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Abstract 

Functional Magnetic Resonance Imaging has established itself as the most powerful 

technique available today to measure brain activity induced by a perceptual or cognitive state. 

The inverse problem is considered in this study; given the measured brain activity, our goal is to 

predict the perceptual state. Machine Learning algorithms were used to address this problem in 

this work. Multi-subject fMRI data analysis poses a great challenge for the machine learning 

paradigm, by its characteristics: the low Signal to Noise Ratio (SNR), high dimensionality, small 

number of examples and inter-subject variability. To address this problem, several methods of 

classification and feature selection were tested. The main criterion of feature selection was 

mutual information in a univariate method, but a multivariate feature selection was also 

proposed. Both a single classifier and an ensemble of classifiers were tested. The ensemble of 

classifiers approach consisted on training an optimized classifier for each class and then the 

combination was made. The data analysed was obtained from three multi-subject experiments 

of visual stimulation with 4 classes of stimuli, at different magnetic field strengths. The ensemble 

of classifiers performs best for most data sets and methods of feature selection. The 

multivariate method does not show overall improvement in the classification. In summary, the 

results suggest that a combination of classifiers can perform better than a single classifier, 

particularly when decoding stimuli associated with specific brain areas. 

 

 

Keywords: Brain decoding, retinotopic mapping, visual localizer, machine learning, 

ensemble of classifiers, fMRI, multivariate feature selection. 
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      Resumo 

A imagem por ressonância magnética funcional é hoje em dia uma das mais poderosas 

ferramentas para medir actividade cerebral induzida por um estado cognitivo ou percepção. O 

problema inverso é abordado neste estudo; dada uma medida da actividade cerebral prever o 

estado cognitivo que a originou. Para resolver este problema foram utilizadas técnicas de 

aprendizagem automática. A análise de dados de fMRI é um grande desafio para a 

aprendizagem automática; pelo seu baixo sinal ruído, elevada dimensionalidade, diminuto 

número de exemplos e elevada variabilidade inter-pessoal. Para abordar o problema proposto 

foram testados vários métodos de classificação e de selecção de características. O principal 

critério de selecção foi a Informação Mútua numa abordagem univariada, mas também foram 

testados métodos multi-variados para a selecção de características. Ambos classificadores 

únicos, como conjunto de classificadores foram testados. Para a combinação de classificadores 

o método consistiu em treinar um classificador optimizado para cada estímulo. Os dados 

analisados foram obtidos de três experiências de estimulação visual em estudos multi-indivíduo 

obtidos a diferentes campos magnéticos, cada uma com quatro classes de estímulos. Em geral 

a combinação de classificadores suplanta o classificador único nos diversos conjuntos de 

dados e métodos de selecção de características analisados. Os resultados sugerem que uma 

combinação de classificadores pode apresentar vantagens em relação ao classificador único 

especialmente quando os estímulos estão ligados a zonas cerebrais específicas.  

 

 

Palavras-chave: fMRI, descodificação cerebral, mapeamento retinotópico, localizadores 

visuais, aprendizagem automática, conjunto de classificadores, selecção de características 

multi-variável.  
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Chapter  One  

Introduction 

Brain Imaging is nowadays one of the most exciting fields in neurosciences, as it offers the 

possibility of measuring brain activity in awake subjects in loco (Jezzard, Matthews et al. 2001). 

These measurements of brain activity lead to the development of brain mapping methods, the 

associating perceptual or cognitive states with spatial or temporal patterns of brain activity. 

Neuroimaging techniques for measuring brain activity include methods as different as 

electro-encephalogram (EEG), positron emission tomography (PET), magneto-encephalogram 

and functional Magnetic Resonance Imaging (fMRI). The later is probably the most common 

method of assessing brain activity in humans due to the good compromise between its temporal 

and spatial resolution as well as its completely the non-invasive nature. 

 In each fMRI experience, Blood Oxygen Dependent (BOLD) signal are recorded while 

the subject performs a task or experience a stimulus (Jezzard, Matthews et al. 2001). The 

identification of the active brain regions in response to the experimental manipulation relies on 

detecting the differences in BOLD signal significantly correlated with the experimental paradigm; 

the fundamentals of this signal will be addressed in section 1.1.3. These differences are small, 

in the order of 5%, hence the signal to noise ratio (SNR) is intrinsically low for this technique.  

 The usual approach to detect the active brain regions is statistical analysis; this 

statistical analysis is carried out using a linear approach by a General Linear Model (GLM) that 

takes into account the experimental manipulation and any existing confound variables. 

Therefore for each voxel the model is adjusted and a 3-D map of parameters estimates is 

created (Friston, Holmes et al. 1994). The active patterns are then determined by using the 

appropriate inference procedures. 

In the last few years, driven by the increasing number of available data as the advent of 

new machine learning techniques, there has been a growing interest in the application of 

machine learning algorithms to fMRI analysis (Mitchell, Hutchinson et al. 2004; O'Toole, Jiang et 

al. 2007). This interest is supported by studies that demonstrate the possibility of extraction of 

new information from neuroimaging data (Haynes and Rees 2006; Norman, Polyn et al. 2006). 

While the established methods of fMRI analysis, like GLM based analysis, look to find 

the brain activity pattern that corresponds to a stimulus or task, in machine learning 

classification analyses the question is inverted and the goal became to find the stimuli or task 

that correspond to the recorded brain activity pattern. This approach unveils the possibility of 

identifying cognitive states or perceptions without prior knowledge about the stimulus presented.  

Although this is the most common scientific question in fMRI machine learning classifier 

analysis and by extension the main focus of this study, there are other relevant questions that 

can be posed, especially in what regards activation patterns. For example whether there is 

information about a variable of interest, (pattern discrimination); where the information is, 

(pattern localization) and how  the information is encoded, (pattern characterization) (Pereira, 

Mitchell et al. 2009). Although these questions are not the main focus of this study, they will not 
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be forgotten and will be addressed, as they can provide important information about the inner 

brain organization and function. 

The objective of this Thesis is to decode the stimuli presented to a subject in a time 

point or interval of time in a visual mapping experiment. The visual cortex shows functional 

differentiation as distinct stimulus induce specific brain activation patterns (Grill-Spector and 

Malach 2004). Primary visual cortex is one of the best examples of such organization; it is well 

documented that this structure shows retinotopic organization. Each visual quadrant field, and 

therefore retina, is mapped in a well defined region in the primary visual cortex. The stimulus 

suffers double inversion, first it is flipped upside down in the retina and the sides inverted in the 

optic chiasm. In Figure 1.1 this organization is represented.  

 

Figure 1.1 Activation clusters for all quadrants overlaid upon anatomical image in one subject 

(Cruz, Teixeira et al. 2009) 

Another example of the human brain specialization is the different response patterns 

observed for distinct categories of visual stimuli like faces, houses or tools (Haxby, Gobbini et 

al. 2001).  These patterns consist of a network of brain regions that are differentially activated 

according to the presented stimuli. In order to identify these specific patterns, fMRI experiments 

were conducted consisting in the alternated presentation of different categories of visual stimuli, 

such as faces, houses, objects or scrambled objects. This kind of experiment is therefore 

denominated localizer experiment. It was found that a small area in the fusiform cortex 

responds to the stimuli faces more than to any other, the so called face fusiform area (FFA). It 

was also observed that a region in parahhipocampal cortex activates more for houses than for 

faces or other objects, the parahhipocampal place area (PPA). When recognized objects 

images are compared with unrecognized, scrambled images of the same objects, a large are in 

the lateral occipital cortex (LOC) shows greater activation. In Figures 1.2, 1.3 and 1.4 the 

representations of FFA, PPA and LOC are shown, respectively, as obtained by (Golarai, 

Ghahremani et al. 2007). 

 
Figure 1.2 Blue lines point to the rFFA in coronal, sagittal and horizontal views from a 

representative adult subject (Golarai, Ghahremani et al. 2007) 
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Figure 1.3 Blue lines point to the lPPA in activation maps from the same representative adult 

subject as in Figure 1.2 (Golarai, Ghahremani et al. 2007). 

 
Figure 1.4 Blue lines point to the rLOC from the same representative adult subject as in 

Figures 1.2 and 1.3 (Golarai, Ghahremani et al. 2007). 

The objective of the work presented in this Thesis is to develop machine learning 

methodologies to decode the stimulus presented to a subject at a given time point during a 

visual mapping experiment. In particular, the feature selection approaches, the type classifier 

and the possibility of combining sets of classifiers will be investigated. In this Chapter, the basic 

concepts about fMRI and machine learning will be presented. In the following chapters, the 

methods used and the results obtained will be described and, finally, a discussion will be 

presented. 

1.1 fMRI Signal  

1.1.1 MRI Signal 

As a MRI based technique, fMRI signal follows the same principals as the conventional 

MRI. The nuclei with an odd mass number have the property of spin, and therefore behave as 

dipoles. In the absence of a magnetic field, they are randomly oriented, making the resulting net 

magnetization equals to zero. In the presence of a magnetic field, they can have two different 

states: the high energy state, in which the nuclei are oriented against the applied magnetic field 

and a low energy state, in which they are aligned with the magnetic field. In this case the global 

magnetization is not zero as a consequence of the thermodynamics equilibrium. The transition 

between these two states accompanies emission or absorption in the radio-frequency range. 

The frequency of the emitted radiation is proportional to the applied magnetic field and to the 

gyromagnetic ratio of the nucleus. Each kind of nucleus has a specific gyromagnetic ratio and is 

therefore excited by a unique frequency and so a system can be tuned to an element, or more 

precisely, to isotope detection. The most abundant substance in the human body is water and 

the proton, 
1
H, has the property of spin, which makes it the perfect candidate to tune the system 

to. When the nuclei are excited, the transition from a high energy to a low energy state is 
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accompanied by energy emission. This emission is recorded corresponding to the MRI signal. 

The mechanisms that lead to the transition from a high to low energy state are related mostly 

with the interaction of the nucleus with its surrounding. These mechanisms are known as spin-

lattice relaxation and are ruled by an exponential law with a time constant T1. The physical 

interpretation of this phenomenon can be seen as spin energy loss to the structure that 

surrounds the nucleus. Water molecules in different environments have different T1 relaxation 

times. A single nucleus would only experience relaxation by spin-lattice mechanisms. However 

in a real situation a nucleus is surrounded by other nuclei with spin. The spin-spin or T2 

relaxation arises as consequence of the small changes of the magnetic field experienced by 

each nucleus. These shifting magnetic fields lead to a coherence loss in the phase of the nuclei 

resonance emissions. In MR a sample is observed and not single nuclei therefore the phase 

coherence loss leads to an exponential decrease of the summed resonance signal, controlled 

by the relaxation time constant T2. In more complex systems, like the human brain, the nuclei 

experiences inhomogeneities in the surrounding magnetic field, leading to an increase of the 

loss of spin coherence. This process is usually seen as an additive process to the T2 relaxation 

time and defined as T2
+
. The joint effect of T2 process with T2

+
 is known as T2

*
, which is hence 

always smaller than T2. These effects are modulated by a set of differential equations know as 

Bloch equations. As the relaxation times T1, T2 and T2* are ultimately dependent of the 

environment in which a sample is inserted, a contrast image can be acquired taking advantage 

of the characteristics of each one of the relaxation time. 

1.1.2 Physiological Background 

The transfer of information in the brain is a complex process; the information is 

transmitted by electrical conduction in the axons while between neurons the communication is 

made by synapses. This information exchange structures use electrical conduction as in axons 

or molecular transfer, neurotransmitters. The interaction between the neurotransmitters and the 

respective receptor induces permeability changes in the cell membrane of the post-synaptic 

neuron, this lead to current flow and subsequent alterations on the cell polarization. These 

changes in the cellular morph-functionality require energy and so are accompanied by 

metabolic changes in the neurons and glia cells.  

The brain energy is obtained almost exclusively by oxidative metabolism and since the 

brain does not process or store any energy producing macromolecules like fat or glycogen it 

must rely the power supply on glucose and ketone bodies present in the blood stream. The 

change in synaptic activity therefore leads to changes of the surrounding cells metabolism. With 

the increase, of activity increases the demand for reagents to oxidative metabolism, nutrients 

and oxygen. Since the 19
th
 century that the stimulation of the brain is demonstrated to be 

accompanied by a local increase of blood flow (Sherrington 1899), despite the increased 

delivery of oxygen, there is a limited rate of diffusion from capillaries limiting the utilization rate 

and so there is a smaller extraction proportion oxygen. In other words the venous blood that 

comes from an activated zone is richer in oxygen that venous blood from a non activated zone.  
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1.1.3  BOLD signal   

Blood can be seen as a concentrated solution of haemoglobin of about 10-15 mg/100 cm
3
. 

The haemoglobin has different magnetic properties as it is connected or not to oxygen, 

deoxygenated haemoglobin is a paramagnetic molecule while oxygenated haemoglobin is 

diamagnetic (Pauling and Coryell 1936). When a magnetic field is applied, a diamagnetic 

material repels it, leading to a reduced magnetic flux, while paramagnetic materials attract the 

magnetic field resulting in an increased magnetic flux. As a consequence of changes in the 

oxidative state of haemoglobin there will be changes in the distortions on the local magnetic 

field. The first successful experiment of blood oxygen level dependent signal was conducted by 

Ogawa and a signal loss was observed near the vessels when the experimental cat was made 

hypoxic and the situation reversed with normoxia (Ogawa, Lee et al. 1990). The increase in 

oxygenated blood leads to an increase in the signal from both the vessels and the surrounding 

brain tissue, due to changes in T2 and T2* by different mechanisms.  

The blood vessels can be seen as tight compartments where water diffuses freely between 

the red blood cells and the serum. The difference in magnetic flux from this different mediums 

and the consequent rapid change of magnetic fields leads to shift in the precise resonance 

frequency of a water molecule moving inside the vessel. With the transition of diamagnetic 

haemoglobin to paramagnetic haemoglobin, in other words, with the decrease of oxygen 

content, the difference of local magnetic fields increases resulting in a signal loss by T2 

mechanisms. In the brain surrounding tissues the mechanism of contrast is slightly different, the 

water molecules in a voxel experience a local gradient field due to the difference in 

concentration of haemoglobin from the blood vessels to the tissues, this changes in the 

magnetic field lead to dephasing of the signal resulting in a T2* signal loss with some T2 signal 

loss also.  

Both this contrast mechanisms improve with the increasing magnetic power, but in different 

ways, the intra vascular signal increases linearly while the extra vascular signal has an 

exponential growth (Ogawa, Menon et al. 1993). Indeed at 1.5T the main signal source is intra 

vascular signal while at 7T the extra vascular signal takes a major role.  

1.1.4 Experimental Design 

The experimental design is a crucial part of the fMRI data acquisition. The small differences 

in the signal between rest and a cognitive or stimulus induced state need to be maximized. One 

of the most common fMRI designs is the „block‟ design (Friston, Zarahn et al. 1999). This design 

consists on relatively long alternating periods of rest and stimulus. Each one of these periods 

corresponds to a block, during a block each time of repetition, TR, an image is acquired. Usually 

a block is a TR multiple, but not necessarily. A schematic view of the „block‟ design is 

represented in Figure 1.5, for a simple run of one stimulus and rest. A run is the usual 

denomination for an fMRI acquisition experiment. This type of design assumes that the stimulus 

does not create physiological habituation and the rest state is really rest, when indeed the mind 
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is always wondering. Although these problems, „block‟ design is widely used in the fMRI 

acquisition. 

 

Figure 1.5 'Block' design representation for a simple one stimulus experience, S, alternanting 

with Rest state, R. 

1.1.5 BOLD Signal Temporal Series 

The temporal resolution of BOLD signal is limited by the TR of the acquisition technique, but 

studies regarding visual cortex neurones using optical imaging methods have demonstrated that 

there is an underlying haemodynamic and neuronal interpretation of the BOLD signal time 

course.  

Nm

 

Figure 1.6 Time course of BOLD response (a,b) Data are replotted from experiments in motor 

cortex (open circles) and visual cortex (open squares). Two panels show measurement response to 

a visual stimulus or movements of 2s (a) or 8s (b). (c,d) Theoretical temporal impulse response 

functions, HRF, as determined by (Logothetis and Wandell 2004) 
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The BOLD signal time course is complex and can be divided in different stages with distinct 

haemodynamic and neuronal interpretations. In the Figure 1.6 a typical BOLD response is 

represented with the initial time corresponding to the stimulation, the first phase is usually 

known as the “early dip” this response reflects an increase of synaptic activity and oxygen 

consumption that results in a rapid blood deoxygenation and increase of blood volume in the 

draining veins. The second part of the signal, usually between 2 and 5 seconds is characterized 

by a signal intensity rise as consequence of the increase of blood flow that overcomes the 

metabolic needs and so result in an increased oxy to deoxyhaemoglobin rate. If the stimulus 

causes no physiological habituation the signal is maintained relatively constant while the 

stimulus is on (Bandettini, Kwong et al. 1997) . When the stimulus is removed, blood flow 

decreases as well as the oxyhaemoglobin/deoxyhaemoglobin and the signal returns to the 

baseline, signal in the rest condition, experiencing an undershoot below the baseline 

hypothesized as a more slowly resolving increase in blood volume. 

The BOLD signal time course reflects the haemodynamic response, which the theoretical 

model is known as Haemodynamic Response Function, this response is sometimes assumed to 

be universal for all the brain and all the subjects. This assumption is to some extend abusive, 

since it is demonstrated that the HRF varies from brain structure to brain structure and between 

subjects (Handwerker, Ollinger et al. 2004).  

1.1.6 BOLD Signal spatial 

The spatial resolution of BOLD effect depends foremost on the experimental setting, the 

image resolution improves with the increase of the magnetic field strength, but also from the 

post-processing operations therefore the use of low pass spatial filters in fMRI data is standard. 

Apart from the limitations of image resolution the BOLD signal has some natural spatial blurring; 

this is due to the not localized character of haemodynamic response. Indeed the increased 

blood flow that follows the activation of a given brain region is not confined to the activated 

region but is also extended to the neighbouring structures. Another important question 

regarding the spatial characterization of BOLD signal is the signal arising from the larger veins 

that can add some extra blurring, as two regions that drain for the same vein will have similar 

response signals, this effect is more important at low field intensity as a consequence of the 

vein contribution to the BOLD signal which was discussed above. Summarizing is expectable 

that the signals from two adjacent voxels have a strong temporal correlation.  

1.2 Machine learning overview 

In this section a basic overview of the machine learning classification procedure is 

described in order to introduce some relevant concepts for the sections ahead.  

Machine Learning is a scientific discipline that is concerned with the production and study of 

algorithms with the ability to learn and predict behaviours and patterns from data. The definition 

for machine learning by  Tom Mitchell (Mitchell 1997)  is probably the most accepted and states 

that “A computer program is said to learn from experience E with respect to some class of tasks 
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T and performance measure P, if its performance at tasks in T, as measured by P, improves 

with experience E”. In the particular problem presented in this work, the interest falls over the 

sub-area of supervised learning. Supervised learning deals mainly with regression and 

classification problems; classification is the discrete analogue of regression in which the 

predicted variable assumes discrete values.  

The classification problem, in a more formal way, can be defined as given a distribution 

of labelled examples 𝒳 randomly withdraw an example x and classify it correctly.  

1.2.1 Classifier  

In order to obtain a classification, a function that can learn and map characteristics from the 

distribution to the example set to classify is required. Such a function that receive as input an 

example and returns a label or category is called a classifier, 

𝑦 = 𝑓(𝐱) 

where 𝑦  is the predicted class label, 𝑓 the classifier and x the example to classify. 

Before further considerations is important to specify what an example is. An example is a 

set of independent variables, features. In a geometric interpretation, an example is a point in the 

feature space and as a result a distribution is a set of points in that same space. Whereas a 

distribution of examples with n features and two class labels. The first step of classification 

process would be the learning of the classifier from the data available in the distribution. This 

set of examples used for the learning process is known as training set. If for the sake of 

simplicity a linear classifier is considered. With the information withdrawn from this data set, a 

classifier finds a hyperplane that separates the two classes of features. After the learning 

process the classifier maps the example set to classify, different from the ones involved in the 

learning process, testing set, in the features space and decide the class label according to its 

position to the previous defined hyperplane. 

1.2.2 Cross validation 

The problem of assessing the performance of a classifier can be defined as the expected 

value of the classification error for an example 𝐱 randomly withdrawn from the example 

distribution 𝒳. The problem definition gives rises to immediate issues, first, in practice, the 

data set has a finite number of examples and classifiers cannot test and train with the same 

data. To approach this limit situation the cross validation procedure is used. In cross 

validation the distribution is divided in k equal parts, then the classifier trains with k-1 parts, 

training set, and test with the remainder one, test set. This procedure is repeated for all the k 

parts, (k-fold cross validation) and the mean classification error is assumed as the error of the 

classifier. It is of the utmost importance that there are not any kind of information flow 

between training and test sets in order to obtain a good estimation of the expect classification 

accuracy.  

(1.1) 
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 Recalling the definition for machine learning by Tom Mitchell, the increase of training 

leads to an increase of performance, and so the training set should be maximized in order to 

obtain an optimal classification, in the limit the test group can have only one example, (leave-

one-out cross-validation). Although a smaller test group has advantages, there are some 

cases in which leave-one-out strategies are not recommendable, such as high dimensional 

cases where computational cost is a problem, and in case of shared information between 

examples that would result in a more optimistic estimate of the expected accuracy for the 

classifier.  

1.2.3 Expected Error 

Returning to Tom Mitchell‟s definition of machine learning, in classification problems the 

task, T, is the classification and, as consequence, the measure of performance is the 

classification error or accuracy, P. A good way to see how well a classifier is performing is to 

compare its accuracy with the expected accuracy for the chance classifier. A chance classifier is 

a classifier that learnt nothing and so its estimate is equivalent to a random guess, for instance, 

in a two class classification the expected accuracy for the chance classifier is 50%, for a four 

class it is 25% and so on.  

Know if the classifier is indeed learning from the problem and is not randomly guessing the 

labels can be assessed by the application of statistical tests. Asking if the classifier is learning 

relevant information from the training set is equivalent to ask if the classifier is performing 

random classification. Each classification is a single event with a probability equal to the expect 

error for the chance classifier. So the problem resumes to calculating the probability of 𝑃 𝑙 ≥

   where l is the number of correctly labeled examples under the null hypothesis of h correctly 

labeled examples. In a test set with p examples this probability comes as binomial distribution 

with p trials and probability of success equals to the expected accuracy of the chance classifier. 

If the resultant probability, p-value, is below a certain threshold typically 0.01 or 0, 05, the null 

hypothesis is rejected and the result is said to be significant. More intuitive ways of assessing if 

the classifier is learning from the data and not randomly guessing are the observation of the 

accuracies distribution across folds or the analysis of the feature selected.  

1.3 Literature Review 

The growing interest in this area in the past few years leads to a constant flow of 

information with the report of new methods at an incredible pace (Mitchell, Hutchinson et al. 

2004; Pereira, Mitchell et al. 2009). The goal of this section is to expose some of the best 

established methods and procedures for fMRI data analysis with machine learning classifiers, 

as well as some cutting edge methods. The following sub-sections are organized in a 

classification process application order. First the problem of feature extraction is addressed, 

then feature selection and in the end classifiers used. 
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1.3.1 Feature extraction 

 Feature extraction can be seen as the example building process; in most of the cases 

this process is not trivial. In the particular case of fMRI data it is not clear in a first approach 

what to use as features. This choice must depend of the acquisition protocol, paradigm and 

intrinsic objective of experience.   

Before the feature extraction process there is a series of pre-processing steps that are 

standard for fMRI and consensual accepted such as motion correction, detrending, spatial 

filtering and signal normalization that should be applied to each run (Strother 2006) . Then 

usually the signal is represented as Percentage Signal Change (PSC) to the baseline (Mitchell, 

Hutchinson et al. 2004). 

One of the most common ways to do feature extraction is to take advantage of the 

experimental design (Mitchell, Hutchinson et al. 2004; Pereira, Mitchell et al. 2009) by averaging 

images across a block or part of it. Other options are available and there is some degree of 

freedom in what to choose as features. For example, using voxels at a particular time point in a 

trial or region of interest (ROI) based methods, like averaging the signal across the entire ROI 

(Mitchell, Hutchinson et al. 2004). The advantage of using average in the feature extraction 

problems is the noise reduction as a consequence of incoherent nature of the dominating noise 

in fMRI. However averaging images reduces the number of examples that is a critical problem in 

high dimensional classification problems such as in fMRI data analysis as explicit in section 

1.3.2. Although there is no predefined number of training examples for a classifier to perform 

optimally, with the adequate choice of classifier and the use of feature selection and 

dimensionality reduction this difficulty can be overcome. 

After feature extraction, in the final step of the example‟s construction, it is prolific to 

rescale the data in order to have mean 0 and variance 1, to enhance classifiers performance 

(Mitchell, Hutchinson et al. 2004),(Pereira, Mitchell et al. 2009). The rescaling can be made in 

the examples, in which the goal is to attenuate the effect of wide image variations, or in the 

features, in case that larger differences in different voxels amplitudes are expected. However, in 

the lather method it is important to make sure that the rescaling is made independently for the 

training and test sets. A solution would be to apply the feature rescaling independently for each 

run (Pereira, Mitchell et al. 2009). This solution reflects the usually approach for the cross 

validation procedure in multi subject fMRI machine learning classification. As stated before, the 

maximization of the training set size is important to classifier performance, regarding some 

limitations, one of them the sharing of information between examples that could lead to a bias in 

the classification error. In multi-subject fMRI studies the main interest is to assess if the method 

can successfully classify examples given a brain pattern from an unseen subject. Therefore it is 

assumed that there is no information about the testing subject in the training set and a leave-

one-subject-out cross validation procedure is applied. 
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1.3.2 Dimensionality Reduction 

The analysis of fMRI data poses a great challenge to the current machine learning 

paradigm, due to the high dimensionality of the data, the high noise associated with the signal 

and the small number of examples available for training. As a consequence of the high 

dimensionality of the problem and the small number of examples it is said that the problem 

suffers from the “curse of dimensionality”. Dimension reduction reduces noise and the risk of 

overfitting besides it allows the classifier to focus on the informative features discarding the 

uninformative ones.  

The reduction of the problems‟ dimension became then a necessary and wide spread 

procedure (Mitchell, Hutchinson et al. 2004; Pereira, Mitchell et al. 2009). The dimension 

reduction can be made using unsupervisioned machine learning methods in the all dataset like 

Single Value Decomposition (SVD) /Principal Components Analysis (PCA) (Mourão-Miranda, 

Bokde et al. 2005; Zhang, Samaras et al. 2005) or Independent Component Analysis (ICA) 

(McKeown, Makeig et al. 1998; Hansen, Larsen et al. 1999). 

Feature selection yields the greater role in the dimension reduction in the fMRI analysis. 

The feature selection process can be made in roughly two different ways. One of them and the 

most widely used, is called filtering/scoring. In this procedure features are ranked according to a 

criterion dependent on the method and then a number of the best or the ones above a given 

threshold are selected. In the other main approach, called wrapper methods, a learning 

machine is used to evaluate sub sets of features and decide the feature selection by the impact 

of the new features in the previous selected features. (Guyon, Gunn et al. 2006). The wrapper 

methods are not yet widely used in this particular problem, due to the high dimensionality of the 

feature space and consequently the impeditive computational costs, however some attempts 

have been made for example using Recursive Feature Elimination (REF) (Hanson and 

Halchenko 2008). Filtering/Scoring methods are much simpler, the features are ranked 

according to a given criteria. These criteria are usually driven from the data characteristics. In 

fMRI machine learning analysis the most used methods are: 

 Activity –This method uses a t-test on the difference in mean activity level 

between condition and baseline, in other words, features that are active in at least 

one condition. 

 Accuracy – This method uses a nested cross validation in the training set to 

classify the testing set for each voxel. The voxels are then ranked by their 

discriminatory power. 

 Search Light Algorithm – This method is the same as previous one with the only 

difference that instead of using a single voxel to classify, that voxel and all its 3-D 

neighbours are used.  

 ANOVA - This method looks for voxels that have significant differences in mean 

value across conditions, as measured by an ANOVA. 

 Stability – This method selects the features that respond consistently to all 

conditions across the cross validation groups in the training set.  
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After the feature scoring a number of voxels is chosen to perform the classification, in some 

studies a predefined number of voxels is used driven by the neuroanatomical prior knowledge of 

the problem.  However, it would be desirable to estimate a number of relevant features or 

threshold in the filtering/scoring criterion, data driven. Statistical scoring methods can provide 

this number by selecting only the most significant at a given level, by the application of multiple 

comparison criterion like Bonferroni or False Discovery Rate (Genovese, Lazar et al. 2002). 

Another solution for this problem, that is applicable to statistical and non statistical scoring 

methods, is to perform a nested cross validation inside the training set (Pereira, Mitchell et al. 

2009) as explicit in 2.2.2.1 Univariate Methods and Search Light Algorithm. 

Other formulations about the activated pattern detection in fMRI have also been made, like 

formulating the problem of detecting features of interest in the whole brain as an outlier 

detection problem (Song and Wyrwicz 2009) .  

1.3.3 Classifiers 

Classifiers choice is probably the most crucial step for classification. There is not a heuristic 

formulation for classifier choice in a given classification problem, although by the analysis of the 

problem it is sometimes possible to select a subset of classifiers that are expected to have a 

good performance.  

The problem associated with the great number of features can be attenuated by the 

dimension reduction methods; however the number of examples usually never surpasses the 

number of features, far from it. In this case the risk of overfitting is high, and so it a simple 

function of classification is desirable.  

From another problems of classification, like for example text recognition it was shown that 

classifier like the k-Nearest Neighbour (kNN), Gaussian Naive Bayes (GNB) and Support Vector 

Machines (SVM) have good performances in high dimensionality problems (Joachims 1998; 

Nigam, McCallum et al. 2000). Indeed in fMRI studies these, in addiction with the Linear Fischer 

Discriminant (FLD) are the most widely used classifiers (Wang, Hutchinson et al. 2003; Mitchell, 

Hutchinson et al. 2004; Mourão-Miranda, Bokde et al. 2005; Pereira, Mitchell et al. 2009). The 

AdaBoost  classifier was also used (Zhang, Samaras et al. 2005).  

Until now only the single classifier approach was introduced. However has been reported 

that ensemble of classifiers can perform better than a single classifier specially in problems that, 

as fMRI, suffer from the “curse of dimensionality” (Dietterich 2000; Kuncheva 2004).  Recently 

ensembles of classifiers have been applied to fMRI, however in single subject data. Ensembles 

of decision trees have been used for brain decoding of fMRI connectivity (Richiardi, Eryilmaz et 

al. 2010) and a more extensive study using different ensembles of classifiers and different 

methods of training as subsets of the training set or input space (Kuncheva and Rodríguez 

2010) .  
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Chapter  Two  

 Materials and Methods 

 

 In this section describes the classification methods used in this work are first described 

and the data sets analysed are described. The section is divided in the classifiers used and in 

feature extraction and feature selection processes. The data characterization intends to report 

all the relevant features of the dataset for the classification process.  

2.1 Classifiers  

 Three different classifiers were used in this study, GNB (Gaussian Naive Bayes), kNN 

(k-Nearest Neighbours) and SVM (Support Vector Machines). In addiction ensembles of 

classifiers for kNN and GNB were also used. All the classification methods, (kNN GNB and 

ensembles) were implemented in MatLab® except for the SVM for which the toolbox LibSVM 

(Chang and Lin 2001) was used.   

 Let 𝐱1…𝑚 =𝑥1, . .𝑥𝑛  be a pattern, where n represents the number of features and m the 

number of examples in our problem and 𝜔𝑗 , j=1,...c, denotes the classes associated to different 

visual stimuli.   

2.1.1 GNB 

  The Gaussian Naive Bayes classifier is probabilistic classifier based on the Bayes rule 

that has strong independence assumptions about the Gaussian distribution of the features.  In 

other words, the classifier assumes that the features are independent, which accounts for the 

term naive in the name, and came from a Gaussian or a Gaussian mixture distribution. The final 

output of the GNB classifier is the conditional probability of the example x belonging to the 

class 𝜔𝑗 , for j=1,...c,  knowing x. According to Bayes rule this probability can be written as in 

(2.1). 

 𝑃 𝜔𝑗 |𝐱 =
𝑃 𝜔𝑗  . 𝑃 𝐱 ωj 

𝑃 𝐱 
 (2.1) 

Rewriting the equation to be explicitly dependent from the features 𝑥 1,... 𝑥 n : 

 𝑃 𝜔𝑗 |(𝑥1, . .𝑥𝑛 =
𝑃 𝜔𝑗  .𝑃 (𝑥1, . .𝑥𝑛) ωj 

𝑃 (𝑥1, . . 𝑥𝑛) 
 (2.2) 

Introducing the naivety into equation (2.2), assuming the variables independent the final 

equation comes to: 
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 𝑃 𝜔𝑗 |𝐱 =
𝑃 𝜔𝑗  .  𝑃(𝑖 𝑥𝑖|𝜔𝑗 )

 𝑃 𝜔𝑘 . 𝑃(𝑖 𝑥𝑖|𝜔𝑘)𝑘
    (2.3) 

Equation (2.3) is much more intuitive for the estimation of the probability of a single class 

knowing the pattern; however it is necessary to estimate the probability of a single feature 𝑥𝑖 

knowing the class 𝜔𝑗 . GNB assumes that the conditional probability of a single feature knowing 

the class follows a Gaussian distribution, and so to characterize the distribution only 2 

parameters are needed the mean µ and the standard deviation σ.  

 In practice there is need to estimate n x c means (µ) and n x c standard deviations (σ), 

these values are estimated from the training set. When doing the classification the GNB is 

assembling the information about all the features and returning the probability that an example 

belongs to each of the considered classes. As a consequence of the classifier formalization the 

sum of all the probabilities of the c classes for a given example is 1.  

 The utilization of GNB for high dimensional problems comes naturally as the 

independence assumption reduces the computational costs. The GNB is part of a broader 

group of classifiers the Naive Bayes, NB. Indeed the distribution is a free parameter that can be 

changed according the data that is intended to classify.   

 Despite the very strong assumptions, about the data distribution and feature 

independence made by this classifier, its performance shows robustness to noise and the 

method can be used with a small training set.  

2.1.2 kNN 

 The kNN classifier is a very simple non-parametric classifier. This classifier treats 

examples as vectors in a feature space and the classification is determined by the most 

common class of the k nearest examples in the training set. So when an example x is presented 

to the kNN classifier, it will determine the nearest k examples in the training set and classify as 

the most common class among this sub-set. The distance measure can be chosen from a wide 

range of metrics like Euclidean, Mahalanobis or Minkowski.  

 Since the kNN success relies on distances, it is very sensitive to noise and to non 

informative features and so its success in classification is bound to improve with feature 

selection and extraction methods. 

 The output of this classifier, unlike the GNB, is a class and not a set of normalized 

probabilities for each class. This is indeed indispensable for the usage of an ensemble of kNN 

classifiers and its combination. To overcome this problem the distance based probability as 

proposed in (Kuncheva 2004) for the kNN classifier was implemented. 

 𝑃  𝜔𝑗  𝐱 =

 
1

𝑑(𝐱, 𝐱𝑗 )𝐱𝑗 𝜖𝜔𝑗

 
1

𝑑(𝐱, 𝐱𝑖)
𝒌
𝒊=𝟏

 (2.4) 
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2.1.3 SVM 

 Support Vector Machines (SVMs) are a non probabilistic classifier first proposed by 

(Boser, Guyon et al. 1992). The first usages for SVM were binary classification and regression 

problems; but nowadays its use is much broader extending from feature selection (Guyon, 

Weston et al. 2002; Fung and Mangasarian 2004), to feature extraction (Schölkopf, Platt et al. 

2001) and novelty detection (Schölkopf, Platt et al. 2001). 

 Considering a binary classification problem, SVM maps each of the training set 

examples, 𝐱𝒊, to a point in a feature space of higher or even infinite dimension, if kernels are 

used. In this new space it is assumed that the classes are separable, latter a formulation that 

allows not separable problems will be introduced, and the goal is to find the optimal hyperplane 

that separates the two classes. The optimal hyperplane does not resume to a hyperplane that 

correctly divides the classes, it is the hyperplane that has the greater distance to the first 

examples of each class. In Figure 2.1 is a representation of the optimal separation problem in a   

very simple separable two class, two features, classification problem. After the determination of 

the hyperplane the classifications of the test examples is straightforward, consisting only in the 

mapping of the examples of the test set to the same feature space and decide the class 

according to his position in relation to the optimal hyperplane. 

 

Figure 2.1 Optimal hyperplane representation in a two separable class classification problem.  

 In a more formal and rigorous way, considering a training set, 𝒳, with m points, two 

classes y𝑖=-1 and y𝑖=1 each point 𝐱𝒊 is a vector in  ℝ𝑛  space (2.3)  

 𝒳 =   𝐱𝒊, y
𝑖
    𝐱𝒊  ∈  ℝ𝑛, y

𝑖
 ∈  −1 1  }

𝑖=1

𝑚
 (2.5) 

 Any hyperplane can be defined as the set of points x that satisfies  

 𝑤. x + 𝑏 = 0 (2.6) 
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 Assuming this form for the optimal performing hyperplane, H, it is possible to define two 

parallel hyperplanes that contain the nearest examples for each class to the optimal hyperplane, 

H1 and H-1  

  

𝐻  1: 𝒘. 𝐱 + 𝑏 = 1
𝐻  1: 𝒘. 𝐱 + 𝑏 = 0

   𝐻−1: 𝒘. 𝐱 + 𝑏 = −1

  (2.7) 

  The distance between H1 and H-1 is 2/ ||w|| and since the goal is to maximize the margin 

the problem resumes to the minimization of ||w||. It is necessary to prevent any of the data 

points to belong to the space between the hyperplanes and so the following constrains are 

added to the problem: 

  
𝐱𝒊. 𝒘 + 𝑏 ≥    1     for  y𝑖 =    1

𝐱𝒊.𝒘 + 𝑏 ≤ −1    for  y𝑖 = −1
  y𝑖(𝐱

𝒊. 𝒘 + 𝑏) ≥ 1 (2.8) 

 The minimization of ||w|| presents some numerical problems has it depends on a norm 

and so of a square root, however without loss of rigor it is possible to substitute ||w|| for 
1

2
||w||

2
. 

 The problem is now a minimization problem with constrains, that can be solved with 

Lagrange Multipliers: 

 𝐿 𝒘, 𝑏, 𝜶 =
1

2
| 𝑤 |2 −  𝛼𝑖(y𝑖 𝐱

𝒊.𝒘 + 𝑏 − 1)

𝑛

𝑖=1

 (2.9) 

where 𝛼𝑖 ≥ 0 are the Lagrangean Multipliers and the minimization leads to: 

  𝛼𝑖y𝑖 = 0,    𝒘 =  𝛼𝑖y𝑖

𝑛

𝑖=1

𝑛

𝑖=1

𝐱𝒊 (2.10) 

 Applying the Karush-Khun-Thucker (KKT) conditions (Schölkopf and Smola 2001): 

 𝛼𝑖 y𝑖 𝐱
𝒊.𝒘 + 𝑏 − 1 = 0 ∀𝑖  (2.11) 

 The Lagrangean multipliers different from zero are the ones corresponding to the 

examples in the margins, this examples play the major role in the solution of the optimization 

problem and are known as Support Vector.  

 After some symbolic manipulation and substitutions the problem can be defined in its 

dual form: 

 max
𝛼

𝑊 𝛼 =  𝛼𝑖

𝑛

𝑖=1

−
1

2
 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗 (𝐱𝒊𝐱𝒋)

𝑛

𝑖 ,𝑗=1

 (2.12) 

with the constrains: 
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 𝛼𝑖 ≥ 0 ∀𝑖 ,                 𝛼𝑖

𝑛

𝑖=1

y𝑖 = 0 (2.13) 

 Solving this problem the decision function becomes: 

 𝑓 x = 𝑠𝑔𝑛   𝛼𝑖

𝑛

𝑖=1

y𝑖 x.𝐱𝒊 + 𝑏  (2.14) 

This SVM formalization is a linear problem however for some problems it would be 

useful that the margins were non linear. This can be achieved by the introduction of the kernel 

trick (Boser, Guyon et al. 1992), this trick consists in the substitution of the dot product in (2.12) 

and (2.14) by a kernel function such as:  

 𝑘(x, x')=ϕ.ϕ(x') (2.15) 

 And the solution is simply: 

 𝑓 x = 𝑠𝑔𝑛   𝛼𝑖

𝑛

𝑖=1

y𝑖𝑘 x,𝐱𝒊′ + 𝑏  (2.16) 

The simplicity of the new solution comes from the fact that indeed the separating 

hyperplane continues to be linear, but in a high or infinite dimension space. There is a broad set 

of kernels that can be used, such as polynomial, hyperbolic tangent or Gaussian. 

 In this study a Gaussian kernel formulation was used (2.17), this kernel is one of the 

most powerful for classification (Guyon, Gunn et al. 2006) as it maps the examples in a infinite 

dimension space, a Hilbert space.  

 𝑘 x,x' = exp −𝛾 x − x' 2  (2.17) 

The formulation presented assumes that the training data are completely linearly 

separable in the feature space. However with real data it is hard to satisfy this condition, 

therefore the introduction of soft margins was proposed (Cortes and Vapnik 1995) using the 

slack variable 𝜉𝑖(𝜉𝑖 ≥ 0).  

 y𝑖 𝐱
𝒊.𝒘 + 𝑏 ≥ 1 − 𝜉𝑖  (2.18) 

The new optimization problem can be written as (2.19) with constraints (2.18). 

 min
𝒘,𝑏 ,𝜉

1

2
 𝒘 2 + ∁ 𝜉𝑖

𝑚

𝑖=1

 (2.19) 

The parameter ∁ is always greater than zero and controls the tradeoff between training 

accuracy and the margin width. 
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From this formulation, for a SVM with Gaussian kernel there are two free parameters, ∁ 

and 𝛾 that need to be estimated. In this study the estimation problem was solved using the 

estimation by nested cross validation in the training set, a widely used procedure. 

2.1.4 Classifiers Ensemble  

In this study, in addiction o the single classifiers presented in the preceding section, two 

ensembles of classifiers were also used, one for kNN and one for GNB. The underlying idea is 

to optimize a classifier for each class, corresponding to a stimulus, and then combine the results 

of each classifier.  

The degree of support from a classifier for an example input x can be defined in 

different ways; in this study the estimates of the posterior probabilities for the classes were 

used. 

Both GNB and kNN formulations regard the possibility of posterior probability 

estimation, equation (2.4) for kNN, and so are fit for the classifier ensemble methods proposed.  

The combination of classifiers can be done in several ways; the first step to the 

combination is the construction of a decision profile (DP(x)). Using the same notation as for the 

previous classifiers, let x ∈ 𝕽𝒏 be a feature vector and Ω =  𝜔1 ,𝜔2 , … ,𝜔𝑐  be the set of class 

labels. Each of the classifiers Di in the ensemble 𝔇 = {𝐷1 ,  𝐷2 ,… ,𝐷𝐿} returns c degrees of 

support, that in this case are probabilities and so 𝐷𝑖 : 𝕽
𝒏 →   0 1 𝑐. If the support that a classifier 

 𝐷𝑖  gives to hypothesis that x come from the class 𝜔𝑗  is defined as a point position 𝑑𝑖,𝑗  in a 

matrix it is possible to build a decision profile like in (2.20). The lines of the matrix have sum 

one, and the columns represent the support given by each classifier to that class.  

 𝐷𝑃 x =  

𝑑1,1(𝐱) ⋯ 𝑑1,𝑐(𝐱)

⋮ ⋱ ⋮
𝑑𝐿,1(𝐱) ⋯ 𝑑𝐿,𝑐(𝐱)

  (2.20) 

In this work each classifier in the ensemble will be specialized for each class therefore 

the number of classifiers L=c, and 𝐷𝑃 x  a square matrix. 

Five different methods for classifier combination where tested in this study, four non 

trainable and one trainable. Trainable means that the classifier combiner needs to learn 

parameters from the data. For the non trainable methods of classifier combination the support 

given by the ensemble of classifiers to class 𝜔𝑗  is: 

 𝜇𝑗 = ℱ 𝑑1,𝑗 . , . . ,𝑑𝐿 ,𝑗   (2.21) 

where ℱ is a combination function and the class label of x is the index of the maximum of 𝜇 in 

equation (2.21). 

 Comb 1 Assuming that each classifier is trained in order to be optimized for a given 

class the relevant information is localized in the diagonal of the decision profile, this 

method of classifiers combination simply considers that the support given by the 

classifier to a class 𝜔𝑗  is 𝑑𝑗 ,𝑗   .  
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 Comb 2, simple mean, ℱ =average. 

 Comb 3, maximum, ℱ =maximum 

 Comb 4  median, ℱ =median 

 Comb 5 This combination method is the only trainable method used in this study. The 

underlying idea is to find a weight for each of the positions of the decision profile with 

the constraint that the sum of the weights along a column be equal to one. The decision 

is made by making ℱ the weighted mean with the previously determined coefficients. 

This can be formulated as a regression problem where the target values are the 

posterior probabilities 𝑃 𝜔𝑗 |𝐱 . In the classification problems the posterior probabilities 

are 1 if the example has class label 𝜔𝑗  and 0 otherwise. Considering a noise free 

problem the expected posterior probability given by a classifier would be the same 

binary combination 0 or 1. So for class label 𝜔𝑗 , the support given by each classifier is 

subtracted to the expected posterior probabilities. Hence for each class 𝜔𝑗  there is an 

error matrix with L lines and m columns. The goal now is the error variance 

minimization, however is important to stress that this error is not the classification error 

but the approximation error. The next step is the computation of the covariance matrix 

for the approximation error matrix. If it is assumed that the expected error in 

approximating the posterior probability 𝑃 𝜔𝑗 |𝐱 − 𝑑𝑖,𝑗(𝐱) is normally distributed with mean 

0, the problem can be solved by constrained regression. By minimizing (2.22) function 

that already includes the Lagrange multipliers to constrain the sum of the weights of 

each column to be one. Where 𝜎𝑖𝑗  denotes the covariance between the classifiers 𝐷𝑖 

and 𝐷𝑘 . 

 𝐽 =   𝑤𝑖𝑤𝑗𝜎𝑖𝑘 − 𝜆  𝑤𝑖 − 1

𝐿

𝑖=1

 

𝐿

𝑘=1

𝐿

𝑖=1

 (2.22) 

A solution for this minimization problem is: 

 𝑤 = Σ−1𝑰 𝑰𝑇Σ−1𝑰 −1  (2.23) 

where w is weights vector, Σ is the covariance matrix and L is a L-element vector with 

ones (Kuncheva 2004). The procedure of coefficients estimation was made in a nested 

cross validation procedure using leave-one-subject-out cross validation. For the nested 

cross validation the classification errors were averaged for all folds to avoid numeric 

difficulties and the coefficients estimated. 
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2.2 Feature Extraction and Feature Selection 

2.2.1 Feature Extraction 

 The example creation, as mention in section 1.3.1, usually includes a feature extraction 

step with block image combination in order to reduce the noise. In this work four different 

methods to perform the block image combination were used.  

 Mean – The most usual method to combine images in a block consists in using simply 

the mean image. 

 Central Image – In this combination method only a single image from the block is used, 

the central image, if there is a pair number of images in a block the mean of the two 

central images is used.  

 Gaussian Window – This method corresponds to the application of a Gaussian window 

to the image block, in practice it is a weighted mean in which the coefficients are driven 

from a Gaussian window using the MatLab ® implemented formulation (Harris 1978): 

 
𝑔[] = 𝑒

−
1
2
 𝛽


𝐻

2 
 

2

 
(2.24) 

where −
𝐻

2
≤  ≤

𝐻

2
  and 𝛽 ≥ 2, and the length of the window is T=H+1. The 𝛽  

parameter is the reciprocal to the standard deviation. 

 Custom Window – The BOLD signal has well known temporal characteristics. In order 

to apply this information in the feature extraction process a custom window was 

idealized for this particular problem. Each image is acquired with an interval, TR, in this 

study 2 and 3 or 3.2 seconds, the delay of the haemodynamic response is about 2-5 

seconds and considering that the stimulus presented do not cause physiological 

habituation it was defined a mean of the block without the first image. 

 

 After the block image combination process, for each run the signal was transformed into 

PSC relative to the mean value for the baseline condition and as final procedure the PSC was 

scaled in order that of features have mean 0 and variance 1. All the process of feature 

extraction was performed for each fMRI run independently in order to reduce inter run 

differences and make sure that there is total separation between training and testing set. In the 

end of the feature extraction process a feature corresponds to a voxel in the spatial domain and 

a combination of the same voxel across a single TR (Central Image) or a combination of the 

same voxel across a block in the temporal domain.  

2.2.2 Feature Selection 

 The feature selection process is a crucial step for the classification success in this study 

due mainly to the noisy data and the high dimensionality of the problem. In this section the used 

methods to perform feature selection are described.  
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2.2.2.1 Univariate Methods and Search Light Algorithm  

The main criterion for feature selection used in this study is the Mutual Information, MI. 

MI measures how much information two variables share; hence a feature is more important if 

the MI between the label distribution and that feature distribution is larger (Guyon, Gunn et al. 

2006). Let f𝑖 be an m-dimensional vector that contains all the examples for feature  𝑥𝑖 and y a 

label vector with the same size as 𝑥𝑖  the class labels vector then, 

 𝑀𝐼 f𝑖 , 𝑦 = 𝐻 f𝑖 + 𝐻 𝑦 − 𝐻(f𝑖 ,𝑦) (2.25) 

where H(...) is the entropy of a random variable and H(.,.) represents the joint entropy. MI 

range of values is between -1 and 1. 

Two other criteria for feature ranking were also implemented, accuracy and the search 

light accuracy method as described in 1.3.2, in order to assess the performance of mutual 

information as a feature selection method for this particular problem.  

The considered feature selection methods rank the features according to a particular 

criterion but do not give any information about the number of features or threshold for the 

criterion to use, as they are scoring/filtering methods. The a priori definition of a number of 

features or threshold to be used based on the experience is a usual procedure. Although simple 

and computationally efficient it assumes knowledge about the problem that cannot be extended 

to more general cases. Therefore it was desirable to estimate a number of features to use 

without a prior knowledge of the problem being addressed. 

A common solution when there are parameters that need to be estimated is the use of 

nested cross validation inside the training set, as for example in SVM for determining the C and 

γ parameters. The same solution was applied to this particular problem. For the number of 

features estimation, Number Estimation, a range of values for the number of relevant features 

between 0.0005% and 10% of the total number of features was considered. This set was 

sampled in ten equally spaced points; for each point a nested cross validation procedure in the 

training set was applied and the accuracy assessed. The best performing number of features 

was identified and the procedure was repeated within the interval starting in the number of 

features considered before the maximum and ending in the next to the maximum considered 

value of features. The stop criterion was the variance of the interval classification being less 

than 1% or the number of features in interval less than 20. Other approach was the estimation 

of the MI threshold instead of the number of features, Threshold Estimation. In this work, the MI 

threshold is always relative to a fraction of the maximum MI for a given training set and vector of 

labels. The method was the same as the described for the estimation of the number of features, 

the initial interval considered was between the 0.0001 and 1 and a minimum threshold of the 

number of features was established at 10 to avoid overfitting.  

The feature selection process for the ensemble of classifier is identical to the described 

previously, but as each classifier is optimized for a given class label, the mutual information is 
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calculated for each f𝑖 with a binary label vector that for classifier 𝐷𝑖 is one when y𝑖  is equal to 

𝜔𝑖  and is 0 otherwise. The features for different classifiers can be chosen freely, because the 

same feature can have information regarding more than one class label. 

2.2.2.2 Multivariate Feature Selection Method 

The proposed multivariate feature selection method was developed for the particular 

problem of feature selection in fMRI machine learning problems. The underlying idea is to take 

advantage of the spatial properties of brain structure and BOLD signal to find the most relevant 

features.  

  As stated in section 1.3.2, wrapper methods for feature selection are most of the time 

prohibitive in what concerns computational cost and there is need to use filter/scoring methods. 

However hybrid filtering/wrapper methods have been developed for problems of high 

dimensionality (Ni and Liu 2005). The method proposed consists in combining the prior 

information about the problem spatial constrains and the filtering feature selection method to 

diminish the computational costs of the wrapper approach.  

The method starts by selecting the best ranked feature and its 3-D neighborhood, like in the 

search light algorithm and classify it in a nested cross validation procedure. Then a face of the 

cube is grown one voxel and the new set is classified. If the classification accuracy improves the 

new set is taken and becomes the reference, if not, this growing direction is labeled as non 

relevant and the data set will not go further more in this direction. The procedure is repeated for 

all the directions, until all of them are considered of non relevant growing. The method is then 

repeated for the next best ranked features that weren‟t selected yet. In the end there is a set of 

candidate regions labeled by its classification accuracy. The stopping criterion was that the 

numbers of different features in the regions to surpass 10% of the total number of features or a 

threshold in the total number of regions.   

The best procedure would be to find the combination that performs best in a nested 

cross fold validation; however that is not possibly due to the extremely high computational cost. 

The solution was to rank the regions by its solo classification accuracy, taking the first one as 

the reference set of features and classifying by a nested cross validation, then joining the 

second region and classify, if an increase in classification accuracy is observed for the reunion 

of the two regions, this new set of features becomes the reference set of features, otherwise the 

first region is maintained as the reference set of features and the same for the rest of the 

candidate regions. In a more intuitive formulation, only regions that bring some benefit to the 

reference feature set are added.   
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2.3 Data Characterization  

 In this Thesis three datasets from fMRI multi subject visual stimulation experiments 

were used, with 4 different stimuli and acquired at different magnetization powers.  

2.3.1 Data sets 

 The first data set correspond to the mapping of each of the four different quadrants of 

the primary visual cortex to assess the retinotopic organization of this structure (Mapping 

Experiment). The stimulus consisted on four black and white checkerboards wedges flashing at 

8 Hz as represented in Figure 2.2. 

 

Figure 2.2 Stimuli used in the Mapping Experience, checkerboard wedges corresponding, from 

left to right, Q1, Q2, Q3 and Q4 (Cruz, Teixeira et al. 2009). 

The paradigm consisted on a block design with the four stimuli alternating with the 

fixation in 16 seconds block in the order shown in Figure 2.3. 

 

Figure 2.3 Paradigm used in the Mapping Experiment with block of four stimuli alternating with 

fixation (Cruz P., Teixeira J. et al. 2009) 

The data was obtained from 5 healthy subjects in two different sessions each on a 1.5T 

Philips system using BOLD image to collect 672 volumes with TR=2000ms, 24 slices and a 

voxel resolution of 3.750x3.750x5.000 mm
3
, yielding an image size of 64x64x24.The second 

and third data sets come from visual localizer experiments (Localizer Experiment1, Localizer 

Experiment2). These visual localizer experiments look to find the areas in the visual cortex 

specialized in four visual stimuli: Faces, Houses, Objects and Scramble, represented in Figure 

2.4. 
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 Cents

 

Figure 2.4 Stimuli used in Localizer Experiment1 and Localizer Experiment 2, from the left to 

the right Faces, Houses, Objects and Scramble (Saiote, Silva et al. 2010) 

The paradigm for the localizer experiments is very similar to the previous one consisting 

of different ordered, sequences of the four stimuli interspersed by fixation periods on a block 

design with each block having 18 seconds, as explicit in Figure 2.5. 

Localizer Experiment 1 was obtained from 10 healthy subjects in two sessions, on a 3.0 

Philips system using BOLD imaging to collect 118 brain volumes with TR=3000ms, 38 slices 

and a voxel resolution of 2.875x2.875x3.000 mm
3
 yielding an image size of 80x80x38.  

Localizer Experiment 2 was obtained from 10 healthy subjects in one session, on a 7.0 Siemens 

system using BOLD imaging to collect 112 brain volumes with TR=3200ms, 40 slices and a 

voxel resolution of 2.019x2.019x2.000 mm
3
 yielding an image size of 104x104x40 . 

 

 

 

Figure 2.5 Paradigm used in the Localizer Experiment1 and Localizer Experiment2 with blocks 

of four stimuli alternating with fixation (Saiote, Silva et al. 2010) 

Localizer Experiment 1 and Localizer Experiment 2 correspond to the same experience; 

however the different acquisition properties result in differences in the data consistency. 

In all the experiences, for co registration and anatomical reference purposes it was 

acquired for each subject a high resolution structural image using a T1 weighted imaging 

sequence.  

2.3.2 Pre-Processing 

Several pre-processing options are necessary before the data is fit to be fed to a 

classifier; before the feature extraction it is necessary to make the standard fMRI pre-processing 

procedure.  

The datasets were independently processed and analyzed using the FSL software 

package (http://www.fmrib.ox.ac.uk/fsl). 

The following pre-processing steps were performed on each BOLD time series: motion 

correction (Jenkinson, Bannister et al. 2002); non-brain removal (Smith 2002); mean-based 

http://www.fmrib.ox.ac.uk/fsl
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intensity normalization of all volumes by the same factor; spatial smoothing (Gaussian kernel, 5 

mm FWHM) and high-pass temporal filtering (Gaussian-weighted least squares straight line 

fitting, 50 sec cut-off).  

As all the data sets are multi subject, registration became necessary; to perform 

registration the FLIRT tool from the FSL (Jenkinson, Bannister et al. 2002) . The reference 

image used for registration was the MNI standard available in FSL package with voxel definition 

of 2.000x2.000x2.000 mm
2
 (Lancaster, Tordesillas Gutiérrez et al. 2007). For the Mapping 

Experiment and Localizer Experiment 1 data sets in order to avoid the unnecessary increase of 

dimension the MNI standard was re-sampled to the data sets resolution, for the Localizer 

Experiment 2 data set it was used the MNI standard was used since they have similar 

resolution.  

The functional images were first registered to the correspondent high resolution 

structural image using an affine rigid body transformation with 6 degrees of freedom. The 

structural image was registered to the standard MNI image with an affine transformation with 12 

degrees of freedom, and the composition of the two transforming matrices was applied to the 

functional image to register them in MNI space.  

To access data consistency, after pre-processing, all the runs from all the datasets were 

analyzed using the FSL software to find patterns of activation by a common use GLM analysis. 

In this process two subjects were found to have incoherent activation patterns, one for the 

Mapping Experiment and another for the Localizer Experiment 2. Therefore these two subjects 

were excluded. In the end the Localizer Experiment 1 had the same number of subjects, 10; 

while the Mapping Experiment and the Localizer Experiment 2 number of subjects was reduced 

to 4 and 9 respectively.  

To identify the voxels that correspond to brain matter, the MNI atlas was used. Besides 

this approach all the voxels that have zero value across all the examples were ignored. In the 

end the Mapping Experiment yields a total of 512 examples each on with 27851 features; the 

Mapping Experiment 1 has 320 examples each on with 60922 features and the Mapping 

Experiment 2 yields 144 examples with 123494 features each one.  
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Chapter  Three  

 Results 

In this section, the results obtained with the previously described methods are 

presented. In the first part, the sequence of the results exposition follows a set of options 

between different methods for feature selection and feature extraction in order to achieve the 

combination that performs best not only in the classification accuracy but also in computational 

efficiency. In a second part the results regarding the main focus of this study are presented, the 

classifier combination and as final remark results for the proposed multivariate feature selection 

method are shown.  

 The classification accuracy in a cross validation procedure is usually represented by 

the mean accuracy for all the folds. Although this information is correct it is somehow limited 

because the mean gives no information about the distribution of the data, which is important to 

assess the significance of the classification. As mentioned previously, statistical tests can be 

applied to assess the significance of the results. However due to the high classification 

accuracy and the necessity of representing the features selected, it was chosen to show the 

classification distribution in the form of box-and-whisker diagrams. These diagrams form a box 

bounded by the 25
th
 and 75

th
 percentiles of the data distribution; the median is inside the box 

and is highlighted. The lower and upper 25
th
 are usually known as lower and upper whiskers 

there is also outlier detection that was suppressed in this study. The outlier detection was 

suppressed because all the subjects considered in this work were submitted to standard GLM 

analysis to confirm activation, so we assume there are no outliers a priori. All the accuracy 

results were obtained using leave one subject out cross folding validation procedure, for the 

GNB classifier 𝑃 𝜔𝑗 |𝐱  was modelled by a univariate Gaussian distribution and consequently µi 

and σi were estimated for each feature. The kNN classifiers used k=9 as number of neighbours 

and considering the Euclidean distance. In what regards SVM the parameters, ∁ and 𝛾 were 

estimated by nested cross validation inside the training set. 

3.1 Feature scoring  

 In this work MI, was used as a feature selection criterion. Although it has been used in 

other machine learning problems it is not an established method for this particular problem of 

machine learning fMRI analyses. Therefore it is important to assess if the mutual information 

can perform as good as the more widely used methods such as, accuracy or the search light 

algorithm as mentioned in 2.2.2. 

 To compare the performance of these methods of feature selection the best 10% of the 

total numbers of features for all the three methods and for all three data sets were considered. 

The results are in Figure 3.1 for the Mapping Experiment, in Figure 3.2 for the Localizer 

Experiment 1 and in Figure 3.3 for the Localizer Experiment 2. 
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The choice for 10% of the total number of features was not ad hoc; this decision was made 

based on expected activated zones size maximization. 

 

Figure 3.1 Voxels corresponding to the 10% best scored features for the Mapping Experiment 

dataset for the three different feature selection methods. Features scoring methods: Mutual 

Information (Blue), Accuracy (Light Blue) and Search Light Algorithm (Yellow). 

 

Figure 3.2 Voxels corresponding to the 10% best scored features for the Localizer Experiment 

1 dataset for the three different feature selection methods. Features scoring methods: Mutual 

Information (Blue), Accuracy (Light Blue) and Search Light Algorithm (Yellow). 
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Figure 3.3 Voxels corresponding to the 10% best scored features for the Localizer Experiment 

2 dataset for the three different feature selection methods. Features scoring methods: Mutual 

Information (Blue), Accuracy (Light Blue) and Search Light Algorithm (Yellow).. 

From Figure 3.1, Figure 3.2 and Figure 3.3 it is possible to see that the 10% best scored 

features for all the three methods and for all the three datasets are very similar, representing 

almost the same brain structures. These brain structures are indeed the expected to be active in 

the considered visual experiments. Since mutual information is computationally much more 

efficient that the other two methods, from now one it will be the feature selection method used.   

3.2 Feature Extraction 

The example‟s creation usually requires some type of image combination, as stated in 

1.3.1, in this study four different methods to perform the block image combination were used, 

mean, central image, Gaussian window and the Custom window. In order to determine the 

better performing method a classification experience with fixed number of features was 

performed for each dataset. For Mapping Experiment the classification accuracy for the best 

scored 500 features is shown in Table 3.1, the same procedure with the best scored 1000 

features was performed for the data from Localizer Experiment 1 with the results presented in 

Table 3.2 and the for the Localizer Experiment 2 the results for a classification experience with 

a total of 2000 features are represented in Table 3.3. In Figures 3.4, 3.5 and 3.6 are shown the 

box-and-whisker diagrams for the GNB classification accuracy using the four image combination 

methods for the Mapping Experiment, Localizer Experiment 1 and Localizer Experiment 2 

respectively.  
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Table 3.1 Classifications accuracies for the different block image combination methods for the 

Mapping Experiment 

Accuracy (%) Mean Central Image 
Gaussian 

Window 

Custom 

Window 

SVM 97.85 98.82 99.22 99.02 

GNB 96.29 97.66 97.46 99.02 

kNN 97.47 96.68 98.24 99.22 

The maximum values are shown in Bold.    

  

Table 3.2 Classification accuracies for the different block image combination methods for the 

Localizer Experiment 1 

Accuracy (%) Mean Central Image 
Gaussian 

Window 

Custom 

Window 

SVM 79.38 65,63 83.75 83.75 

GNB 67.5 50.00 69.69 69.75 

kNN 68.75 54.38 77.5 74.78 

The maximum values are shown in Bold.    

Table 3.3 Classification accuracies for the different block image combination methods for the 

Localizer Experiment 2 

Accuracy (%) Mean Central Image 
Gaussian 

window 

Custom 

window 

SVM 74.31 72.92 80.56 83.33 

GNB 64.58 58.33 68.75 68.75 

kNN 73.61 50.00 72.22 74.31 

The maximum values are shown in Bold.     

 In overall, the best performing method is the Custom window. The Gaussian window 

outperforms the Custom window only for the kNN classifier in the data set Localizer Experiment 

1 (0.06%) and for the Mapping Experiment data set using SVM as classifier (0.2%). Based on 

the previous results and in the underlying motivation of the Custom window from now will be the 

image combination method used. 

 Before further considerations it is important to refer that all the mean classification 

accuracies are much better that the expected for the random classifier (25%). In the Figures 3.4 

3.5 and 3.6 are represented the box-and-whiskers diagrams for the classification accuracies for 

the GNB classifier using the four different windows in all the three data sets. The classification 

distribution reflects the inter-subject variability; however even for the worst performing folds the 

classification is much better that 25%.  
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Figure 3.4 Box-whiskers diagram of the classification accuracy for the GNB classifier in 

Mapping Experiment using the four block image combination methods tested.  

 

Figure 3.5 Box-whiskers diagram of the classification accuracy for the GNB classifier in 

Localizer Experiment 1 using the four block image combination methods tested. 
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Figure 3.6 Box-whiskers diagram of the classification accuracy for the GNB classifier in 

Localizer Experiment 2 using the four block image combination techniques tested. 

3.3 Single Classifier and Ensemble of Classifiers with a fixed number 

of features and MI threshold. 

The use of a fixed number of features or a threshold in the feature ranking criterion is of 

very common use. In this section the classification accuracy results for both approaches, within 

a wide range of values are presented. The combination of classifiers was made using the Comb 

1 method. 

3.3.1 Results for the fixed number of features 

In Figure 3.7 the classification accuracy for all the three data sets with GNB and kNN single 

and ensembles of classifiers as a function of the number of features used in classification are 

shown. In general the classification accuracy improves from the single to the ensemble of 

classifiers specially if considered a small number of features. For the Mapping Experiment there 

is no overall improvement, but for a small number of features there is clear advantage in the 

utilization of ensembles of classifiers.  

In Table 3.4 are shown the maximum classification accuracy values for all the three data 

sets and the four classification modalities. The best performing method of classification for the 

Mapping Experiment is the single kNN (99.41%) for 800 features; however the results for this 

data set are very close to 100% suffering from a ceiling effect. For both the Localizer 

Experiment 1 and Localizer Experiment 2 the best performing method is the ensemble of kNN 

yielding a classification accuracy of 82.81% and 77.08% respectively. 
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Figure 3.7 Classification Accuracy for various numbers of features for the three data sets for 

single and ensemble of kNN and GNB 

   

Table 3.4 Classification accuracies for the best performing number of features for all data sets 

for both single and ensemble of kNN and GNB 

The maximum values are shown in Bold.    

For the GNB classifier the ensemble of classifiers also outperforms the single classifier. 

Besides that, the total number of features used by the ensemble is much smaller that one used 

by the single classifier. For the Localizer Experiment 2 the best performing number of features 

used in the single kNN is 35 times bigger than the equivalent for the ensemble of classifiers 

yielding the latter a better classification accuracy.  

The different size of the brain regions envolved in the cognitive states specially in Localizer 

Experiment 1 and Localizer Experiment 2 are well known. Having this as motivation, the 

classification accuracy for each classe for the ensemble of both kNN and GNB was represented 

in function of the number of selected features in Figure 3.8. 

Accuracy (%) 
Mapping Experiment Localizer Experiment 1 Localizer Experiment 2 

GNB kNN GNB kNN GNB kNN 

Single Classifier 99.03 99.41 76.25 80.62 70.83 74.31 

Number of features 500 800 5000 4500 2500 2500 

Ensemble of Classifiers 98.63 99.21 80.00 82.81 75.69 77.08 

Number of features 300 300 150 300 200 70 
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Figure 3.8 Classification accuracy for class for different number of selected features, obtain by 

the ensembles of classifier for kNN and GNB, for all the data sets 

 For the Mapping Experiment there are not significant variations in the class 

classification accuracy for different number of features. However in the Localize Experiments 

there are differences in the behavior of different stimuli accuracy across the number of features. 

More, the results suggests than an optimum classification would be achieved by the selection of 

a variable number of features for each class by the ensemble of classifiers. 

3.3.2 Results for variable number of features 

A simple and robust way of making feature selection in order to different classifiers in the 

ensemble chose different numbers of features is to use a threshold in the filtering/scoring 

criterion, in this case MI. As referred in the 2.2.2 the threshold in the MI is always a fraction of 

the maximum value of MI for that training set and the correspondent labels. Hence the values 

for threshold are within 0 and 1. This interval was sampled starting from 0.1 in steps of 0.05 until 

0.95. The results for the three data sets and the two classifiers, GNB and kNN, both single and 

ensemble are shown in Figure 3.9.  The best performing values for the MI threshold and 

correspondent accuracies are shown in Table 3.5. 
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Table 3.5 Classification accuracies for the best performing MI threshold for all data sets for 

both single and ensemble of kNN and GNB 

 The maximum values are shown in Bold.    

InInbuInininin

 

Figure 3.9 Classification Accuracy for different mutual information thresholds for the three 

data sets for single and ensemble of kNN and GNB 

 The best performing classification methods are as expected the same as for the fixed 

number of features approach. For Mapping Experiment the single kNN (99.22%), for the 

Localizer Experiment 1 and Localizer Experiment 2 the ensemble of kNN with an accuracy of 

82.81% and 81.25% respectively.   

 In Figure 3.10 is shown the number of features variations as a function of the MI 

threshold. As expected the number of features decays very fast with the increase of the MI 

threshold and with different values for different classes. The results for the Mapping Experiment 

and the Localizer Experiment 2 data set are similar. 

Accuracy (%) 
Mapping Experiment Localizer Experiment 1 Localizer Experiment 2 

GNB kNN GNB kNN GNB kNN 

Single Classifier 99.03 99.22 75.00 79.37 71.53 75.00 

MI threshold 0.15 0.20 0.10 0.10 0.10 0.40 

Ensemble of Classifiers 98.04 97.46 76.56 82.81 75.69 81.25 

MI threshold  0.80 0.10 0.60 0.20 0.10 0.25 
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Figure 3.10 Number of features selected in function of the MI threshold for the Localizer 

Experiment 1 

3.4 Single Classifier and Ensemble of Classifiers with Estimated 

number of features and MI threshold. 

 Based on the results from the previous section a method that could automatically define 

a number of features or a MI threshold was design. Using the standard procedure the number of 

features, Number estimation, and MI threshold, Threshold Estimation, were estimated using a 

nested cross validation procedure in the training set as describe in 2.2.2.   

3 .4.1 Single classifier  

 Three classifiers were used in the single classifier approach, GNB, kNN and SVM. For 

GNB was used GNB as the learning machine in the nested cross validation and for kNN was 

used kNN. In what concerns to SVM the use of this classifier in the nested cross validation as 

learning machine was not possible due to inherent high computational costs. Therefore the best 

accuracy for SVM from kNN and GNB estimated number of features was assumed.  In Table 

3.6 the classification accuracies for SVM, GNB and kNN for all the three datasets for the 

Number estimation feature selection method are represented. The same results are shown in 

Table 3.7 for the Threshold Estimation.  

Table 3.6 Classification accuracies for SVM, GNB and kNN for all the datasets using Number 

Estimation feature selection method 

Accuracy (%) 
Mapping 

Experiment 

Localizer 

Experiment 1 

Localizer 

Experiment 2 

SVM 99.41 91.56 78.47 

GNB 98.63 75.31 68.06 

kNN 99.41 78.44 68.75 

The maximum values are shown in Bold.    
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Table 3.7 Classification accuracies for SVM, GNB and kNN for all the datasets using the 

Threshold Estimation feature selection method 

Accuracy (%) 
Mapping 

Experiment 

Localizer 

Experiment 1 

Localizer 

Experiment 2 

SVM 99.22 93.44 82.64 

GNB 98.24 74.69 71.53 

kNN 99.41 79.38 71.53 

The maximum values are shown in Bold.    

3 .4 .1.1 Mapping Experiment 

 In Figure 3.12 box-and-whiskers diagrams for the Mapping Experiment classification 

with both Numb Estimation and Threshold Estimation for all the three considered single 

classifiers.  

 

Figure 3.11 Box-and-whisker diagrams for the Mapping Experiment classification accuracy 

using the Number Estimation (Numb) and Threshold Estimation (MI) for the SVM, GNB and kNN 

classifiers 

The results show that for the Number Estimation SVM and kNN have the same 

performance (99.41%) outperforming GNB by 0.78%. In what concerns the Threshold 

Estimation the best performing classifier is kNN (99.41%) outperforming GNB by 1.17% and 

SVM by 0.19%. As each fold selects different features, only the features that appear in at least 

half of the folds are shown for all the feature representation in this work. In Figure 3.12 and 

Figure 3.13 the features selected by the Numb Estimation method are shown for GNB and kNN 

respectively. In Figure 3.14 and Figure 3.15 the features selected for the Threshold Estimation 

method are shown for GNB and kNN.  
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Figure 3.12 Voxels corresponding to the features selected by the Number Estimation feature 

selection using GNB as learning machine for the Mapping Experiment. 

 

 

Figure 3.13 Voxels corresponding to the features selected by the Number Estimation feature 

selection using kNN as learning machine for the Mapping Experiment. 

 

 

Figure 3.14 Voxels corresponding to the features selected by the Threshold  Estimation feature 

selection using GNB as learning machine for the Mapping Experiment. 
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Figure 3.15 Voxels corresponding to the features selected by the Threshold Estimation feature 

selection using kNN as learning machine for the Mapping Experiment. 

 

The features selected are in agreement with the expected as they are localized in the 

primary visual cortex in a roughly symmetric distribution. For both the classifiers used as 

learning machines and both feature selection methods the features selected are very similar.  

3 .4 .1.2 Localizer Experiment 1 

 The Localizer Experiment 1 classification accuracy  results for the Number Estimation 

and Threshold Estimation feature selection methods, are shown in Table 3.6 and Table 3.7 

respectively and the box-and-whisker diagrams in Figure 3.16. 

 

 

Figure 3.16 Box-and-whisker diagrams for the Localizer Experiment 1 classification accuracy 

using the Number Estimation (Numb) and Threshold Estimation (MI) for the SVM, GNB and kNN 

classifiers 
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For both, Number Estimation and Threshold Estimation, features selection methods, the 

best performing classifier is SVM (91.56% and 93.44%) which outperforms kNN by 13.13% and 

14.06% and GNB by 16.25% and 18.75% respectively. 

The features selected for four different methods of feature selection, Number Estimation 

using GNB or kNN as learning machine and Threshold Estimation using GNB and kNN as 

learning machine are represented in the Figure 3.17, Figure 3.18, Figure 3.19 and Figure 3.20. 

  

 

Figure 3.17 Voxels corresponding to the features selected by the Number Estimation feature 

selection using GNB as learning machine for the Localizer Experiment 1. 

 

 

Figure 3.18 Voxels corresponding to the features selected by the Number Estimation feature 

selection using kNN as learning machine for the Localizer Experiment 1. 
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Figure 3.19 Voxels corresponding to the features selected by the Threshold Estimation feature 

selection using GNB as learning machine for the Localizer Experiment 1. 

 

 

Figure 3.20 Voxels corresponding to the features selected by the Threshold Estimation feature 

selection using kNN as learning machine for the Localizer Experiment 1. 

 

The features selected cover a large part of the visual cortex both primary and more 

specialized areas containing the expected activated zones for each class as well as they 

neighbourhood voxels. The voxels selected using GNB as learning machine selected more 

features that the ones selected using kNN.  

3.4.1.3 Localizer Experiment 2 

 The classification accuracy box-and-whiskers diagrams for the three considered 

classifiers and the two different automatic feature selection methods are shown in Figure 3.21. 
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Figure 3.21 Box-and-whisker diagrams for the Localizer Experiment 2 classification accuracy 

using the Number Estimation (Numb) and Threshold Estimation (MI) for the SVM, GNB and kNN 

classifiers 

As in the Localizer Experiment 1, for both, Number Estimation and Threshold Estimation 

feature selection methods, the best performing classifier is SVM (78.47% and 82.64%) which 

outperforms kNN by 9.07% and 11.11% and GNB by 10.41% and 11.11% respectively. 

The features selected by the Number Estimation feature selection method using GNB and 

kNN as learning machines are represented in Figure 3.22 and Figure 3.23 respectively. The 

features selected for Threshold Estimation for GNB and kNN are shown in Figure 3.24 and 

Figure 3.25. 

 

Figure 3.22 Voxels corresponding to the features selected by the Number Estimation feature 

selection using GNB as learning machine for the Localizer Experiment 2. 
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Figure 3.23 Voxels corresponding to the features selected by the Number Estimation feature 

selection using kNN as learning machine for the Localizer Experiment 2. 

 

Figure 3.24 Voxels corresponding to the features selected by the Threshold Estimation feature 

selection using GNB as learning machine for the Localizer Experiment 2. 
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Figure 3.25 Voxels corresponding to the features selected by the Threshold Estimation feature 

selection using kNN as learning machine for the Localizer Experiment 2. 

 

The selected features are localized, as for the Localizer Experiment 1, mainly within the 

visual cortex, coinciding with the expected. However the features are sparser probably due to 

the increase of the resolution for this data set. The difference between the number of features 

selected by GNB and kNN is much higher in this data set. 

3 .4.2 Ensemble of classifiers 

 In this section the results for the classifier ensemble are presented. The procedure was 

the same for all the three datasets, ensembles of four GNB and four kNN‟s were tested, each 

one specialized in a stimulus as described in 2.1.4. The number of features or MI threshold 

were estimated by a nested cross validation procedure in the training set as described in 2.2.2 

using for the ensemble of GNB this classifier as learning machine and for the ensemble of kNN, 

kNN classifier as learning machine. For comparisons purposes the results for the single GNB 

and kNN classifiers are also shown. The classifier combination was made in five different ways 

as described in 2.1.4.  

3 .4 .2.1 Mapping Experiment 

In Table 3.8 the single class and overall accuracies for both the single classifiers and 

ensembles of classifiers are shown for Number estimation method. The same result is 

presented in Table 3.9 for the Threshold Estimation method. In Figure 3.13 the box-and-

whiskers diagrams of the classification accuracy for the single and ensemble of classifier, with 

classifier combination made by Comb 2, using as feature selection method Threshold 

Estimation method are shown.  
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Table 3.8 Classification accuracy by class, for the Mapping Experiment, for single and 

ensemble of GNB and kNN for using the Number Estimation method 

Accuracy (%) Q1 Q2 Q3 Q4 Overall 

GNB 99.22 100 97.66 97.66 98.63 

Ensemble of GNB Comb 1 100 100 97.65 96.09 98.44 

Ensemble of GNB Comb 2 100 100 96.88 98.44 98.83 

Ensemble of GNB Comb 3 100 100 95.33 94.53 97.46 

Ensemble of GNB Comb 4 100 100 96.88 98.44 98.83 

Ensemble of GNB Comb 5 92.97 96.09 89.06 96.09 93.55 

kNN 99.22 100 99.22 99.22 99.41 

Ensemble of kNN Comb 1 99.22 95.31 94.53 96.09 96.29 

Ensemble of kNN Comb 2 99.22 97.65 99.22 98.44 98.63 

Ensemble of kNN Comb 3 99.22 96.88 100 96.09 98.04 

Ensemble of kNN Comb 4 99.22 97.65 99.2188 98.63 98.63 

Ensemble of kNN Comb 5 99.22 98.44 99.22 96.88 98.44 

 The maximum values are shown in Bold.    

 

Table 3.9 Classification accuracy by class, for the Mapping Experiment, for single and 

ensemble of GNB and kNN using the Threshold Estimation method 

Accuracy (%) Q1 Q2 Q3 Q4 Overall 

GNB 99.22 100 96.88 96.88 98.24 

Ensemble of GNB Comb 1 99.22 100 96.09 96.09 97.85 

Ensemble of GNB Comb 2 99.22 100 96.88 98.44 98.63 

Ensemble of GNB Comb 3 99.22 100 94.53 94.53 97.07 

Ensemble of GNB Comb 4 99.22 100 96.88 98.44 98.63 

Ensemble of GNB Comb 5 96.09 94.53 89.84 94.53 93.75 

kNN 99.22 99.22 100 99.22 99.41 

Ensemble of kNN Comb 1 98.44 96.88 93.75 95.31 96.09 

Ensemble of kNN Comb 2 99.22 99.22 100 99.22 99.41 

Ensemble of kNN Comb 3 99.22 96.88 100 95.31 97.85 

Ensemble of kNN Comb 4 99.22 99.22 98.44 95.31 99.04 

Ensemble of kNN Comb 5 98.44 96.88 98.44 97.65 97.85 

The maximum values are shown in Bold.    

As was already found the classification accuracy for the Mapping Experiment is very close 

to the 100% and prevents solid comparisons between methods. However is important to stress 

that for both the Number Estimation and Threshold Estimation methods the GNB classifier is 

outperformed by the ensemble of classifier with classifier combination made by Comb 2 and 

Comb 4 methods. And for the Threshold Estimation method the ensemble of classifiers using 

the Comb 2 method performs as good as the single kNN, the best performing classification 

method for the Mapping Experiment. The most successful combination methods for this data set 

are combination by median and mean, methods that take advantage of the information from all 

the classifiers and therefore from all the classes.  
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Figure 3.26 Box-and-whisker diagrams for the Mapping Experiment classification accuracy 

with single and ensemble of GNB and kNN; with classifier combination Comb 2. Using the 

Threshold Estimation feature selection method. 

In Figure 3.27, Figure 3.28, Figure 3.29 and Figure 3.30 the voxels corresponding to the 

features selected by Number Estimation and Threshold Estimation feature selection methods 

using GNB and kNN as learning machines are represented .The number of features selected for 

each class and for the single classifier for both estimation methods and classifiers are shown in 

Table 3.10 and Table 3.11. 

FG  

Figure 3.27 Voxels corresponding to the features selected by Number Estimation method using 

GNB as learning machine for the Mapping Experiment data set. Q1 (blue), Q2 (red), Q3 (green) and 

Q4 (yellow).  
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Figure 3.28 Voxels corresponding to the features selected by Number Estimation method using 

kNN as learning machine for the Mapping Experiment data set. Q1 (blue), Q2 (red), Q3 (green) and 

Q4 (yellow). 

 

Figure 3.29 Voxels corresponding to the features selected by Threshold Estimation method 

using GNB as learning machine for the Mapping Experiment data set. Q1 (blue), Q2 (red), Q3 

(green) and Q4 (yellow). 

 

Figure 3.30 Voxels corresponding to the features selected by Threshold Estimation method 

using kNN as learning machine for the Mapping Experiment data set. Q1 (blue), Q2 (red), Q3 (green) 

and Q4 (yellow).  
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Table 3.10 Mean number of features selected for each class for single and ensemble of GNB 

and kNN using the Number Estimation method. 

Number of features Q1 Q2 Q3 Q4 

GNB 390 

Ensemble of GNB 2024 875 446 576 

kNN 305 

Ensemble of kNN 778 775 765 413 

 

Table 3.11 Mean number of features selected for each class for single and ensemble of GNB 

and kNN using the Threshold Estimation method. 

Number of features Q1 Q2 Q3 Q4 

GNB 593 

Ensemble of GNB 435 426 314 340 

kNN 498 

Ensemble of kNN 322 426 315 340 

The features selected are as expected in the primary visual cortex and although the 

superposition between features selected for different classes, the retinotopic organization of this 

structure is very clear. With the stimuli corresponding to Q1, blue, mainly located in the top left 

quadrant, Q2, red, in the top right quadrant, Q3, green, in the bottom right quadrant and Q4, 

yellow, in the bottom left quadrant. 

The number of features dependence of the classification accuracy for the Mapping 

Experiment as a little variations; however for the Threshold Estimation method the number of 

selected features for class is very close to the maximum found in the tested number of features 

values (300). The GNB classifier for both all the considered feature selection methods selects 

more features than kNN.  

3 .4 .2.2 Localizer Experiment 1 

Following the same organization as in the previous section the results for overall and class 

accuracy for the Localizer Experiment for single and ensemble of kNN and GNB are presented 

in the Table 3.12 and Table 3.13 for the Number Estimation and Threshold Estimation methods 

respectively.   

Table 3.12 Classification accuracy by class, for the Localizer Experiment 1, for single and 

ensemble of GNB and kNN using the Number Estimation method 

Accuracy (%) Faces Houses Objects Scramble Mean 

GNB 86.25 75.00 58.75 81.25 75.31 

Ensemble of GNB Comb 1 88.75 81.25 57.50 85.00 78.13 

Ensemble of GNB Comb 2 87.50 73.75 55.00 85.00 75.31 

Ensemble of GNB Comb 3 90.00 81.25 45.00 67.50 70.94 

Ensemble of GNB Comb 4 87.50 72.50 55.00 85.00 75.00 

Ensemble of GNB Comb 5 86.25 71.25 61.25 83.75 75.63 

kNN 83.75 76.25 73.75 80.00 78.44 
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Ensemble of kNN Comb 1 83.75 68.75 83.75 88.75 81.25 

Ensemble of kNN Comb 2 83.75 71.25 82.50 86.25 80.94 

Ensemble of kNN Comb 3 85.00 70.00 73.75 90.00 79.69 

Ensemble of kNN Comb 4 83.75 73.75 85.00 87.5 82.50 

Ensemble of kNN Comb 5 85.00 66.25 87.50 92.5 82.81 

The maximum values are shown in Bold.    

 

Table 3.13 Classification accuracy by class, for the Localizer Experiment 1, for single and 

ensemble of GNB and kNN using the Threshold Estimation method 

Accuracy (%) Faces Houses Objects Scramble Mean 

GNB 85.00 75.00 57.50 81.25 74.69 

Ensemble of GNB Comb 1 87.50 80.00 62,50 82.50 78.13 

Ensemble of GNB Comb 2 87.50 70.00 57.50 85.00 75.00 

Ensemble of GNB Comb 3 86.50 76.25 50.00 66.25 69.69 

Ensemble of GNB Comb 4 87.50 70.00 57.50 85.00 75.00 

Ensemble of GNB Comb 5 92.50 71.25 65.00 75.00 75.94 

kNN 85.00 76.25 78.75 77.50 79.38 

Ensemble of kNN Comb 1 86.25 72.50 85.00 92.40 84.06 

Ensemble of kNN Comb 2 86.25 68.75 77.50 90.00 80.63 

Ensemble of kNN Comb 3 86.25. 67.50 75.00 88.75 79.38 

Ensemble of kNN Comb 4 87.50 61.25 73.75 86.25 77.19 

Ensemble of kNN Comb 5 82.50 75.00 75.00 92.50 81.25 

The maximum values are shown in Bold.    

The best performing classification method is the ensemble of kNN with Comb 1 as classifier 

combination method using the Threshold Estimation method for feature selection (84.06%).  

For the Number Estimation method the best performing method is the ensemble of kNN 

with combination Comb 5 (82.81%). The single GNB classifier is outperformed by the ensemble 

for the classifier combinations Comb 1 (2.82%) and Comb 5 (0.32%). In what concerns kNN the 

single classifier was outperformed by all the classifier combination methods, with maximum for 

the classifier combination Comb 5 (4.37%). The single class accuracy is somehow erratic, 

however the class accuracy for the class Faces has the same or better values from single to the 

ensemble of classifier. 

The Threshold Estimation feature selection method presents the overall maximum of 

accuracy (84.06%) for the ensemble of kNN with classifier combination Comb 1. For the kNN 

the single classifier is outperformed by all methods expect Comb 4 and Comb 3 that perform as 

good as the single. It is also observable a decrease in single class accuracy from the single to 

the ensemble of classifiers for the class House and the inverse for both Faces and Scramble. In 

what concerns GNB the single classifier is outperformed by the ensemble for all the 

combination methods except Comb 3. The maximum difference occurs for the classifier 

combination Comb 1 (3.44%). The class Faces has an increase in accuracy for all the classifier 

combination methods in relation to the single classifier. The overall best performing combination 

method is the Comb 1. 
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In Figure 3.31 the box-and-whiskers diagrams for the classification accuracy of single 

classifier and ensemble of classifiers, using combination Comb 1, for the Threshold Estimation 

feature selection method are shown. 

 

Figure 3.31 Box-and-whisker diagrams for the Localizer Experiment 1 classification accuracy 

with single and ensemble of GNB and kNN; with classifier combination Comb 1. Using the 

Threshold Estimation feature selection method. 

The voxels corresponding to the features selected for all the four methods of feature 

selection for the ensemble of classifiers are shown in Figure 3.32 (Number Estimation using 

GNB as learning machine), Figure 3.33 (Number Estimation using kNN as learning machine), 

Figure 3.34 (Threshold Estimation using GNB as learning machine) and Figure 3.35 (Threshold 

Estimation using kNN as learning machine).  In Table 3.14 and Table 3.15 the number of 

features selected for the ensemble of classifiers and single classifier for both Number 

Estimation and Threshold Estimation feature selection methods are represented.  

Table 3.14 Mean number of features selected for each class for single and ensemble of GNB 

and kNN for the Localizer Experiment 1 using the Number Estimation method. 

Number of features Faces Houses Objects Scramble 

GNB 5390 

Ensemble of GNB 104 65 4010 1621 

kNN 2930 

Ensemble of kNN 99 2997 1512 713 

Table 3.15 Mean number of features selected for each class for single and ensemble of GNB 

and kNN for the Localizer Experiment 1 using Threshold Estimation method. 

Number of features Faces Houses Objects Scramble 

GNB 7623 

Ensemble of GNB 120 76 69 616 

kNN 3738 

Ensemble of kNN 141 345 170 370 
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Figure 3.32 Voxels corresponding to the features selected by Number Estimation method using 

GNB as learning machine for the Localizer Experiment 1 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow). 

 

Figure 3.33 Voxels corresponding to the features selected by Number Estimation method using 

kNN as learning machine for the Localizer Experiment 1 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow). 

 

Figure 3.34 Voxels corresponding to the features selected by Threshold Estimation method 

using GNB as learning machine for the Localizer Experiment 1 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow). 
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Figure 3.35 Voxels corresponding to the features selected by Threshold Estimation method 

using kNN as learning machine for the Localizer Experiment 1 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow). 

As in the Mapping Experiment, the features selected, are in accordance with the expected. 

The feature distributions for each class resemble the brain inner structures known to be 

activated in each one of cognitive states derived from the presented stimulus. The number of 

features chosen by the automatic method is much closer to the for the Threshold Estimation 

than for the Number Estimation method. The number of features selected for the class Faces is 

very close for all the methods, indeed this class is the only that never decreases accuracy from 

the single to the ensemble of classifiers suggesting that this is a well defined and constant zone. 

A contra example is what happens for the classes Objects and Houses using the Number 

Estimation feature selection method for GNB and kNN respectively. The number of features is 

clearly not well estimated as the features overlap a great amount of structures and so the class 

accuracy for both cases decreases from the single to the ensemble of classifiers.   

3 .4 .2.3 Localizer Experiment 2 

 The results for the last dataset, Localizer Experiment 2 are shown in Table 3.16 and 

Table 3.17 for the Number Estimation and Threshold Estimation feature selection methods. 

Table 3.16 Classification accuracy by class, for the Localizer Experiment 2, for single and 

ensemble of GNB and kNN using the Number Estimation method 

Accuracy (%) Faces Houses Objects Scramble Overall 

GNB 83.33    55.56 61.11 72.22 68.06 

Ensemble of GNB Comb 1 86.11 55.56 69.44 75.00 71.53 

Ensemble of GNB Comb 2 80.56 61.11 83.33 72.22 74.31 

Ensemble of GNB Comb 3 88.89 69.44 69.44 50.00 69.44 

Ensemble of GNB Comb 4 80.56 61.11 83.33 72.22 74.31 

Ensemble of GNB Comb 5 77.78 50.00 72.22 72.22 68.06 

kNN 77.78    75.00 47.22 66.67 66.67 

Ensemble of kNN Comb 1 83.33 69.44 69.44 77.78 75.00 

Ensemble of kNN Comb 2 72.22 86.11 61.11 61.11 70.14 

Ensemble of kNN Comb 3 75.00 80.56 61.11 61.11 69.44 
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Ensemble of kNN Comb 4 69.44 86.11 61.11 58.33 68.75 

Ensemble of kNN Comb 5 61.11 72.22 47.22 80.56 65.28 

The maximum values are shown in Bold.    

 

Table 3.17 Classification accuracy by class, for the Localizer Experiment 2, for single and 

ensemble of GNB and kNN for Threshold Estimation method 

Accuracy (%) Faces Houses Objects Scramble Overall 

GNB 83.33    58.33 75.00 69.44 71.53 

Ensemble of GNB Comb 1 91.67 61.11 61.11 80.56 73.61 

Ensemble of GNB Comb 2 80.56 52.79 69.44 66.67 67.36 

Ensemble of GNB Comb 3 80.56 55.56 61.11 55.56 63.19 

Ensemble of GNB Comb 4 80.56 52.78 69.44 66.67 67.36 

Ensemble of GNB Comb 5 69.44 47.22 69.44 72.22 64.58 

kNN 80.33 58.33 75.00 69.44 71.53 

Ensemble of kNN Comb 1 88.89 61.11 80.51 86.11 79.17 

Ensemble of kNN Comb 2 77.78 83.33 66.67 72.22 75.00 

Ensemble of kNN Comb 3 75.00 72.22 66.67 58.33 68.06 

Ensemble of kNN Comb 4 69.44 86.11 66.67 72.22 73.61 

Ensemble of kNN Comb 5 72.22 80.56 72.22 77.78 75.69 

The maximum values are shown in Bold.    

The overall best performing method of classification for this data set is, as in the previous, 

the ensemble of kNN with classifier combination Comb 1 using the Threshold Estimation 

method (79.17%).  

For the Number Estimation feature selection method the single GNB is outperformed by the 

ensemble of GNB for all the combination methods except for Comb 5 that performs equally well. 

The maximum difference is achieved for the classifier combination Comb 2 and Comb 4 

(6.25%). For the kNN classifier the ensemble accuracy surpasses the single for all classifier 

combination methods except for Comb 5 that performs worst. The best classifier combination 

method is in this case Comb 1 surpassing the single classifier by 8.33%. In overall is these 

classifier combinations approach the one that yields the best results.  

For the Threshold Estimation feature selection method the single GNB is only outperformed  

by the classifiers combination Comb1 (2.08%). Regarding kNN, the single classifier is 

outperformed by the ensemble for all the combination methods except for Comb 3. The best 

combination method in this case is Comb 1 surpassing the overall single classifier accuracy by 

7.64% and is also observed improvement for all the single class accuracy.  

 In Figure 3.21 the box-and-whiskers diagrams of the classification accuracy for 

Threshold Estimation method for both single and ensemble of GNB and kNN, with classifier 

combination Comb 1 are shown.  
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Figure 3.36 Box-and-whisker diagrams for the Localizer Experiment 2 classification accuracy 

with single and ensemble of GNB and kNN; with classifier combination Comb 1. Using the 

Threshold Estimation feature selection method. 

 In Figure 3.37, Figure 3.38, Figure 3.39 and Figure 3.40 the features selected by the 

Number Estimation and Threshold Estimation feature selection method using GNB and kNN as 

feature selection method are shown.  The numbers of features selected by all the considered 

classification methods are shown in Table 3.18 and Table 3.19 for the Number Estimation and 

Threshold Estimation methods respectively.  

Table 3.18 Mean number of features selected for each class for single and ensemble of GNB 

and kNN for the Localizer Experiment 2 using the Number Estimation method. 

Number of features Faces Houses Objects Scramble 

GNB 5724 

Ensemble of GNB 129 7363 2730 4123 

kNN 1379 

Ensemble of kNN 481 156 3077 953 

 

Table 3.19 Mean number of features selected for each class for single and ensemble of GNB 

and kNN for the Localizer Experiment 2 using the Threshold Estimation method. 

Number of features Faces Houses Objects Scramble 

GNB 16820 

Ensemble of GNB 238 155 344 1031 

kNN 1200 

Ensemble of kNN 345 17 357 1194 
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Figure 3.37 Voxels corresponding to the features selected by Number Estimation method using 

GNB as learning machine for the Localizer Experiment 2 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow).

 

Figure 3.38 Voxels corresponding to the features selected by Number Estimation method using 

kNN as learning machine for the Localizer Experiment 2 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow). 
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Figure 3.39 Voxels corresponding to the features selected by Threshold Estimation method 

using GNB as learning machine for the Localizer Experiment 2 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow). 

 

Figure 3.40 Voxels corresponding to the features selected by Threshold Estimation method 

using kNN as learning machine for the Localizer Experiment 2 data set. Faces (blue), Houses (red), 

Objects (green) and Scramble (yellow). 

 

The selected features are, as for the Localizer Experiment 1, in agreement with the 

expected; however although the increase of resolution there was not observed an increase in 

the number of selected features. In concordance with the observed in Localizer Experiment 1 

the Threshold Estimation feature selection method performed best in classification accuracy as 

well as in the pattern recognition.  
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3.5 Multivariate Feature Selection Method 

 In this section the results for the multivariate feature selection method proposed in 

section 2.2.2.2 Multivariate Feature Selection Methodare presented. As in the previous sections 

the results are divided for the three data sets. The proposed multivariate method implies the use 

of a learning machine, the results for the GNB classifier were obtain using GNB as learning 

machine and the results for kNN use this classifier as learning machine. SVM classifier was not 

used as learning machine to the high computational costs. Therefore the best result between 

the features selected by kNN and GNB was assumed for SVM. The results for the best 

automatic univariate single classifier method for each case are presented for comparison 

purposes. 

3.5.1 Mapping Experiment 

In Figure 3.41 the box-and-whisker diagrams for the classification accuracies obtain for the 

Mapping Experiment data set for the multivariate feature selection method as well as the best 

univariate single classifier method are presented. Table 3.20 shows the accuracy for this 

method in comparison with the best performing single classifier univariate method.  

Table 3.20 Classification accuracy for the multivariate and the best univariate method for the 

Mapping Experiment for SVM, GNB and kNN 

Accuracy (%) SVM GNB kNN 

Multivariate 99.02   97.85   98.24 

best Single 99.41 98.63 99.41 

The maximum values are shown in Bold.    

 

 

Figure 3.41 Box-and-whisker diagrams for the classification accuracy using the multivariate 

feature selection method and the best single classifier univariate method for the Mapping 

Experiment for SVM, GNB and kNN 
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 In Figure 3.42 and Figure 3.43 the voxels corresponding to the features selected by the 

multivariate feature selection method for both GNB and kNN as learning machines are 

represented. 

Bronco  

Figure 3.42 Voxels corresponding to the feature selected by the multivariate feature selection 

method for the Mapping Experiment using GNB as learning machine 

 

Figure 3.43 Voxels corresponding to the feature selected by the multivariate feature selection 

method for the Mapping Experiment using kNN as learning machine 

 

 The features selected by the method are localized in the primary visual cortex area in a 

compact shape and in a geometric fashion as a consequence of the method. 

3.5.2 Localizer Experiment 1 

 The classification accuracy for the Localizer Experiment 1 data set using the 

multivariate feature selection method and the best single classifier univariate method are shown 

in Table 3.21 As complement the box-and-whisker diagrams for the classification accuracy of 

the multivariate feature selection method and best single classifier univariate method are 

presented in the Figure 3.44. 
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Table 3.21 Classification accuracy for the multivariate feature selection method  and the best 

single classifier univariate method for the Localizer Experiment 1 for SVM, GNB and kNN 

Accuracy (%) SVM GNB kNN 

Multivariate 90.31 75.63 79.06 

best Univariate 93.44 75.21 79.38 

The maximum values are shown in Bold.    

 

Figure 3.44 Box-and-whisker diagrams for the classification accuracy using the multivariate 

feature selection method and the best single classifier univariate method for the Localizer 

Experiment 1 for SVM, GNB and kNN 

 

 The best performing classifier for the multivariate feature selection method is, has 

expected SVM, although it performs worst when compared with the univariate feature selection 

method. In what concerns GNB performance improves for the multivariate feature selection 

method the first by 0.42% and for the kNN classifier the results for the multivariate method is 

worst (0.22%). 

 



59 
 

Figure 3.45 Voxels corresponding to the feature selected by the multivariate feature selection 

method for the Localizer Experiment 1 using GNB as learning machine  

 

Figure 3.46 Voxels corresponding to the feature selected by the multivariate feature selection 

method for the Localizer Experiment 1 using kNN as learning machine 

In Figure 3.45 and Figure 3.46 the voxels corresponding to the feature selected by the 

multivariate method for GNB and kNN as learning machines are showed.  

The feature selected show spatial distribution as expected, in the visual cortex, but in the 

more medial location coincident with the active regions induced by the stimulus presented in 

this experiment.  

3.5.3 Localizer Experiment 2 

 The classification accuracy for the multivariate feature selection method against the 

best single classifier univariate method are shown in the Table 3.22 and as accessory, in Figure 

3.47 the correspondent box-and-whisker diagrams are represented. 

Table 3.22 Classification accuracy for the multivariate and the best univariate method for the 

Localizer Experiment 2 for SVM, GNB and kNN 

Accuracy (%) SVM GNB kNN 

Multivariate 81.94    71.53    73.61 

best Univariate 82.64 71.53 71.53 

The maximum values are shown in Bold.    

 The best performing classifier for the multivariate feature selection method is SVM 

(81.94%), but is outperformed by the best univariate method (0.7%). For the GNB classifier the 

performance is the same for the multivariate and the best univariate method, for the kNN 

classifier is observed an increase in accuracy by 2.08%. However it is important to refer that the 

value presented for kNN was obtain using the features selected by the method using GNB as 

learning machine.   

   

 



60 
 

 

Figure 3.47 Box-and-whisker diagrams for the classification accuracy using the multivariate 

feature selection method and the best single classifier univariate method for the Localizer 

Experiment 2 for SVM, GNB and kNN 

In Figure 3.48 and Figure 3.49 the voxels corresponding to the features selected for the 

multivariate feature selection method with GNB and kNN as learning machines are represented. 

 

 

Figure 3.48 Voxels corresponding to the feature selected by the multivariate feature selection 

method for the Localizer Experiment 2 using GNB as learning machine 
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Figure 3.49 Voxels corresponding to the feature selected by the multivariate feature selection 

method for the Localizer Experiment 2 using kNN as learning machine 

 

 The features selected by the multivariate feature selection method are localized in the 

expected active regions. However the relative number of features is very small and, as 

consequence of the method, localized in a compact cubic form. This effect is more accentuated 

to the kNN classifier. 
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Chapter  Four  

Discussion 

The primary goal of this study was to decode the cognitive state given an fMRI brain 

activation pattern and the secondary goal was the analysis of the selected patterns and their 

impact in the classification accuracy. These points will be discussed in this Chapter, in terms of 

the results obtained for all methods and experiments investigated, including the presentation of 

some limitations of the study as well as suggestions for further developments. 

4.1 Feature Extraction 

The feature extraction step of block image combination was one of the tested steps of the 

classification pipeline procedure. Four different methods were used: the mean, the central 

image, a Gaussian window and a custom window. The mean is the most established method 

and overall it was outperformed by both the Gaussian and the Custom window. The results for 

the central image reflect the noise properties of the analysed data. For the first data set, 

Mapping Experiment the use of the central image performs better than the mean for both GNB 

and SVM and is almost as good as the Gaussian window and the Custom window. For the 

Localizer Experiment 1 and Localizer Experiment 2 the central image has by far the worst 

performance, this may be due to the fact that all the other methods use some kind of averaging, 

which is bound to reducing the noise inherent to the MRI signal. This effect is less important for 

the Mapping Experiment due to the high quality of the data and has growing importance for the 

Localizer Experiment 1 and Localizer Experiment 2 accompanying the increase of resolution 

and magnetic power. The same effect is also responsible for the worst performance of kNN, in 

the Localizers experiments when compared with GNB and SVM. The Gaussian window and the 

Custom window have close performance for all data sets with advantage to the Custom window. 

Although the Custom window is simply a mean of the block without the first image, it performs 

much better than the mean. The Gaussian window gives little weight to the images on the 

edges and also outperforms the mean method. The reunion of this facts with the known 

characteristics of the BOLD signal, as explicit in section 1.2, indicate that the first image is not 

an asset for feature construction as it corresponds to a transition image between two different 

cognitive states. The difference in performance from the Gaussian window to the Custom 

window are related with the fact that custom window uses more information from the latter 

images in the block. Since the studied stimulus have little or none physiological habituation in 

the considered TR this images have a priori information about the cognitive state. An alternative 

to the used methods of block image combination is the use of the convolution of the HRF with 

the paradigm for each block to create the expected haemodynamic response for each image. 
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4. 2 Feature Scoring  

Mutual Information was the main criterion for feature ranking in this study, although the 

uncommon use of this metric for fMRI data analysis with machine learning algorithms it was 

successfully applied in this study. The result is not unexpected as the broad use of this metric in 

other machine learning problems has been proved fruitful. The voxels selected with this 

technique are in the same interest regions as the ones selected by accuracy and search light 

algorithm accuracy. Mutual Information main advantage is the computational cost when 

compared with the search light and accuracy.  

 

4. 3 Single Classifier and Ensemble of classifiers 

In this study both single classifier and ensemble of classifiers were tested. Three different 

classifiers were used in the single classifier approach, GNB, kNN and SVM. For the ensemble 

of classifier approach only two classifiers were used, GNB and kNN. The SVM was not used 

due to the complexity of the classifier and the different implementation process. The underlying 

idea for the ensemble of classifiers is to specialize a classifier in each of the classes 

corresponding to a different cognitive state and then combine them. Five different ways of 

combination were tested as described in 2.1.4.  

In order to have an overview of the behaviour of the classification accuracy as a function of 

the number of features for both single classifier and ensemble of classifiers, several numbers of 

features were tested. The classifier combination method used was Comb 1. The results shown 

in Figure 3.7 suggest that the ensemble of classifiers performs best for all the data sets 

especially with a small number of features. More the maximum of classification accuracy was 

always achieved for both Localizers data sets for the ensemble of classifiers. 

The previous results motivated a single class study of the classification accuracy across the 

same different numbers of feature. For the Mapping Experiment there are no significant 

changes in classification accuracy neither for different number of features or between classes. 

This is a consequence of the ceiling effect that affects this data set and the close size of the 

brain structures involved in the tested cognitive states. For the Localizers Experiments there are 

differences between classes classification accuracy across the considered range of number of 

features. Each class has a different maximum in accuracy as a consequence of the different 

size of the active regions for this kind of experiment.  

The utilization of a threshold in mutual information regards the possibility of each classifier 

in the ensemble to choose a different number of features. The same exploratory procedure 

used for the number of features was performed for the MI threshold. As expected the ensemble 

of classifiers is again the best performing classification method confirming the results obtain 

with the different fixed number of features. The confirmation to this hypothesis is shown in 

Figure 3.10 where the number of features is represented as function of the MI threshold. For the 

Localizers Experiments the MI as a great class variability, with Faces and Scramble with a much 

more number of features selected that Houses and Objects. The rapidly number of features 
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decreasing with the increase of the MI threshold is notorious suggesting that the used scoring 

criterion give great importance to a small set of features that better define the stimulus or class.     

Driven by the previous results a method that could automatically decide the number of 

features or threshold in mutual information to use was implemented.  

The single classifiers considered in this study, SVM, GNB and kNN are well documented in 

literature and is unanimous that SVM is the best performing from this set. However SVM is also 

the one with higher computational cost. For the Localizer 1 and Localizer 2 datasets the 

advantage is very clear outperforming greatly both kNN and GNB.  In what the concerns the 

Mapping Experiment such is not observed with kNN performing as well as SVM closely followed 

by GNB. The results for this data set are very satisfactory; the accuracy is near the 100%. 

Although the results are in concordance with the main goal of the study they prevent 

comparisons between methods due to the ceiling effect of the high classification accuracy.  

The classification accuracies for all the three data sets using the automatic estimation 

methods are near the maximum found in the exploratory studies for both the Number Estimation 

and Threshold Estimation feature selection methods. However the estimations are not 

completely coincident with the maximum accuracy. The patterns found by all the considered 

feature selection method for the Mapping Experiment are localized in the primary visual cortex 

as expected and have a great degree of overlap with Figure 1.1. For the Localizer Experiment 1 

and Localizer Experiment 2 the overlap is not so perfect; in Figure 1.2, Figure 1.3 and  Figure 

1.4 are shown small precise zones, while from Figure 3.17 to Figure 3.20 and from Figure 3.22 

to Figure 3.24 are represented the same brain structures and its surroundings. The differences 

reside in the fact that in this approach the question asked is not if the signal has good 

correlation with the paradigm, but if the signal has any information about the paradigm. So by 

the blurring spatial properties of BOLD signal a greater number of voxels has information about 

the paradigm hence more features are selected. 

The automatic or data driven approach used for the single classifier was also applied to the 

ensemble of classifiers. For each class a threshold in MI or a number of features were 

estimated. For the Mapping Experiment data set the ceiling effects prevents good comparisons 

however it is important to stress that the single classifiers, GNB and kNN, are , in case of kNN 

equally performed and, in the case of GNB outperformed by a classifier combination method. 

The method of classification that performs best for this data set is Comb 2, the mean, closely 

followed by Comb 4, the median, suggesting that all the four classifiers in the ensemble have 

information about the four different classes. The features selected represented in the Figure 

3.27 until Figure 3.30 give support to this hypothesis as there is a relatively large overlap among 

the regions chosen for each stimulus. Although the overlap is still possible to assess the 

retinotopic organization of the primary visual cortex, as the classes Q1 and Q4 are more 

represented in the left side and Q2 and Q3 on the right side. The features selected for classes 

Q1 and Q2 are localized in upper slices while Q3 and Q4 in lower slices, in concordance with 

Figure 1.1.  
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The results for the Localizers Experiment 1 data set shows improvement in classification 

accuracy from the single to the ensemble of classifiers. The best performing classifier 

combination method was the Comb 1. In overall the Number Estimation feature selection 

method performed worst than Threshold Estimation method. However for both methods and for 

both classifiers the classification accuracy improved in relation to the exploratory approach, 

suggesting that the optimization process for each classifier is indeed a correct procedure. The 

feature selected for both the feature selection methods and classifier used as learning machines 

shows great similarity with the expected activated areas represented in Figure 1.2, Figure 1.3 

and Figure 1.4. However for the Number Estimation feature selection method the class Houses 

for the kNN and the class Objects for GNB have very large number of features not in 

concordance with the expected from Figure 3.8, providing a hint of the reason why this feature 

selection method performs worst than the Threshold Estimation method. Moreover for the 

Number estimation feature selection method the class Houses for the kNN classifier has an 

overall decrease from the single classifier to the ensemble of classifiers and the same is 

observed for the class Objects for the GNB classifier. 

The results for the Localizer Experiment 2 are very close to the ones found for the Localizer 

Experiment 1. The best performing classifier combination method is the Comb 1; although the 

ensemble of classifiers outperformed the single classifier for both Number Estimation and 

Threshold Estimation feature selection methods the results for the ensemble are not as close to 

the maximum of the exploratory method as for the Localizer Experiment 1. The pattern founds 

are in concordance with the expected, however the small number of features selected difficult 

the region visualization and definition. 

The difference in the results from the Localizer Experiment 1 and Localizer Experiment 2 

are due can be explained by the differences in the SNR for the data sets and the great 

difference in the number of training examples; Localizer Experiment 1 has more than the double 

of the examples that Localizer Experiment 2. Although the increase of magnetic field is 

accompanied by an increase of the SNR the increase of resolution has the reverse effect.  

The automatic number of features and MI threshold estimation methods although the 

greedy and very inchoate approach performed in a satisfactory way especially for the Localizer 

Experiment 1 data set; however further development and more advanced search techniques are 

necessary to achieved the expected results. The better performance of the Threshold 

Estimation method for the ensemble of classifiers feature selection is related with the better 

resolution of the method in the small number of features. The Number Estimation method 

divides the number of features in equally spaced intervals, giving the same importance to the 

smaller number of features and the larger number of features. The results presented in Figure 

3.8 show that for the ensemble of classifiers, the better accuracies are obtain for the small 

number of features, as each region can be defined by relatively small number of features.  

The best performing classifier combination method for the Localizers Experiments was 

Comb 1. This method considers only for each class the support given by the classifier 

specialized in that class. Although the good results and the logic of the approach it would be 
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desirable to improve the classifier combination method Comb 5, in order to obtain an automatic, 

data driven, decision profile. This method determines a weight for each position of the decision 

profile. Hence each classifier is optimized for a single class; the method represents the support 

given for each class as a linear combination of all the classifiers and consequently all classes. 

This classifier combination method would have great advantages in the pattern recognition 

process as more complex interactions between different brain regions could be observed.   

As a final remark in the ensemble of classifiers subject, it would be interesting the utilization 

of other types of classifiers besides kNN and GNB to assess the validity of the hypothesis. 

However the two classifiers used have very different formulations giving a good support to the 

hypothesis of an ensemble of classifiers have advantages in relation to the single classifier 

approach especially when distinct brain regions are involved in the process.      

4.4 Multivariate Feature Selection Method 

In the first dataset the already mentioned ceiling effect prevents a good comparison of the 

methods; however the results obtain by the multivariate feature selection method are very close 

to the ones obtained by the best single classifier univariate method. For the Localizer 

Experiment 1 the multivariate feature selection method performs best for GNB but worst for 

SVM and kNN while for the Localizer Experiment 2 the multivariate method performs worst for 

SVM but equals the best single classifier univariate method for GNB and outperforms the latter 

for kNN. The worst performance of SVM for all the datasets are probably related with the fact 

that this classifier was not the one used in the process of feature selection and so the selected 

regions are optimized to GNB or kNN and not for SVM.  

The results for kNN are greatly influenced by the characteristics of this classifier. The kNN 

classifier is not suitable for a very small number of features as single errors in one feature can 

lead to misclassification. For the Localizer Experiment 2 dataset this fact is even more important 

as it is the noisiest of the datasets. Moreover the better result for the kNN classifier for this 

dataset was obtained using the features selected for GNB and not for kNN.  

The method can only construct parallelepiped, this geometric constrain may be somehow 

abusive has usually brain structures don‟t have this particular shape. The modification of the 

geometric constrains of the method could increase the classification accuracy. The utilization of 

SVM in the process of feature selection would be important to assess the algorithm utility. 

However this was not done in this study due to the high computational cost. The introduction of 

this results in this study although the expected lesser performance are important to realized that 

different classifiers have different profiles and as consequence the classification methods have 

to be optimized for each classifier. 
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4.5 Conclusion 

The main goal of this study was to detect cognitive states from a brain activation pattern this 

goal was achieved, as the classification accuracy for all the methods was, superior to the 

expected classification accuracy for the random classifier. The box-and-whiskers diagrams 

show that, despite the inter-subject variability the classifiers are indeed learning and have 

predictive power. The features selected show good agreement with the expected activated 

zones. The classifier combination results suggest that an ensemble of classifiers can improve 

classification accuracy, while playing an important role in pattern localization and 

characterization. The automatic estimation method represents an attempt to reduce the 

requirement for prior knowledge of the problem with satisfactory results. The multivariate feature 

selection method proposed is very simple but is showed advantages in some contexts and thus 

could lead to a more accurate classification with further development. 
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