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Evaluation of patients with disorder of consciousness (DOC) is conducted 

prevalently with bedside assessment. However, this approach has been known to 

produce misdiagnosis. Recent studies propose neuroimaging as a new diagnostic tool, 

potentially leading to the implementation of a more robust methodology to classify the 

patients depending on their brain activations, as minimally conscious status (MCS) or 

persistent vegetative state (PVS). 

A hierarchical protocol has been suggested for functional neuroimaging studies 

(Owen et al., 2005), progressing sequentially from the simplest form of brain processing 

to more complex cognitive functions. It was also demonstrated that pattern classification 

of brain signals in different behavioral tasks could enable DOC patients to use a binary 

fMRI-BCI (Boly et al., 2007). 

In light of the above, our study aimed to take this approach to a next step, by 

trying to assess new methodologies to classify the patients in the different clinical DOC 

categories, as minimally conscious status (MCS) or persistent vegetative state (PVS), 

by using functional Magnetic Resonance Imaging (fMRI) in a battery of experiments on 
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intentional control, language competence, working memory, emotions and pain 

sensation. 

During this project, the MANAS 4 toolbox was implemented based on a revised 

version of a previously developed toolbox (Rana et al., 2013) for fMRI data 

classification. The toolbox used multivariate Support Vector Machine (SVM), and 

conducted a sub-study to assess the performances of different preprocessing steps 

(Tanabe et al., 2002) and feature selection algorithms, namely, Fisher Scoring (Gu, Li, 

& Han, 2012b), Fisher Scoring with Searchlight and Effect Mapping (Lee et al., 2010) 

using a motor task fMRI dataset (Rana et al., 2013). The toolbox allows a high degree 

of customization through configuration files, letting the researcher to focus on the 

analysis of the data, rather than the building of the processing.  

In the subsequent stages of this project, the MANAS 4 toolbox was used to 

analyze activations in a Classical Conditioning Paradigm with Emotional Sounds, to 

evaluate the possibility of a future implementation of an fMRI-BCI for communication in 

Alzheimer patients, by showing an overall good prediction of the conditioned stimuli. 
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CHAPTER 1 
INTRODUCTION 

Men ought to know that from nothing else but the brain come joys, 
delights, laughter and sports, and sorrows, griefs, despondency, and 
lamentations. And by this, in an especial manner, we acquire wisdom and 
knowledge, and see and hear, and know what are foul and what are fair, 
what are bad and what are good, what are sweet, and what unsavory; 
some we discriminate by habit, and some we perceive by their utility. By 
this we distinguish objects of relish and disrelish, according to the 
seasons; and the same things do not always please us. And by the same 
organ we become mad and delirious, and fears and terrors assail us, 
some by night, and some by day, and dreams and untimely wanderings, 
and cares that are not suitable, and ignorance of present circumstances, 
desuetude, and unskillfulness. […] Since, then, the brain, as being the 
primary seat of sense and of the spirits, perceives whatever occurs in the 
body, if any change more powerful than usual take place in the air, owing 
to the seasons, the brain becomes changed by the state of the air. For, on 
this account, the brain first perceives, because, I say, all the most acute, 
most powerful, and most deadly diseases, and those which are most 
difficult to be understood by the inexperienced, fall upon the brain.  

(Hippocrates, 400 BC). 

The term “consciousness” has been the concern of philosophical and scientific 

studies during a large part of human history. It may seem surprising that there has 

rather been slow progress in the development of methods to assess it or to evaluate its 

implications. Although the question “what is consciousness” may seem to have an 

obvious answer, we still find ourselves not being able to give a tangible one. It may be 

beyond our conceptual grasp, even in the future (McGinn, 1993). The Cartesian division 

of body and mind still survives in our culture and in the Scientific World, including 

Neurology and Psychiatry, while there is the need of a bridge between these two fields 

though they are apparently focused towards the same goal. From the point of view of a 

Neurologist it is intriguing how the number of parallel processors available in our brain, 

which are the neurons, are able to give rise to self-consciousness, and that is a similar 
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wonder to all the Artificial Intelligence Field. It is beautifully expressed in this passage 

from Monadology:  

Supposing that there were a mechanism so constructed as to think, feel 
and have perception, we might enter it as into a mill. And this granted, we 
should only find on visiting it, pieces which push one against another, but 
never anything by which to explain a perception. 

(Leibniz, 1714). 

While Leibnitz associated consciousness with perception, he believed that 

mechanistic theories by themselves could not explain how the system gave rise to 

consciousness. Many humans share the same intuition (Young & Wijdicks, 2008), but 

they cannot infer its source. 

Consciousness derives from the Latin word “conscio”, that can be translated to 

“with knowledge”, meaning sharing knowledge with someone or, metaphorically, 

themselves. Only later it took the current meaning, being profoundly influenced by 

culture, religion and philosophical history. 

“Being conscious” can be seen clinically with different key senses, as 

consciousness as the waking state, the ability to perceive and interact with the external 

world, and consciousness as awareness, the feeling of being conscious of something, 

aware of being awake and being able to process both external inputs and internal self-

reflection, leading to a sense of self, being self-conscious of our existence. 

While it seems evident and easy to demonstrate when consciousness is present, 

it is not easy to demonstrate the opposite, the concept of the unconscious process and 

where resides a threshold to define when we are truly conscious of a perception. 

Studies shows that conscious and unconscious processes cannot be dissociated 

(Peremen & Lamy, 2014) by their time course but there are different theories on the 
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relation between them and what they “output” fact the implication of the vision are the 

most apparent, as the Unconscious Thought Theory and The Rule Principle 

(Dijksterhuis & Nordgren, 2006; Claxton, 2000; Chrabaszcz & Dougherty, 2012). 

The state of consciousness can be affected by different causes, traumatic or not, 

but they all lead to Disorders of Consciousness (DOC). One of the most known DOC is 

the Vegetative State, a possible state after coma, a condition where the patient 

becomes extremely unresponsive, not manifesting voluntary movement, behavior and 

even normal reflexes. 

The evaluation of robust markers for DOC in severely brain damaged patients is 

challenging. The current methodology is relying heavily on bedside assessment, an 

approach that has been known to produce misdiagnosis up to 40% (Andrews et al., 

1996; Schnakers et al., 2009; Childs & Mercer, 1996). 

Various studies (Stender et al., 2014; Sleigh & Warnaby, 2014) aimed to use 

neuroimaging to diagnose the patient status. It has been suggested that functional 

imaging studies should be conducted hierarchically (Owen et al., 2005), beginning with 

the simplest form of processing within a particular domain and increase gradually the 

grade of cognitive function requested to process the proposed tasks. It has been shown 

(Boly et al., 2007) that pattern classification of brain activations could allow DOC 

patients to communicate with binary responses (yes-no). 

In light of the above, our study aimed to take this approach to a next step, by 

trying to assess new methods to classify the patients in the different clinical DOC 

categories, as minimally conscious status (MCS) or persistent vegetative state (PVS).  

We apply functional Magnetic Resonance Imaging (fMRI) in a battery of experiments 
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testing intentional control, language competence, working memory, emotions and pain 

sensation. 

Another condition that can be classified as moderate DOC is dementia, that is 

characterized by a cognitive impairment (Liberati et al., 2012). The use of Brain 

Computer Interface (BCI) in patients in this condition is seriously limited because of 

need for an active cognitive task required for the control of a BCI, as in,Alzheimer’s 

disease (AD) which is a form of dementia.  

However, AD Patients were shown to be still able to process emotions and 

perform emotion recognition (Luzzi et al., 2007). Hence Liberati et al. proposed a novel 

method to avoid the issue of cognitive impairment in AD patients, by using classical 

condition within an emotion-based fMRI BCI. The study first tested the performance of 

the method in healthy subjects, by applying a semantic double conditioning paradigm 

(congruent and incongruent word-pairs) using emotional sounds (positive and negative) 

to condition a binary response (affirmative or negative) to allow a basic BCI 

communication. The main aim in this paradigm was to assess the discrimination 

performance between congruent and incongruent word-pairs after conditioning. 

During the analysis of the above dataset in this, I have implemented MANAS 4, a 

revised version of a previously developed toolbox (Rana et al., 2013) for fMRI data 

classification with multivariate Support Vector Machine (SVM), and conducted a sub-

study to assess the performances of different preprocessing steps (Tanabe et al., 2002) 

and different feature selection algorithms, namely, Fisher Scoring (Gu, Li, & Han, 

2012a), Fisher Scoring with Searchlight (Pereira, Mitchell, & Botvinick, 2009) and Effect 

Mapping (Lee et al., 2010). 
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MANAS 4 is a tool to perform batch-processing of data, needing only the 

preparation of JavaScript Object Notation (JSON) configuration files, called “run scripts”, 

and allowing a high degree of customization, letting the researcher to focus on the 

analysis of the data, rather than the building of the processing. 

The robustness of the tools implemented in the toolbox were tested on a 

previously published fMRI dataset (Rana et al., 2013), which was collected during a 

motor execution paradigm. 
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CHAPTER 2 
BACKGROUND 

Real-time Functional Magnetic Resonance Imaging 

Conventional Magnetic Resonance Imaging (MRI) has been a slow imaging 

modality with an underlying tradeoff between acquisition speed and signal-to-noise ratio 

(SNR) (Cohen, 2001). The physical reason is that MR signal derives from the translation 

of the magnetization of a sample to a radio signal during a phase defined as recovery. 

The recovery has a consistent delay being necessary to return the samples to a low 

energy state, limiting the possibility of a fast acquisition.  

The signal detected is the Blood Oxygenation Dependent (BOLD) response, 

representing the change in blood flow and oxygenation that correlates with neural 

activity. It is based on the notion that an active brain region consumes more oxygen, 

hence there should be an increased blood flow to satisfy the consumption (Kwong et al., 

1992; Ogawa et al., 1992). It has an unavoidable delay in the presentation of the effect 

of the activation. 

This methodology allows to non-invasively record brain activity. Numerous 

technical advancements allowed a substantial reduction in acquisition time, enabling a 

real-time functional MRI (rtfMRI) approach. The most important speed advancement 

was brought by the development of the Echo-planar Imaging (EPI) technique, capable 

of imaging the entire brain within 1-2 s. With this temporal resolution, fMRI can 

accurately follow the time course of brain activation. 

In conventional fMRI experiments the image reconstruction can be executed after 

the experiment has been completed (offline). The real-time fMRI instead, on which 

fMRI-Brain Computer Interface (fMRI-BCI) is based, requires the reconstruction of a 
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volume after every acquisition of the MR signal (online) within the experiment, every 

Repetition Time (TR). 

Many factors have influence on both signal acquisition and real-time performance 

of fMRI: static magnetic field (B0) intensity, spatial resolution, temporal resolution, echo 

time and magnetic field inhomogeneities.  

It has to be considered that the increase of spatial resolution decreases the SNR 

and increases the acquisition time, therefore there will be a compromise between 

spatial and temporal resolution. 

Commonly in an fMRI-BCI experiment a 64x64 image matrix, for each slice in a 

volume, is acquired, resulting in an in-plane resolution of 3-4 mm, while it is used a slice 

thickness of 5 mm, resulting typically in 36-40 slices for each volume. Considering that 

online reconstruction and processing are performed, the use of spatial filtering improves 

SNR and compensating for head-motion and improving analysis of inter-subject 

variability (Weiskopf et al., 2004). 

Decoding Mental State  

Recent improvements in neuroimaging and analysis techniques (e.g. multivariate 

pattern classification) have suggested that it is possible to decode a “mental state” of a 

single individual based only on non-invasive measurement of brain activity with 

functional MRI (Haynes & Rees, 2006). A mental state can be decoded from fMRI 

signals with a multivariate pattern classification, as it was used in this work, by 

discriminating between patterns of activation clusters in the brain or by using a 

predefined Regions of Interest (ROIs) (e.g. insula for emotional experiments). The aim 

to decode mental states is to obtain an understanding of the human brain mechanisms 
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in connection with different behaviors, and to enable more complex setup as the 

implementation of fMRI BCIs. 

These methodologies have been applied in studies of visual perception showing 

that perceptual variation can be dynamically decoded during binocular rivalry in focused 

regions of the early visual cortex, using trained pattern of responses related to each 

monocular perception. The same approach was extended to different categories of 

brain states as emotions (Sitaram et al., 2011), distinguishing between 4 different 

emotions elicited, during the presentation of emotional pictures from the (IAPS) (Lang et 

al., 2008), with 75% average accuracy. 

Hence, it seems feasible that the implementation of an fMRI BCI approach would 

allow people with impairments to learn volitional self-regulation of the BOLD signal. 

Classical conditioning approaches can even be used to allow classification without 

having a conscious response (Liberati et al., 2012). 

Pattern Classification 

Prediction of mental states from brain activity is one of the major aims in fMRI 

studies, by finding patterns of activations to classify between different conditions, 

allowing discrimination between a set of expected behaviors. Such as approach would 

enable clinical treatment of problems such as the assessment of affect in people who 

cannot communicate well, such as patients of dementia and DOC. 

Pattern-based methods use machine learning techniques such as Multilayer 

Artificial Neural Network (MANN) or Support Vector Machines (SVM) to discriminate 

spatial, temporal and spectral patterns in a system with a multivariate approach, aiming 

to find discriminative patterns in a group of features in each instance of the considered 

dataset. These methodologies have been successfully used in different Computer 
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Science problems such as face recognition, image recognition, and speech recognition 

(Jain, Duin, & Mao, 2000). Machine learning techniques used in pattern classification 

can be grouped mainly as supervised techniques, when the class of each instance is 

known and available to train the classifier, and unsupervised techniques, when the 

grouping and the class of each instance is not available and they have to be inferred 

from the data. The growth of computational power and the advancements in machine 

learning applications have enabled the use of such methodologies with neuroimaging 

data, characterized by large datasets of high resolution brain scans at several time-

points. 

The classification can be conducted with a univariate approach, which considers 

each voxel as an independent channel/feature even if brain activity was recorded from a 

consistent number of locations simultaneously, or a multivariate approach, which 

considers voxels as features, allowing to access an inherently higher information 

content.  

Because univariate approaches are tailored to detect statistically significant brain 

activations, they however ignore subthreshold activations and hence are unable to 

detect physiologically relevant changes in the brain. On the otherhand, a multivariate 

approach is based on the insight that multiple spatially distributed locations have a 

synergic role during a task (Lee et al., 2010). For these reasons the multivariate 

approach is growing in popularity in the scientific community (Haynes & Rees, 2005; 

Jimura & Poldrack, 2012). Interestingly a multivariate pattern classification approach 

can also be used as an objective criterion to evaluate the importance of different 

Regions of Interest (ROI) in a given task. This analysis can be simply executed by 
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considering different groups of ROIs and comparing the classification performances in 

decoding the desired task (Haynes et al., 2007). Pattern Classification can be used not 

only for discriminations between different task-related activations, but also to assess the 

consistency of brain activation across tasks, sessions or subjects and track temporal 

transitions of mental states. Multivariate Pattern Classification has been successfully 

used in several fMRI studies, including unconscious determinants of free decisions 

(Soon, Brass, Heinze, & Haynes, 2008), visual processing (Kamitani & Tong, 2005), 

and emotions (Mourão-Miranda, Friston, & Brammer, 2007), and fMRI-BCI (Sitaram et 

al., 2011). 

This work focused on the use of SVM, one of the most widely used methods for 

classification of fMRI signals, due to its ability to deal with a high-dimensional dataset 

with its relative robustness against the curse of dimensionality (LaConte, 2005; 

Mahmoudi, 2012). 

Support Vector Machines 

SVM is a supervised learning method used for binary classification and 

regression. It is preferable to use linear SVM to provide a parsimonious mapping 

between the brain locations (voxels) and the feature weights obtained after training the 

SVM. A linear SVM will find a separating hyperplane in an M-dimensional space, where 

M is the number of features/voxels, using the information contained in the labeling 

(supervised method). Optimal separation of the instances is achieved by maximization 

of the margin solving a quadratic optimization problem. The margin is the distance 

between the separating hyperplane and the input vectors (i.e. support vectors) closest 

to it (Schlkopf & Smola, 2001; Schölkopf, Burges, & Smola, 1998; Vapnik, 2000). 
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A common approach to evaluate the classification training results is to display the 

weight values at each voxel, and thus generating functional maps that show the most 

discriminating voxels related to a task. Lee and colleagues (2010) proposed an 

improved method defined as Effect Mapping that includes the information content of the 

Support Vectors, using the Mutual Information between the raw values and the related 

predicted values, into the computation of a functional map. Commonly SVM analysis 

requires each volume to be remapped to a 1-dimensional vector by considering it as a 

single instance, while the BOLD signal in each voxel is considered as a feature. 

Classification is implemented as follows, considering 𝑁 instances (input vectors) 

𝒙𝑖 with determined labels 𝐿: 

𝐿𝑖 = 𝑠𝑔𝑛(𝑦𝑖 = 𝒘𝑇𝑥𝑖 + 𝑏) (2-1) 

𝐿𝑖 ∈ {±1} (possible values of the labels)  

𝑖 = 1, … , 𝑁 (N: number of input vectors)  

Where the weight vector 𝒘 and the constant value 𝑏, estimated by the SVM 

training algorithm from the training dataset, define a linear decision boundary, 𝑠𝑔𝑛() is a 

sign function, 𝑠𝑔𝑛(𝑥) = +1, 0, −1 𝑖𝑓 𝑥 > 0, 𝑥 = 0, 𝑥 < 0 respectively. The single label 𝐿𝑖 

can assume value 1 or -1, depending on which condition of interest they belong (e.g. +1 

for hand movement, -1 for resting condition). The training of a classifier involves finding 

the hyperplane 𝑦 = 𝒘𝑇𝒙 + 𝑏 = 0 that best separates the training instances (input 

vectors) in the feature space.  

The classical method is the hard margin SVM (Vapnik & Lerner, 1963), which 

assumes that the dataset is linearly separable (Figure 2-1), therefore every instance 

must be correctly separated (reassigned to its real class). A less strict alternative is the 
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soft margin SVM that allows some points to misclassified with the introduction of a slack 

variable, although it penalizes these points accordingly (Cortes & Vapnik, 1995). This 

method is preferable in neuroimaging studies, where the data is unlikely to be perfectly 

separable given the underlying noise and behaviors. 

The weight vector 𝒘, in the linear case, is obtained by maximizing the margin in 

Eq.(2-2): 

𝑚𝑎𝑟𝑔𝑖𝑛 =
2

‖𝒘‖2
 (2-2) 

with constraint Eq.(2-3) 

𝐿𝐷
𝑖 (𝒘𝑇𝒙𝑖 + 𝑏) ≥ 1 (2-3) 

This equals to solve the minimization problem inverting Eq.(2-2), described by 

the Eq.(2-4) introducing also the soft margin:  

min ( 
1

2
 𝒘𝑇𝒘 + 𝐶 ∑ 𝜀𝑖

𝑁

𝑖=1

) (2-4) 

with constraints Eqs. (2-5) and (2-6): 

𝐿𝐷
𝑖 (𝒘𝑇𝒙𝑖 + 𝑏) ≥ 1 − 𝜀𝑖, (2-5) 

𝜀𝑖 ≥ 0 (2-6) 

Where 𝜀𝑖 is the slack variable, 𝐶 (cost parameter) is the weight on the slack variable, 

that denotes the extent to which misclassification is allowed. 

Eqs. (2-4), (2-5), (2-6) can be rewritten in the Euler-Lagrange form using Lagrange 

multipliers, described in Eq.(2-7): 

𝒘 = ∑ ∝𝑖

𝑁

𝑖=1

𝐿𝐷
𝑖 𝒙𝑖 (2-7) 
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Where ∝𝑖 is the Lagrange multiplier assuming non-zero values when the corresponding 

input vector (instance) 𝒙𝑖 is a Support Vector, zero otherwise. 

Disorders of Consciousness 

Disorders of Consciousness (DOC) are medical conditions resulting from 

interference with either or both cyclical wakefulness and awareness of self (Bernat, 

2006). There are different conditions in DOC, derived from different causes, traumatic or 

not. A Moderate DOC example is delirium and dementia, characterized by a cognitive 

impairment (Liberati et al., 2012), but commonly they are not included in the DOC 

categories. 

The first phase of DOC is the coma (Figure 2-2), characterized by the absence of 

arousal and consciousness (Laureys et al., 2004). It is a state where the patient is 

unresponsive and stimulation cannot elicit spontaneous periods of wakefulness and 

eye-opening. Patients who survive usually recover within 2-4 weeks but in some cases 

the recovery does not progress further from the vegetative state or minimally conscious 

state. 

The Vegetative State (VS) is a condition that can be chronic and irreversible, 

defined as Persistent Vegetative State (PVS), or acute and reversible, defined as 

Minimally Conscious State (MCS). In the VS the patient has no awareness of self and 

the environment (B. Jennett & Plum, 1972; von Wild, Laureys, Gerstenbrand, Dolce, & 

Onose, 2012) and is incapable of interacting with others, even when the state 

characterized by the presence of sleep-wake cycles. Patients continue to have 

preserved autonomic functions including autonomous breathing and intact reflexes. The 

state can mislead diagnosis by the wakefulness and non-purposeful movement that 
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might lead doctors to think that the patient is conscious even if they are not. Patients 

can occasionally perform complex behaviors such as shedding tears, grunting, 

screaming, smiling without a discernible reason (Zeman, 1997). The problem underlying 

a possible misdiagnosis is the evaluation of the presence of unambiguous sign of 

conscious perception or voluntary action. This evidence need to be assessed with a 

prolonged observation of the patient behavior. 

An acute case is Minimally Conscious State where the patient shows evidence of 

awareness with poor but existent responsiveness to external stimuli. Even if in both VS 

and MCS cases the patient is partially responsive, the MCS state maintains measurable 

evidence of awareness whereas the VS state does not. MCS patients also can present 

purposeful movements (relevant to the context) and simplified gestural or verbal 

communication to cognitive task (Bernat, 2006; McQuillen, 1991). 

A Vegetative State is defined as Persistent Vegetative State (PVS) when the 

patient remains in the VS condition more than 1 month after acute traumatic or non-

traumatic brain damage. The patient can still revert from that state to a less chronic 

state. PVS can lead to Permanent Vegetative State which is considered as an 

irreversible state. A VS is defined as permanent in non-traumatic cases after 3 month, in 

traumatic cases after 12 months (The Multi-Society Task Force on Persistent Vegetative 

State, 1994a, 1994b). Guidelines for such cases are less reliable with non-traumatic 

origins, in cases when it is hard to predict a possible recovery (Menon et al., 1998). The 

inability of communication in most of these medical conditions is also cause of ethical 

concerns for treatment decisions that may include removal of life support (Bryan 

Jennett, 2002).  
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Another permanent stage that need to be mentioned is Brain Death, which can 

be the final phase of the DOC conditions. Its clinical assessment is commonly based on 

the evaluation of the loss of all the brainstem reflexes and continuous loss of 

autonomous functions, such as breathing (Medical Consultants on the Diagnosis of 

Death, 1981). Brain Death is usually considered equal to the death of the individual, 

although there are differences in the diagnosis criteria in each country. Studies are 

currently conducted to make such classification and diagnosis more uniform (Haupt & 

Rudolf, 1999; M. Smith, 2012). 

Bedside Assessment 

In the diagnosis of DOC cases, one needs to carefully assess any evidence of 

awareness and consciousness to avoid any misclassification, as treatment for different 

classification will differ substantially. Different standardized scales are recommended in 

clinical practice (American Congress of Rehabilitation Medicine et al., 2010), such as 

the largely used Glasgow Coma Scale and Coma Recovery Scale-Revised (CRS-R), 

where the latter is considered to be more robust and discriminative. All these methods 

require systematic examinations to discriminate responses to stimuli between voluntary 

or contextual and pure reflexes. Repeated assessment is important given the swift 

changes in arousal level in each DOC subject. This is also important to decrease the 

high rate of misdiagnosis (averagely 40%) caused by the complex condition and lack of 

clear models (Andrews et al., 1996; Childs et al., 1993). 

Classical Conditioning 

Classical Conditioning is a learning mechanism elicited through association 

between a conditioned stimulus (CS) and an unconditioned stimulus (US). It was 

discovered by the Russian physiologist Ivan Pavlov (Pavlov & Anrep, 2003) leading to 
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its great influence in the field of psychology, specifically known by the name 

behaviorism. Behaviorism supposes that learning occurs through interaction with the 

environment and consequently the latter influences the behavior.  

In classical conditioning, the US is a stimulus that evokes automatically a 

response, defined as Unconditioned Response (UR), while the CS is a stimulus that is 

considered neutral. The CS does not evoke a response before the pairing. After being 

associated with an US, it will trigger a Conditioned Response (CR) if the conditioning 

took place in the subject. Obtaining CR is the aim of the methodology. CR is a learned 

response that will be unlearned with time or other techniques.  

A classic example is that of the Pavlovian dog which was administered food as 

US and light flashes was used as CS, bringing the dog to associate the UR (salivation in 

presence of food) with the presentation of a light stimulus (Medin et al., 2004). Different 

procedures were implemented to reflect different protocol designs such as Forward 

Conditioning, where CS precedes US and usually is considered faster, and Backward 

Conditioning, where US precedes CS (Chang et al., 2004). In this work it was used 

Forward Conditioning, specifically Trace Conditioning, where the US is presented after 

the CS ending such that they do not overlap.  

A Classical Conditioning procedure can be divided into three phases. The 

Habituation Phase is when CS and US are presented unpaired to avoid eliciting any 

shift of attention to a particular stimulus caused by the novelty of the sound in the 

subject environment, leading to diminished response over time (Figure 2-3 A, B). 

Acquisition Phase is when the learning takes root in the subject over time (CR acquired) 

coming to evoke the Conditioned Response (Figure 2-3 C). The procedure commonly 
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consist in repeated pairings of CS and US until the CS evokes the CR. Presenting CS 

without US will gradually elicit CR to a lesser extent. This phase is defined as Extinction, 

underlying the gradual loss of CR. Over time with an unpaired CS, the subject will revert 

to a pre-learning behavior (Figure 2-3 D). 
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Figure 2-1. Linearly separable data, binary case. 

 
 

 

Figure 2-2. Hierarchy of the different states in Disorders of Consciousness. The 
Minimally Conscious State have higher probability of recovery, compared to 
Vegetative State and Permanent Vegetative State.
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Figure 2-3. The 4 phases of Classical Conditioning in the Pavlovian dog experiment. 
Before the conditioning (habituation phase), A) an unconditioned stimulus (the 
food) is presented, B) an conditioned stimulus (the ringing bell) is presented. 
C) during conditioning (acquisition) both conditioned and unconditioned 
stimulus are presented. D) after conditioning (extinction) only the conditioned 
stimulus is presented that should elicit the same arousal as the unconditioned 
stimulus. 
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CHAPTER 3 
MATERIALS AND METHODS 

Overview 

This chapter describes the methods applied for the analysis and implementation 

of pattern classification (explained in CHAPTER 6) of the fMRI datasets (described in 

CHAPTER 4 and CHAPTER 5). CHAPTER 4 will focus on assessing the feasibility of an 

fMRI-BCI based on emotional cues. CHAPTER 5 will focus on hierarchical studies to 

assess Disorders of Consciousness. CHAPTER 6 will provide details of the 

implementation of the MANAS 4 toolbox used in all the analyses. CHAPTER 7 will 

assess the performance of our approach on a pre-existing and validated fMRI dataset of 

overt motor execution. 

Preprocessing of fMRI Datasets 

An important step to consider before statistical analysis of fMRI images is the 

preprocessing of the raw data composed of raw volumes of fMRI data. The 

preprocessing in this work was performed using SPM8 (Wellcome Department of 

Imaging Neuroscience, London) and MANAS 4 toolbox. 

The preprocessing pipeline of the MANAS 4 toolbox is composed of standard 

procedures of fMRI signal preprocessing, namely, Realignment, Slice Timing correction, 

Skull stripping, Coregistration, Segmentation of brain tissue, Normalization on a 

Talairich Brain (Talairach & Tournoux, 1988) or a Montreal Neurological Institute (MNI) 

brain template (Evans, Collins, & Milner, 1992; Evans et al., 1993).  

There are 2 main causes for a general temporal trend in an fMRI task, subject-

BOLD dependent and machine dependent. The keyword detrending represents the set 

of methods applied to compensate for these effects. Although temporal filtering is 
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advised, there is discrepancy in the literature regarding which filtering method would be 

the best to not alter irreversibly the information content, considering that the data has 

usually a low temporal resolution (TR ~2.38-3.14). 

A first evaluation of the effect of an underlying trend in the signal can be 

performed by the looking at the shape of the autocorrelation function. If the fMRI time-

series has an underlying linear trend, it will be easily seen with a visual inspection of the 

autocorrelation plot (Figure 3-1, Figure 3-2). 

There are mainly 2 methods for detrending the fMRI signal: estimation of the 

trend with polynomial fitting (used in this work) or high pass filtering (above 0.01 Hz) 

(Friman et al., 2004). In the case of polynomial fitting, used in this work (Figure 3-3), 

often the detrending step is reduced to the removal of the mean or a linear estimation of 

the signal, not being able to estimate properly the distortions introduced by non-linear 

detrending. In this work time series outliers were reduced in amplitude using a moving 

average approach, considering a predefined number of nearby points. This approach 

was selected to remove temporal distortion in the BOLD signal due to movement artifact 

that is usually not completely removed and to avoid decreased sensitivity in z-

normalization. 

Z-normalization is considered a necessary step in machine learning analysis to 

avoid dimensional bias, caused by non-physiologically relevant variation in the BOLD 

amplitude, such as local blood-flow variations and signal amplitude differences due to 

the distance from the receiver coil of the MRI. It is described by: 

𝒛 =
𝒙 − 𝜇

𝜎
 (3-1) 
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where 𝑧 is the normalized signal, 𝑥 is the raw signal, 𝜇 and 𝜎 are respectively the mean 

and the standard deviation of the raw signal. 

Feature Selection Algorithms 

Machine learning approaches, in general, and SVM, in particular, suffer from the 

“curse of dimensionality” (Morgenthaler, 1962). However, SVM is usually quite robust 

against this problem. Although, it is possible to compensate the “curse” with the cost 

parameter (Mahmoudi, Brovelli, 2012) it is always preferable to reduce the number of 

features/voxels while increasing the number of folds in the cross-validation step. 

Feature Selection algorithms are used to reduce the dimensionality, but their use has to 

be compliant with the experiment requirements.  

A common need in Neuroscience experiments is the possibility to remap the 

brain activations on the brain-space (patient or normalized brain). Therefore, any 

transformation of the feature set in another space has to take into consideration the 

availability of the inverse procedure to correctly remap the extracted features. In this 

work different approaches for feature selection algorithms were evaluated, namely, 

Fisher Scoring (Gu et al., 2012b), Fisher Scoring with Searchlight (Pereira et al., 2009) 

and Effect Mapping (Lee et al., 2010), to assess their robustness and possibility to be 

used in other fMRI analysis. 

Fisher Scoring 

Fisher Scoring is a univariate method which aims to find features that have the 

maximum distance between samples of different classes (𝜎𝑏𝑒𝑡𝑤𝑒𝑒𝑛
2 ) but minimum 

distance between samples of the same class (𝜎𝑤𝑖𝑡ℎ𝑖𝑛
2 ) (R.O. Duda, P.E. Hart, & D.G. 
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Stork, 2007). Being a univariate approach, each voxel is considered as an individual 

channel. 

The Fisher score is defined as (for a single channel in a binary case): 

𝑆 =
𝜎𝑏𝑒𝑡𝑤𝑒𝑒𝑛

2

𝜎𝑤𝑖𝑡ℎ𝑖𝑛
2 =

(𝑤1𝜇𝑦=1 − 𝑤2𝜇𝑦=2)
2

𝑤1𝜎𝑦=1
2 + 𝑤2𝜎𝑦=2

2  (3-2) 

Where 𝑆 is the score of a single channel, 𝑦 is the label assumed or 1 or 2 (binary 

case), 𝑤1 and 𝑤2 are the weights for each class, commonly equal to the number of 

items in the class, 𝜇𝑦=1 and 𝜇𝑦=2 are the mean of each class, 𝜎𝑦=1
2  and 𝜎𝑦=2

2  are the 

variance of each class. 

Fisher Scoring with Searchlight (FSSL) 

Fisher Scoring with Searchlight is a method that extends Fisher Scoring, partially 

avoiding its intrinsic univariate characteristic. It was developed specifically for fMRI 

analysis (Kriegeskorte & Bandettini, 2007; Etzel, Zacks, & Braver, 2013), with a 

multivariate approach that measures information content in a small subset of the 3D 

volume (typically with a spherical kernel) using classical Fisher Scoring. Its common 

implementation is as a wrapper for Fisher Scoring by considering the sum of nearby 

Fisher scores within a spatial kernel. 

Effect Mapping 

 Developed in the laboratory of Dr. Sitaram (Lee et al., 2010, 2011; Sitaram et al 

2010), it is a method to interpret in a more consistent manner the output of a trained 

SVM classifier. Effect value in each voxel is obtained by multiplying the SVM weight 

value in the voxel with the Mutual Information (MI) between the BOLD time-series in the 

voxel and the overall output of the trained SVM, as described in Eq. (3-3): 
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𝐸𝑘 = 𝑤𝑘𝐼(𝑥𝑘; 𝑦) (3-3) 

𝑘: the voxel, 𝑘 = 1, … , 𝑀 (with 𝑀 number of voxels) 

where 𝐸𝑘 is the Effect Map value for the voxel 𝑘, 𝑤𝑘 is the weight vector estimated with 

SVM training, 𝐼 is the normalized MI.
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Figure 3-1. Example of autocorrelation of the averaged BOLD time-series before 
detrending without z-normalization. 

 
Figure 3-2. Example of autocorrelation of the averaged BOLD time-series after 

detrending without z-normalization. 
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Figure 3-3. Time-series of averaged BOLD before detrending (blue) and after 

detrending (red) without applying z-normalization.The trend is superimposed 
on  the raw time-series data (black). 
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CHAPTER 4 
CONDITIONING WITH EMOTIONAL SOUNDS: TOWARDS AN FMRI-BCI 

Overview 

As a first step to enable basic communication through a brain-computer interface 

(BCI) in cognitively impaired patients, the possibility to condition two distinct brain 

responses, namely affirmative and negative, using a semantic classical conditioning 

paradigm in an fMRI setting was here investigated. Subjects were presented with 

congruent and incongruent word-pairs as CS, which were paired with an emotionally 

pleasant (baby-laughter) or unpleasant (scream) sound as US, in order to elicit 

emotional CR. For the feature selection two different approaches were used: Fisher 

Scoring and Effect Mapping. In all the three different phases (early acquisition, late 

acquisition, extinction) higher activations in the Insula, Amygdala and Hippocampus 

were found. Difference in affirmative and negative brain responses was detected as an 

effect of conditioning for the incongruent word-pairs, opening the possibility for using 

this paradigm in a binary choice BCI for communication in patients of brain disorders. 

Methods 

Participants and Acquisition 

Ten right-handed, native German speaking, healthy individuals (6 males, 6 

females), ranging in age from 21 to 28 (mean age = 25.3, SD = 1.77 years), participated 

in this study. All participants gave written informed consent prior to participation in the 

fMRI experiment. The study was approved by the Ethics Committee of the Medical 

Faculty of the University of Tübingen and was performed in compliance with the Code of 

Ethics of the World Medical Association (Declaration of Helsinki). 
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The experiment was performed using a Siemens AG (Erlangen, Germany) 3T 

Trio MRI scanner. Functional T2*-weighted images were acquired with a standard 12-

channels head coil, in transversal orientation (TR = 1.5 s, TE = 30 ms, flip angle = 70°, 

matrix 64 x 64, voxel size = 3.3 x 3.3 x 5.0 mm3, 16 slices) covering the whole brain. 

The first 10 volumes of every block were discarded to permit equilibrium. 

Stimuli 

The stimuli consisted of 300 German word-pairs, half of them congruent (e.g. 

“Obst-Apfel”, “Fruit-Apple”) and the other half incongruent (e.g. “Obst-Hund”, “Fruit-

Dog”). Each word-pair was formed by a superordinate category and a subordinate 

object, and congruence was given by the belonging of the object to the category. The 

categories that were used were Animals, Countries, Fruit, Furniture, Sports, Clothing, 

Instruments, Drinks, Crockery, and Jobs. The word-pairs were recorded from a native 

German speaker. The duration of each word-pair was 1.5 s. The negative and 

affirmative responses to the word-pairs constituted the conditioned stimuli (CS). The 

unconditioned stimuli (US) were two standardized emotional sounds drawn from the 

International Affective Digitized Sounds (Bradley & Lang, 2007):a pleasant emotional 

stimulus (a baby-laughter) and an unpleasant emotional stimulus (a scream). The 

duration of each US was also 1.5 s. Participants heard all auditory stimuli through MRI-

compatible headphones with efficient gradient noise suppression (up to 45 dB) and a 

filter system with more than 90 dB RF-suppression (MR Confon Audio System, Leibniz-

Institute for Neurobiology at Magdeburg, Germany). 

Experimental Paradigm 

The paradigm consisted of a single session divided into six blocks, as shown in 

Figure 4-1. In the first block, defined as habituation phase, 25 incongruent word-pairs 
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(CS1), 25 congruent word-pairs (CS2), 25 unpleasant emotional stimuli (scream, US1) 

and 25 pleasant emotional stimuli (laughter, US2) were presented to the subject in a 

random order. The inter-stimulus interval (ISI) was also randomized to optimize design 

efficiency, and could last for 6, 7.5, or 9 s.  

The habituation phase served to evaluate the activations relative to each type of 

stimulus individually, before their association in the conditioning process. In the second 

and third blocks, which were identically structured and constituted the early acquisition 

phase, 25 incongruent word-pairs (CS1) and 25 congruent word-pairs (CS2) were 

randomly presented. Each word-pair was immediately followed by an US: scream (US1) 

after incongruent word-pairs and laughter (US2) after congruent word-pairs. Also in the 

fourth and fifth block (late acquisition phase), 25 CS1 and 25 CS2 were presented. In 

the fourth block, only 10 CS1 and 10 CS2 were paired (40% of the word-pairs were 

followed by the appropriate US) with US1 and US2, respectively. In the fifth block, only 

5 CS1 and 5 CS2 were paired (20%). In the sixth and final block (extinction block), none 

of the 50 word-pairs were followed by an US. The gradual diminution of the percentage 

of word-pairs followed by emotional stimulation served to verify whether the conditioning 

had taken place, meaning that congruent and incongruent word-pairs could be 

discriminated thanks to their association to the emotional sounds, even when the 

emotional sounds were not present anymore. 

Behavioral Measures 

At the end of the first block (habituation) and fifth block (end of acquisition) the 

subjects were instructed to use the Self-Assessment Manikin (Bradley & Lang, 1994) to 

rate the valence (pleasantness/unpleasantness) and the arousal related to the two 

emotional US (scream and laughter. The aim was to evaluate the habituation rate 
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throughout the measurement. The SAM comprises two 9-point scales, ranging from 

‘pleasant’ to ‘unpleasant’ and from ‘not arousing at all’ to ‘very arousing’, respectively. 

Analysis 

Data were preprocessed using Statistical Parametric Mapping (SPM8, Wellcome 

Department of Imaging Neuroscience, London, UK) and analyzed with MANAS 4 run on 

Matlab R2013b (Mathworks, Inc., Sherborn, MA, USA). Images of each subject were 

realigned and unwarped to correct for head movement, and were normalized to a 

standard Echo-Planar Imaging (EPI) template in Montreal Neurological Institute (MNI) 

space. Spatial smoothing was applied using a Gaussian kernel with full width at half-

maximum of 9 mm. Before proceeding with statistical analyses, the data were 

detrended with a linear polynomial regressor. Noisy features (voxels) were excluded 

based on variance, with outlier removal. The data were then z-normalized with respect 

to time. 

The tasks were grouped by type and were analyzed separately, (2nd and 3rd 

Blocks, 4th and 5th Blocks, 6 Block). The 3rd and the 4th image were included for all 

the sessions. A whole brain mask from the digital atlas of the Automatic Anatomical 

Labeling (AAL) (Tzourio-Mazoyer et al., 2002) was used to discard voxels outside from 

an MNI brain. 

To investigate brain activations and select the most important features for the 

classification, two supervised methods for feature selection were used (separately), 

namely, Fisher Scoring with Search Light (Kriegeskorte & Bandettini, 2007) and Effect 

Mapping (Lee et al., 2010). Both were executed with a 10-fold cross-validation. 

The feature selection with FSSL was executed considering a 3x3x3 spherical 

kernel, choosing the 2000 most important features (highest score). 
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The feature selection with Effect Mapping was executed by choosing the most 

important features with a cutoff threshold of 20% of the normalized range of all the 

scoring. Threshold was chosen after an optimization step based on classification 

performance and visual inspection (noise in the functional-mapping). 

Both feature selection methods resulted in feature maps that were quantitatively 

and qualitatively analyzed, by inspecting the most active and discriminating areas. The 

feature maps were used as masks during classification, to include only the most 

important features (voxels) from the images in the dataset. 

Thereafter, classification was executed with a linear SVM, using LibSVM (C. C. 

Chang & Lin, 2011), with a 10-fold cross-validation. Each group was analyzed 

separately. 

Results 

Behavioral Data - SAM Ratings 

A two-sample t-test indicated that participants rated the scream as significantly 

more unpleasant (block 1: t(20) = 10.62, block 5: t(20) = 3.09, p<0.01) and more 

arousing (block 1: t(20) = 5.87, block 5: t(20) = 2.66, p<0.02) than the laughter, both at 

the beginning and the end of the measurement. The arousal associated with the scream 

was significantly smaller at the end of block 5 compared to block 1 (t(20) = 2.96, 

p<0.01), although no significant difference was found for the laughter (p=0.3). The 

valence associated to the scream and laughter did not change significantly during the 

experiment (p=0.2 in both cases).  

One of the subjects had to be excluded for not responding correctly to the stimuli 

limiting the analysis of the data on 10 subjects. 



 

43 

Neuroimaging Classification 

The functional brain maps obtained with both feature selection steps showed the 

common activations. Feature Selection with Effect Mapping (block 2, 3 = 90%, block 4, 

5 = 88%, block 6 = 97%) improve the overall accuracy of the classification (Figure 4-2, 

Figure 4-3) compared to FSSL Mapping (block 2, 3 = 84%, block 4, 5 = 82%, block 6 = 

89%). The number of voxels selected in each brain region by different feature selection 

approach with the Effect Mapping method (Table 4-1) was computed and averaged for 

all the 11 subjects and all the different stages (blocks) of the conditioning paradigm. 

In the Early Acquisition phase (block 2 and 3), the comparison between 

congruent and incongruent word-pairs (pairing 100%) showed differences in the 

functional brain map of the features (Figure 4-4) in the following regions: Insula, known 

to be involved in emotional cues; Superior Temporal Gyrus containing the auditory 

cortex, elicited by the auditory cues; and Hippocampus, known to be involved in 

memory and emotional tasks. 

In the Late Acquisition phase (block 4 and 5) the comparison between congruent 

and incongruent word (pairing 40% and 20%) showed activations in the following 

regions (Figure 4-5): Superior Temporal Gyrus, Insula, and Putamen, known to be 

involved in processing of learning and pain. 

In the Extinction phase (block 6) the comparison between congruent and 

incongruent word (no pairing) elicited activations in the following regions (Figure 4-6): 

Insula, Anterior Cingulate, and Angular Gyrus, known to be involved in word processing. 

Discussion 

This experimental paradigm assessed the feasibility of applying classical 

conditioning to two different responses (affirmative and negative) using positive and 
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negative emotional US, in order to help in the discrimination of the two responses. The 

results showed that aversive semantic classical conditioning took place, demonstrated 

by the activations found in the insula, known to be related to emotion processing (Phan, 

Wager, Taylor, & Liberzon, 2002; Phillips et al., 1998; Ruiz, Buyukturkoglu, Rana, 

Birbaumer, & Sitaram, 2014), present throughout all the phases, even when emotional 

cues (US) were not presented anymore. This confirms the feasibility of using the 

activation patterns in the insula and emotion-related areas to interpret brain responses 

after a preliminary conditioning.  

The Angular Gyrus was also activated, showing that an evaluation of the 

meaning and the relation of the word-pairs was executed during their presentation 

(Lacey, Stilla, & Sathian, 2012). 

The Amygdala, Anterior Cingulate and Insular Cortex are crucial structures in the 

acquisition of aversive delay conditioning, independent of the kind of the conditioning 

paradigm (Sehlmeyer et al., 2009). The Amygdala was not detected as it was excluded 

from the fMRI pulse sequence due to technical difficulties. The sequence was optimized 

for a future real-time fMRI-BCI implementation, forcing us to limit the volume dimension 

and spatial resolution for a faster acquisition. The Anterior Cingulate was better 

activated in the Extinction phase. 

The activations found in the Putamen, a region related to implicit learning 

(Packard & Knowlton, 2002) and category learning (Ell, Marchant, & Ivry, 2006), is an 

additional indication that the learning took place. 
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Table 4-1. ROI analysis scores. Average of the included features selected in each AAL ROI. 

Brain Region Early Acquisition Late Acquisition Extinction 

Anterior Cingulate 9.8% 6.3% 4.8% 
Insula 8.6% 7.8% 9.0% 
Hippocampus 6.8% 5.9% 6.4% 

 

  



 

46 

 

Figure 4-1. Block design paradigm used in the classical conditioning experiment. It is 
composed of 6 blocks divided in 4 phases (habituation, early acquisition, late 
acquisition, extinction). 

 
 
Figure 4-2. Classification accuracies using Effect Mapping method as feature selection. 

Accuracies are reported for each phase (early acquisition, late acquisition, 
extinction) in all the subjects. 
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Figure 4-3. Classification accuracies using Fisher Scoring with Searchlight as feature 

selection. Accuracies are reported for each phase (early acquisition, late 
acquisition, extinction) in all the subjects. 

 

Figure 4-4. Functional Brain Map of the features selected with Effect Mapping in the 
early acquisition phase (blocks 2 and 3, 10-fold cross-validation, 
accuracy=84.04%). 
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Figure 4-5. Functional Brain Map of the features selected with Effect Mapping in the late 
acquisition phase (blocks 4 and 5, 10-fold cross-validation, 
accuracy=82.93%). 

 

Figure 4-6. Functional Brain Map of the features selected with Effect Mapping in the 
extinction phase (block 6, 10-fold cross-validation, accuracy=89.4%).
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CHAPTER 5 
FMRI PATTERN CLASSIFICATION TO ASSESS DISORDERS OF CONSCIOUSNESS 

Overview 

As it has been suggested by the work of Owen (Owen et al., 2005), 

neuroimaging studies on DOC would benefit if they are conducted hierarchically. The 

current methodology used to diagnose the state of patients with Disorders of 

Consciousness (DOC) is mainly based on bedside assessment, which has been proved 

to be inaccurate in 40% of the cases (Andrews et al., 1996; Schnakers et al., 2009; 

Childs & Mercer, 1996). Functional neuroimaging could facilitate improvements in the 

accuracy of the diagnosis which is in turn important for increasing the probability of 

recovery by comparing the brain activations of the patient with that of healthy 

individuals. This study aimed to investigate the possibility of using pattern classification 

to distinguish between DOC states (VS, PVS, MCS) with a battery of experiments, 

including, pain stimulation, working memory, emotions and intentional control. 

Methods 

Participants and Acquisition 

Five right-handed, native German speaking, healthy individuals participated in 

this study as controls. Forty-one right-handed, native German speaking, DOC patients 

participated in the study. The patients were pre-labeled based on bedside assessment 

diagnosis (19 as MCS, 16 as PVS, 6 as VS). The study was approved by the Ethics 

Committee of the Medical Faculty of the University of Tübingen and was performed in 

compliance with the Code of Ethics of the World Medical Association (Declaration of 

Helsinki). 
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The experiment was performed in the German cities, Tübingen and Vogtareuth, 

using the facilities in both locations as it was possible to move the patients too far from 

their hospital for their medical condition.  

In Tübingen, the study used a Siemens AG (Erlangen, Germany) 3T Trio MRI 

scanner. Functional T2*-weighted images were acquired with a standard 12-channels 

head coil, in transversal orientation (TR = 2.38 s, TE = 30 ms, flip angle = 70°, matrix 64 

x 64, voxel size = 3.0 x 3.0 x 3.0 mm3, 36 slices) covering the whole brain. The first 10 

volumes of every block were discarded to permit equilibrium. 

In Vogtareuth, the study used a Siemens AG (Erlangen, Germany) 3T Symphony 

Tim MRI scanner. Functional T2*-weighted images were acquired with a standard 12-

channels head coil, in transversal orientation (TR = 3.41 s, TE = 50 ms, flip angle = 90°, 

matrix 64 x 64, voxel size = 3.0 x 3.0 x 3.0 mm3, 36 slices) covering the whole brain. 

The first 6 volumes of every block were discarded to permit equilibrium. 

Experimental Paradigms and Stimuli 

Three different experimental paradigms were conducted hierarchically (Owen et 

al., 2005). Considering the difficulties in the recording of DOC patients, each paradigm 

had only one session. DOC patients need to be monitored and connected to their life 

support systems, limiting the duration off the protocol to avoid any repercussion on the 

health of the patients. The life support systems caused artifacts in the recording of both 

T1 structural images and T2 EPI functional images. 

The experimental paradigms were, in order of execution, Pain Perception task, 

Empathy for Pain task and Mental Imagery task. 
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Pain Perception Task 

The stimuli consisted of Electric painful stimuli presented to the controls and 

patients in a block design. There were two blocks, the baseline block where the patient 

had to rest and no stimulus was presented, and stimulation block where 60 painful 

stimuli were presented. The duration of each block was approximately 60 s and there 

was an interval of 5 s between them. Each stimulus, in the stimulation block, lasted 2 

ms and the interstimulus interval (ISI) was 1 s (Figure 5-1). A one second delay was 

also added at the beginning of the experiment to avoid conflicts in the presentation 

software. 

Empathy for Pain Task 

The stimuli consisting of 40 emotional sounds (Bradley & Lang, 2007), 20 painful, 

20 neutral were presented to the controls and patients in a block design. The sound 

samples showing pain of others are not considered painful stimuli. There were two block 

types. The emotional block (painful sound) and Neutral block (neutral sound) included 4 

emotional/neutral sounds lasting 6 s each with an interstimulus interval of 1.5 s, 5 

blocks for each condition for a total of 10 blocks. The duration of each block was 

approximately 33 s and there was an interval of 15 s between them (Figure 5-2). 

Participants heard all the emotional sounds through MRI-compatible headphones 

with efficient gradient noise suppression (up to 45 dB) and a filter system with more 

than 90 dB RF-suppression (MR Confon Audio System, Leibniz-Institute for 

Neurobiology at Magdeburg, Germany). 

Mental Imagery Task 

The mental imagery task (Figure 5-3) was organized in a randomized design 

paradigm. At the beginning of the paradigm standard summarized auditory instructions 
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(in German) to perform a specific task (instruction long) were presented (e.g. “play 

tennis”, “moving around the rooms”, “relax”) with a duration correlated with the length of 

the instruction. After presenting the standard instructions, short and concise auditory 

instructions were presented (instruction short) with a fixed duration of 2 s for 5 times 

each. Each instruction was presented for 6 times (long and short), for a total of 18 

blocks, with a 30 s of interval between each block.  

Participants heard all the auditory instructions through MRI-compatible 

headphones with efficient gradient noise suppression (up to 45 dB) and a filter system 

with more than 90 dB RF-suppression (MR Confon Audio System, Leibniz-Institute for 

Neurobiology at Magdeburg, Germany). 

Analysis 

Data were preprocessed using Statistical Parametric Mapping (SPM8, Wellcome 

Department of Imaging Neuroscience, London, UK) and analyzed with MANAS 4 run on 

Matlab R2013b (Mathworks, Inc., Sherborn, MA, USA).  

The T1 anatomical images of each subject were segmented with SPM8 after 

skull strip with BET in the FSL package (Jenkinson, Beckmann, Behrens, Woolrich, & 

Smith, 2012; S. M. Smith et al., 2004), obtaining the CSF, White Matter and Gray Matter 

masks. Skull stripping was performed with default parameters as recommended by the 

authors, and the performance of this step was evaluated with visual inspection. This 

step was executed to improve the segmentation performances, deleting any external 

artifact that would have caused mismatch in the estimation of the boundaries. 

Segmentation in SPM8 is based on a priori spatial distribution of brain tissues. 

Images of each subject were realigned to correct for head movement using 

SPM8. Images and masks of each subject were normalized to a standard T1 template 
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in Montreal Neurological Institute (MNI) space, co-registering them with the T1 

anatomical image of each subject after the skull strip step. Spatial smoothing was 

applied using a Gaussian kernel with full width at half-maximum of 6 mm.  

All the tasks were processed with MANAS 4 toolbox. The data were detrended 

with a linear polynomial regressor and noisy features (voxels) were excluded based on 

variance, with outlier removal. The data were then z-normalized with respect to time. 

The tasks were analyzed separately, and all were masked with a Gray Matter 

mask. White Matter was excluded from the analysis considering that it is commonly 

damaged in traumatic injuries with disruption in fibers. Considering a subset of the 

brain, especially in traumatic brain injuries, helps the classification of the functional data, 

decreasing the number of features and excluding the voxels that are known to be less 

significant, containing known damaged tissues. 

One of the challenges of the analysis with traumatic patients is the consistent 

alteration of the brain shape. Therefore the segmentation and normalization processes 

need to be executed using the patients’ anatomical images. Considering the limited 

amount of samples in the fMRI sessions, and to select the best features for the 

classification a feature selection algorithm was executed.  The feature selection 

approach of Fisher Scoring with Searchlight (Kriegeskorte & Bandettini, 2007), a 

supervised multivariate method considered more robust in cases with low number of 

instances, was used with 10-fold cross-validation during classification training. 

Fisher Scoring with Searchlight was executed considering a 3x3x3 spherical 

kernel, choosing the 1000 most important features (highest score). The number of 
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voxels to consider was chosen after an optimization step based on classification 

performance and visual inspection (noise in the functional-mapping). 

The feature maps, obtained after feature selection, were quantitatively and 

qualitatively analyzed, by inspecting the most active and included areas. The feature 

maps were used as masks during classification, to include only the interesting features 

(voxels) from the images in the dataset. 

Different sample selection (number and position of image volumes) were applied 

to each task, taking also into account the different TRs for different fMRI recording of 

the experiments. Volumes at the beginning of the block were discarded to allow the 

BOLD signal to reach the peak amplitude. 

In the Pain Perception Task, the scans in the first 8 seconds of each block were 

discarded keeping all the rest. With a TR of 3.41 a total of 14 volumes per block were 

selected, discarding the 1st and 2nd image. With a TR of 2.38 a total of 22 volumes per 

block were selected, discarding the 1st, 2nd and 3rd image. 

In the Empathy for Pain Task the scans in the first 6 seconds of each block were 

discarded keeping all the rest. With a TR of 3.41 a total of 7 volumes per block were 

selected, discarding the 1st image. With a TR of 2.38 a total of 10 volumes per block 

were selected, discarding the 1st and 2nd image. 

In the Mental Imagery Task the scans in the first 7 seconds of each block were 

discarded keeping all the rest. With a TR of 3.41 a total of 8 volumes per block were 

selected, discarding the 1st and 2nd image. With a TR of 2.38 a total of 11 volumes per 

block were selected, discarding the 1st, 2nd image.  
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The classification training was executed with a multivariate linear SVM, using 

LibSVM (C. C. Chang & Lin, 2011), with a 10-fold cross-validation. In the case of the 

Mental Imaginery Task, each condition was analyzed in pairs. All the analyses were 

conducted with binary classification. Classification accuracies were compared between 

the different classes of DOC patients, to evaluate if there were any significant difference 

in the performances. Furthermore the functional brain maps obtained from the feature 

selection step were compared between patients and controls. 

Results 

Analysis on DOC patients proved to be challenging because of artifacts and 

traumatic injuries, which caused deep alterations in the brain structures. Brain 

Segmentation with FSL and SPM failed in some cases where the subject brain was too 

damaged to apply any of the current algorithms for tissue segmentation (Figure 5-4 A). 

Ventricle enlargement is a typical consequence of a traumatic injury (Poca et al., 2005) 

and cause the compression of the brain’s white and gray matter against the skull 

causing a considerable shift of brain tissues and decreased performance in 

segmentation. Segmentation based on probabilistic distribution produced sufficiently 

good performance with structurally altered normalized brains after skull stripping (Figure 

5-4 D, Figure 5-5). 

Overall, the accuracies were lower in DOC patients compared to healthy patients 

(Figure 5-6, Figure 5-7, Figure 5-8) in each task. 

In the Pain Perception Task, the stimulation block elicited activations in the 

Putamen (Figure 5-9), known to be involved in the processing of pain perceptions and 

somatosensory stimuli, and Inferior Temporal Gyrus (only in healthy controls as shown 

in Figure 5-10). 
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In the Empathy for Pain Task, the negative emotional auditory cue (screaming) 

elicited activations (Figure 5-11, Figure 5-12) in the Putamen, known to be involved in 

the processing of pain perceptions and learning, Middle Temporal Gyrus, and mostly 

only in healthy controls the Parahippocampal Gyrus, Hippocampus and Amygdala, 

known to be all involved in emotional processing. 

In the Mental Imagery Task, only the case of Instruction B (“moving around the 

rooms”) versus Instruction C (“relax”) was considered. The comparison between the two 

conditions showed activations (Figure 5-13, Figure 5-14, Figure 5-15, Figure 5-16) in 

the Postcentral Gyrus and Precentral Gyrus in healthy controls and also in a subset of 

MCS patients. Activations in Cuneus and Cerebellum were also found. A PVS patient 

presented activations in the Lingual Gyrus and Middle Occupital Gyrus, showing low 

classification performances, while another PVS presented performances and activations 

comparable to a normal subject (Figure 5-15). 

Discussion 

The results showed that it is possible to discriminate between patients of different 

DOC categories. Differences in the classification performances and in the activation 

pattern between different states of DOC and healthy subjects were shown (Figure 5-6, 

Figure 5-7, Figure 5-8). 

The results in the Pain Perception Task showed that the patients reacted to the 

painful stimuli, eliciting activations in the Putamen, known to be involved in pain-related 

motor responses (Starr et al., 2011). 

Analysis of the Empathy for Pain Task showed that negative emotional auditory 

cues elicited areas known to be related to emotional stimuli, as Putamen, 

Parahippocampal Gyrus, Hippocampus and Amygdala. 
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Hippocampus and Amygdala are usually involved in fear conditioning 

(Zelikowsky, Hersman, Chawla, Barnes, & Fanselow, 2014) and therefore habituation 

could be taking place. 

The binary classification of Instruction B and C in the Mental Imagery Task 

elicited expected activations in the Primary Motor Cortex and Primary Somatosensory 

Cortex.  

The Posterior Lobe of the Cerebellum has been known to be involved in sensory 

experiences (kinesthetic sensations) lacking sensory feedback from the environment 

such as motor imagery (Naito et al., 2002). Its presence represents that a complex 

coordinated system between motor areas is still mostly intact. 

The Cuneus is involved in motor imagery of coordinated exercises, and it should 

be more active if the task to be imagined involved more than one person (Mochizuki, 

Sudo, Kirino, & Itoh, 2014). This task consisted only of the instruction “walk around the 

house” but this did not prevent to consider interactions in the imagined environment. We 

do not have any mean to know which situation the PVS patient had imagined. 
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Figure 5-1. Pain perception paradigm. It consists of blocks of electric painful stimuli (60 
stimuli; ISI=1s; 20ms duration) alternated with rest (60s). Between each block 
there is a 5s interval. 
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Figure 5-2. Empathy for Pain paradigm. It consists of blocks of emotional sounds 
(International Affective Digitized Sounds; 5 blocks of 4 emotional/neutral 
sound; 10 blocks in total; ISI 1.5s; 6s duration) alternated with rest (30s). 
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Figure 5-3. Mental Imagery paradigm. It consists of randomized auditory instructions to 
perform specific motor-imaginations (e.g. “play tennis”, “move around the 
house”, “relax”). At the beginning of the paradigm a long and explanatory 
instruction is presented (duration vary) for each task. Then short instruction 
are presented every 2s (short instruction) for 5 times for each task. Between 
each block there is a 30 s interval.  
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Figure 5-4. Series of DOC patient images. A) B) Anatomical T1 Images. A) presents 
clear ventricle enlargement. C) is a functional image during a task of the 
same patient in B). D) shows the brain stripping segmentation superimposed 
on a T1 image (white border around brain). 
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Figure 5-5. Series of Anatomical T1 Images. In each image is shown the brain stripping 
segmentation superimposed as a white border around the brain. A) presents 
ventricle enlargement. B) presents clearly traumatic brain tissues in the lower 
left lobe. C) presents a typical noisy T1 images. D) is a healthy control. 
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Figure 5-6. Classification accuracies of Pain Perception Task, using Fisher Scoring with 

Searchlight for feature selection with 10-fold cross-validation. Accuracies are 
reported for PVS, MCS, and healthy states.  

 

Figure 5-7. Classification accuracies of Empathy for Pain Task, using Fisher Scoring 
with Searchlight for feature selection with 10-fold cross-validation. Accuracies 
are reported for PVS, MCS, and healthy states. 

 

Figure 5-8. Classification accuracies of Mental Imagery Task, using Fisher Scoring with 
Searchlight for feature selection with 10-fold cross-validation. Accuracies are 
reported for PVS, MCS, and healthy states. 
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Figure 5-9. Functional brain map of the activations during the Pain Perception Task in a 
MCS patient. Feature selection executed with Fisher Scoring with Searchlight 
(10-fold cross-validation, accuracy=84.11%). 

 

Figure 5-10. Functional brain map of the activations during the Pain Perception Task in 
a healthy control. Feature selection executed with Fisher Scoring with 
Searchlight (10-fold cross-validation, accuracy=79.58%). 
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Figure 5-11. Functional brain map of the activations during the Empathy for Pain Task in 
a PVS patient. Feature selection executed with Fisher Scoring with 
Searchlight (10-fold cross-validation, accuracy=82.64%). 

 

Figure 5-12. Functional brain map of the activations during the Empathy for Pain Task in 
a healthy control. Feature selection executed with Fisher Scoring with 
Searchlight (10-fold cross-validation, accuracy=90.05%). 
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Figure 5-13. Functional brain map of the activations during the Mental Imagery Task 
(“move around the house” versus “relax”) in a PVS patient. Feature selection 
executed with Fisher Scoring with Searchlight (10-fold cross-validation, 
accuracy=56.60%). 

 

Figure 5-14. Functional brain map of the activations during the Mental Imagery Task 
(“move around the house” versus “relax”) in a MCS patient. Feature selection 
executed with Fisher Scoring with Searchlight (10-fold cross-validation, 
accuracy=78.96%). 
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Figure 5-15. Functional brain map of the activations during the Mental Imagery Task 
(“move around the house” versus “relax”) in a PVS patient. Feature selection 
executed with Fisher Scoring with Searchlight (10-fold cross-validation, 
accuracy=85.04%). This patient surprisingly demonstrated high performances 
given his diagnosis. 
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Figure 5-16. Functional brain map of the activations during the Mental Imagery Task 
(“move around the house” versus “relax”) in a healthy subject. Feature 
selection executed with Fisher Scoring with Searchlight (10-fold cross-
validation, accuracy=88.00%).  
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CHAPTER 6 
MANAS 4 TOOLBOX 

Overview 

MANAS 4 (“manas” in Hindi means “mind”) is a toolbox developed during the 

fMRI studies to streamline the analysis of fMRI data with multivariate classification 

based on Support Vector Machines (SVM). It is partially based on the toolbox MANAS 3 

(Rana et al., 2013). It allows to batch process all the steps necessary in fMRI analysis, 

from preprocessing of raw images to the classification. Different algorithms and options 

were implemented in the toolbox and hence, its robustness had to be tested (CHAPTER 

7).  

It is fully compliant and integrated with MATLAB (Mathworks, Inc., Sherborn, MA, 

USA). It provides support from the version MATLAB 2008b. 

A GUI for each section of the toolbox is under active development. 

Features of the Toolbox 

The analysis pipeline in the toolbox is composed by the following steps: 

Preprocessing: 

 detrending: linear, non linear 

 spatial filtering 

 masking 

 z-normalization 
 
Cross validation (random picking): 

 k-fold 

 leave one out 

 k-fold with the same number of labels across folds 

 k-fold with the same number of labels across folds and in the fold  
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Feature Selection: 

 Fisher Scoring 

 Fisher Scoring with Searchlight (with leave one out inside the fold) 

 Effect Mapping 
 

Classification: 

 SVM 
 

All the steps are implemented as modular packages, therefore the methods used 

in the toolbox can be used as stand-alone functions (satisfying the dependencies). 

The preprocessing steps before the analysis (realignment, slice timing correction, 

normalization) are executed providing a wrapper for batch execution of SPM 8 and FSL 

methods. Tools to convert DICOM images in bulk and to read commonly used DICOM 

parameters such as TR are also provided, giving a platform independent interface. 

Each step is also cached after execution, allowing the re-execution of any step 

without the need to be recomputed. 

After each run of the toolbox, different logging .mat files will be generated, 

containing the parameters and the results of the feature selection, ROI analysis and 

classification. Optionally is possible to save all the results of feature selection and 

classification as functional brain maps in NIFTI format. 

It is also possible to inspect the results with a Result Manager GUI (Figure 6-1) 

and evaluate the BOLD activations with a Slice Viewer (Figure 6-2) built-in in the 

toolbox. 

How to Use 

This toolbox runs the processing based on configuration files called “run scripts” 

(Figure A-1, Figure A-2). These files contain a JSON formatted configuration variable 
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that will be passed to the desired method (e.g. manas_exec()). This approach allow for 

a high degree of customization and an easy configuration of different analysis.  
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Figure 6-1. MANAS 4 Results Manager. It is used to inspect the results and the 
performance of the feature selection and the classification in the analysis. 

 

Figure 6-2. MANAS 4 Slice Viewer. It is used to inspect the activation found in the 
analysis. 
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CHAPTER 7 
TESTING MANAS 4 TOOLBOX WITH A MOTOR TASK DATASET 

Overview 

The assessment of the MANAS 4 toolbox performances required a robust and 

well known dataset. Different aspects of the toolbox were inspected, such as the ease 

of use, performances of different preprocessing steps (Tanabe et al., 2002) and 

different feature selection algorithms: Fisher Scoring (Gu, Li, & Han, 2012b), Fisher 

Scoring with Searchlight , Effect Mapping (Lee et al., 2010). 

A motor task fMRI dataset (Rana et al., 2013) was used, which was already 

tested with the previous toolbox implementation (MANAS 3). In this dataset the 

participants had to perform right and left hand movements, known to elicit localized 

activations in the Motor and Somatosensory Cortex. 

Methods 

Participants and Acquisition 

The dataset contains the data from nine right-handed healthy college students 

(age: 26.4 ± 5.2). The experiment was performed using a Siemens Magnetom 

(Erlangen, Germany) 3T Trio MRI scanner. Functional T2*-weighted images were 

acquired with a standard 12-channels head coil, in axial orientation (TR = q s, TE = 30 

ms, flip angle = 78°, matrix 64 x 64, voxel size = 3.0 x 3.0 x 3.75 mm3, 32 slices) 

covering the whole brain. The first 4 volumes of every session were discarded to permit 

equilibrium. 

Experimental Paradigms and Stimuli 

The participants were instructed to perform a hand movement, moving fingers 

and palm freely, presenting the stimuli in a block design. There were three blocks: 6 left-
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hand movement, 6 right-hand movement, resting, each of 30s of duration. Each subject 

was recorded for two session. 

Analysis 

The volumes of each subject were realigned and unwarped to correct for head 

movement, and normalized to a standard Echo-Planar Imaging (EPI) template in 

Montreal Neurological Institute (MNI) using Statistical Parametric Mapping (SPM8, 

Wellcome Department of Imaging Neuroscience, London, UK).  

The analysis were conducted with MANAS 4 run on Matlab R2013b (Mathworks, 

Inc., Sherborn, MA, USA). Images of each subject were realigned and unwarped to 

correct for head movement, and normalized to a standard Echo-Planar Imaging (EPI) 

template in Montreal Neurological Institute (MNI) space. Spatial smoothing was applied 

using a Gaussian kernel with full width at half-maximum of 9 mm.  

After an optimization step based on classification performance, no detrending 

was applied. The data was then z-normalized with respect to time. 

Classification was executed with multivariate SVM considering three different 

feature selection algorithms with 10 fold cross-validation: Fisher Scoring, Fisher Scoring 

with Searchlight, Effect Mapping. Functional brain-maps were saved for visual 

inspection of the activations. 

Results 

The three different feature selection methods led to approximately the same 

accuracy (FS=91%, FSSL=89%, EM=91%) using multivariate classification (Figure 7-1). 

Using Fisher Scoring there was prominence in the selection of the right Primary 

Motor Cortex and Somatosensory Cortex over the left side (Figure 7-2 A). Motion 
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artifacts (Figure 7-2 B) were also selected as features (when the patient moves at the 

time of the cue). 

Using FSSL, the left Primary Motor Cortex and Somatosensory Cortex was 

selected (Figure 7-3 A). Instead the right side did not show activations. Motion artifacts 

(Figure 7-3 B) were also selected as features (when the patient moves at the time of the 

cue). They were less visible on the left side. 

Using Effect Mapping features in Primary Motor Cortex and Somatosensory 

Cortex in both hemispheres were selected (Figure 7-4). Motion Artifacts seemed to not 

be selected. 

Discussion 

The performance of the feature classification were considered satisfactory with 

all the algorithms and no substantial difference was found in the accuracy level. 

Considering the functional brain-mapping of the features selected in all the 

cases, Effect Mapping seems to be more selective for both conditions (right and left 

hand movement) compared to the other two methods. Moreover Effect Mapping 

seemed to be robust against the motion artifact found with the other two methods. 

The area selected included Postcentral Gyrus and Precentral Gyrus, respectively 

known as Primary Somatosensory Cortex and Primary Motor Cortex. Furthermore in 

some cases it was more elicited also Brodmann area 6, that includes part of the 

Premotor Cortex and Supplementary Area, crucial areas for motor planning and 

translation of cognition into movement (Nachev, Kennard, & Husain, 2008). 

These areas were expected to be elicited thus confirming the robustness of the 

methods. 
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Figure 7-1. Averaged classification accuracies for each method of feature selection 
used in the analysis (FS, FSSL, EM). 

  

Figure 7-2. Functional Brain Map of the features selected with Fisher Scoring. A) shows 
motor related activations, B) shows motion artifacts that were selected as 
activations (10-fold cross-validation, accuracy=90.56%). 
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Figure 7-3. Functional Brain Map of the features selected with Fisher Scoring with 
Searchlight. A) shows motor related activations, B) shows motion artifacts 
that were selected as activations (10-fold cross-validation, accuracy=89.17%). 

 

Figure 7-4. Functional Brain Map of the features selected with Effect Mapping (10-fold 
cross-validation, accuracy=90.83%). 
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CHAPTER 8 
CONCLUSIONS 

Overview 

All the studies conducted in this work were aimed to use multivariate pattern 

classification to discriminate between different brain states and the results showed that 

all the proposed methodologies can be the first step towards automatized brain state 

discrimination. 

Moreover the MANAS 4 Toolbox, used in all the analyses demonstrated good 

performance. Its use facilitated the execution of different experiments simply varying its 

“run script”. 

Emotion Based fMRI BCI 

The results in CHAPTER 4 showed that double conditioning of brain responses is 

possible (negative and positive emotions and respectively congruent-incongruent word-

pair). The insula activation throughout all the phases of conditioning mean that 

classification of negative and affirmative responses with fMRI emotional cues is 

possible, and this can be considered the first step towards an fMRI-BCI for cognitively 

impaired patients that lost the ability to communicate verbally (Liberati et al., 2012). 

Analysis to Assess Disorders of Consciousness 

The aim of the vegetative study was to evaluate the possibility of using 

multivariate pattern classification to discriminate between the different DOC categories 

with a hierarchical paradigm. 

At present the classifier performance could be considered as a parameter to 

evaluate the cognitive status of the patient independent from normalization of the 

images (needing only realignment). It can be considered that less cognitive behavior 
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there is, less performance in the classification will be found. It can still not be considered 

a sufficient parameter.  

Hence, there is a need to improve of segmentation algorithms, seeing the 

limitation of models based on a priori probabilistic distributions. 

The use of functional brain-maps can be of help in the diagnosis, aiming to 

decrease the misclassification of patients. The patient in Figure 5-15 was classified as 

PVS with a bedside assessment, but in the Motor Imagery Task showed high 

performance in the classification and there were elicited areas typically present in a 

motor imagery task (Postcentral Gyrus, Precentral Gyrus, Cerebellum, Cuneus). Hence 

this patient could be an example of misclassification and proof of the necessity of 

neuroimaging system in DOC diagnosis. 

To increase the robustness of the methodology an increased number of healthy 

controls would be preferable. This would allow to obtain the most important features 

across the subjects and evaluate if they can be found in the patients or, to evaluate the 

brain-plasticity. 

It has to be taken into account that lack of response in neuroimaging does not 

imply lack of awareness and conscience, but it has to be considered that a patient could 

be in a non-responsive state (sleeping) (Owen & Coleman, 2008). Moreover, it has to 

be taken into account the increased complexity of the tasks in the paradigm. The aim is 

to take note of the overall performance in all the task. If good performances are shown 

in the task with higher complexity, the chance that the patient is conscious is higher. 

This is of utmost importance to administer the correct treatment to each patient (Young 

& Wijdicks, 2008).  
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APPENDIX 
MANAS 4 – USAGE EXAMPLE 

This appendix expands the MANAS 4 TOOLBOX 

Execution of Analysis 

 
Figure A-1. Example of run script with common parameters for analysis. 
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Execution of Preprocessing with SPM 8 Batch Wrapper 

 
Figure A-2. Example of run script with common parameters for preprocessing. 
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