43 sub-60066
19 sub-10871 44 sub-60068
20 sub-10975 45 sub-60070
21 sub-10977 46 sub-60073
22 sub-10998 47 sub-60077
23 sub-11019 48 sub-60078
24 sub-11030 49 sub-60079
25 sub-11044 50 sub-60087
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