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Abstract 

The development of high-field magnetic resonance imaging (MRI) systems has allowed for critical 

improvements in image signal-to-noise ratio (SNR), potentially leading to higher sensitivity and spatial 

resolution for functional MRI (fMRI) techniques. However, recent studies have shown that these potential 

advantages become significantly compromised by increased signal fluctuations arising from correlated noise 

sources, namely physiological processes. This work comprises the analysis of blood oxygenation level-

dependent (BOLD) fMRI data acquired at 7 Tesla, using a standard 2D echo planar imaging (EPI) and a 

segmented 3D echo volumar imaging (EVI) technique, from healthy subjects at rest or submitted to a visual 

localizer (Loc) paradigm. A principal component analysis (PCA)-based approach and a physiological regressor 

(PR)-based approach were investigated for correlated noise correction. As expected, 3D data displayed 

significantly higher spatial SNR (sSNR) than 2D data, but comparable temporal SNR (tSNR); the information 

explained by general linear models (GLM) was similar in both cases, and 3D analyses exhibited lower sensitivity 

to neural activation. In general, both correction approaches produced significant increases in tSNR, explained 

information, and activation sensitivity for both acquisition techniques, but especially for segmented EVI. The 

PCA-based approach was the most effective correction method; however, the PR-based approach further allowed 

the characterization of the relative contributions of different noise sources, confirming significant relative 

increases in physiological noise from 2D to 3D acquisitions. In summary, although greater physiological noise 

contributions were found in segmented EVI data acquired at 7 Tesla, these were shown to be adequately 

compensated for by appropriate noise correction methods. 

 

Keywords: functional magnetic resonance imaging, high-field imaging, signal fluctuations, physiological noise 
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Resumo 

O desenvolvimento de sistemas de imagiologia por ressonância magnética (MRI) de alto-campo tem 

possibilitado melhorias importantes nas taxas de sinal-ruído (SNR) de imagem, permitindo potenciais aumentos 

de sensibilidade e resolução espacial em técnicas de MRI funcional (fMRI). No entanto, estudos recentes 

indicam que estas potenciais vantagens são significativamente comprometidas pelo aumento de flutuações de 

sinal associadas a fontes de ruído correlacionado, nomeadamente processos fisiológicos. Este trabalho centrou-se 

na análise de dados de fMRI com contraste dependente do nível de oxigenação sanguínea (BOLD), adquiridos a 

7 Tesla por via de uma técnica padrão de imagiologia eco-planar (EPI) 2D e uma técnica de imagiologia eco-

volúmica (EVI) 3D segmentada, provenientes de indivíduos saudáveis em repouso ou sujeitos a um paradigma 

de localização visual (Loc). Uma abordagem baseada em análise de componentes principais (PCA) e uma 

abordagem baseada em regressores fisiológicos (PR) foram investigadas para correcção de ruído correlacionado. 

Como esperado, os dados 3D evidenciaram valores de SNR espacial (sSNR) consideravelmente superiores aos 

dos dados 2D, mas valores de SNR temporal (tSNR) semelhantes; a informação explicada por modelos gerais 

lineares (GLM) foi semelhante em ambos os casos, e as análises 3D mostraram menor sensibilidade à activação 

neuronal. Em geral, ambas as abordagens correctivas permitiram aumentos significativos de tSNR, informação 

explicada, e sensibilidade à activação para ambas as técnicas de aquisição, mas especialmente para a EVI 

segmentada. A abordagem baseada em PCA mostrou-se a mais eficaz a nivel de correcção de ruído; no entanto, 

a abordagem baseada em PR permitiu ainda a caracterização das contribuições relativas de diferentes fontes de 

ruído, confirmando-se aumentos relativos de ruído fisiológico significativos das aquisições 2D para as 3D. Em 

suma, ainda que tenham sido encontradas contribuições superiores de ruído fisiológico em dados de EVI 

segmentada adquiridos a 7 Tesla, observou-se que estas contribuições podem ser adequadamente compensadas 

por métodos de correcção apropriados. 

 

Palavras-chave: imagiologia por ressonância magnética funcional, imagiologia de alto-campo, flutuações de 

sinal, ruído fisiológico 

  



v 

 

 

Table of contents 

1 Introduction ........................................................................................................................................................ 1 

1.1 Motivation .................................................................................................................................................... 1 

1.2 Fundamental principles of fMRI ................................................................................................................... 3 

1.3 State of the art ............................................................................................................................................. 13 

1.4 Goals ........................................................................................................................................................... 19 

1.5 Approach .................................................................................................................................................... 19 

1.6 Outline of this thesis ................................................................................................................................... 20 

2 Methods ............................................................................................................................................................. 21 

2.1 Data acquisition .......................................................................................................................................... 21 

2.1.1 Subjects ............................................................................................................................................... 21 

2.1.2 Localizer paradigm .............................................................................................................................. 21 

2.1.3 MRI data acquisition ........................................................................................................................... 22 

2.1.4 Physiological data acquisition ............................................................................................................. 24 

2.2 Physiological data analysis ......................................................................................................................... 25 

2.2.1 Peak detection ..................................................................................................................................... 25 

2.2.2 Physiological regressors ...................................................................................................................... 29 

2.2.3 Main outcome measures ...................................................................................................................... 31 

2.3 MRI data analysis ....................................................................................................................................... 31 

2.3.1 General processing steps ..................................................................................................................... 31 

2.3.2 ROI definition ..................................................................................................................................... 34 

2.3.3 PCA-based analysis ............................................................................................................................. 36 

2.3.4 PR-based analysis ................................................................................................................................ 37 

2.3.5 Main outcome measures ...................................................................................................................... 38 

3 Results ............................................................................................................................................................... 43 

3.1 Physiological signal peak detection ............................................................................................................ 43 

3.2 PCA-based analysis .................................................................................................................................... 45 

3.2.1 Determination of the optimum pcor ...................................................................................................... 45 

3.2.2 Information explained by GLM ........................................................................................................... 47 

3.2.3 Activation detection sensitivity ........................................................................................................... 47 

3.2.4 SNR characteristics ............................................................................................................................. 49 

3.3 PR-based analysis ....................................................................................................................................... 50 



vi 

 

3.3.1 Determination of optimum temporal shifts for CR and RVT regressors ............................................. 51 

3.3.2 Information explained by GLM ........................................................................................................... 54 

3.3.3 Physiological noise characterization ................................................................................................... 55 

3.3.4 Activation detection sensitivity ........................................................................................................... 56 

3.3.5 SNR characteristics ............................................................................................................................. 58 

4 Discussion and conclusions .............................................................................................................................. 60 

4.1 Peak detection algorithms ........................................................................................................................... 60 

4.1.1 Dependence on signal periodicity........................................................................................................ 60 

4.1.2 General aspects of performance .......................................................................................................... 60 

4.1.3 Comparison with similar studies ......................................................................................................... 61 

4.2 Physiological noise characterization ........................................................................................................... 61 

4.2.1 Outcome measures and datasets of interest ......................................................................................... 61 

4.2.2 Comparison between EPI and segmented EVI data ............................................................................ 62 

4.2.3 Colinearity between physiological regressors ..................................................................................... 63 

4.2.4 Comparison with similar studies ......................................................................................................... 64 

4.3 Physiological noise correction .................................................................................................................... 66 

4.3.1 Comparison between PCA-based and PR-based analysis ................................................................... 66 

4.3.2 Limitations of SNR analysis ................................................................................................................ 66 

4.3.3 Practical aspects of method applicability ............................................................................................ 67 

4.4 Concluding remarks .................................................................................................................................... 67 

4.4.1 Main conclusions ................................................................................................................................. 67 

4.4.2 Future work ......................................................................................................................................... 67 

5 References ......................................................................................................................................................... 69 

6 Appendix A: Publications arising from this thesis ............................................................................................ 73 

  



vii 

 

 

List of Tables 

Table 3.1 Preliminary peak detection results ................................................................................................... 42 

  



viii 

 

 

List of Figures 

Figure 1.1 Spatial and temporal sensitivity of different functional brain imaging methods ............................... 2 

Figure 1.2 Behavior of a nuclei sample (with I ≠ 0) when placed in a strong magnetic field ............................. 3 

Figure 1.3 A free induction decay experiment .................................................................................................... 4 

Figure 1.4 Comparison of a gradient echo and a spin echo experiment .............................................................. 5 

Figure 1.5 Maxwell pair of coils for field gradient generation. Block diagram of an MRI scanner ................... 6 

Figure 1.6 Block diagram representing a basic 2D MRI acquisition sequence ................................................... 7 

Figure 1.7 General representation of the BOLD effect ....................................................................................... 9 

Figure 1.8 Time course of the BOLD response ................................................................................................ 10 

Figure 1.9 A blipped EPI pulse sequence and its k-space traversal diagram .................................................... 11 

Figure 1.10 Conventional spin echo images and gradient echo EPI images ....................................................... 12 

Figure 1.11 Schematic diagram of the NMR receiver chain ............................................................................... 13 

Figure 1.12 Image or temporal SNR as a function of SNR0 ............................................................................... 14 

Figure 1.13 Slice averaged FID signal from a breath-holding exercise .............................................................. 15 

Figure 1.14 Mean fMRI signal as a function of breath-hold duration. Normalized power spectrum of heart rate 

fluctuations in the adult conscious dog ............................................................................................ 16 

Figure 1.15 BOLD-related physiological noise component as a function of TE ................................................ 17 

Figure 1.16 Ratio of physiological noise to thermal noise as a function of voxel volume. Temporal SNR as a 

function of spatial SNR utilizing either an EPI or a segmented EVI technique .............................. 18 

Figure 2.1 Comparison of 2D and 3D Loc activation data from two subjects. Typical block design adopted for 

the Localizer paradigm .................................................................................................................... 22 

Figure 2.2 Raw functional image data from 2D and 3D acquisitions ............................................................... 23 

Figure 2.3 The two variants of raw MP2RAGE structural image data ............................................................. 24 

Figure 2.4 Typical examples of pulse oximetry and respiratory amplitude signals .......................................... 25 

Figure 2.5 Basic principles of the LP filter-based algorithm ............................................................................ 26 

Figure 2.6 Basic principles of the wavelet-based peak detection algorithm ..................................................... 28 

Figure 2.7 Typical examples of rCR, rRVT, and rRETR regressors ......................................................................... 30 

Figure 2.8 Typical examples of rLoc regressors and the rDrift regressor set ........................................................ 33 

Figure 2.9 Main groups of general fMRI processing steps adopted in this work.............................................. 34 

Figure 2.10 Typical examples of the different ROI types utilized in this work .................................................. 35 

Figure 2.11 A typical example of the image resizing procedure performed in Matlab ....................................... 41 

Figure 3.1 Peak detection performance for the physiological datasets acquired in this work ........................... 43 

Figure 3.2 Important limitations of the LP filter-based algorithm .................................................................... 43 



ix 

 

Figure 3.3 Evolution of the number of voxels selected for ROIRef and the ROIRef time course variance 

explained by the selected PCA eigenvectors with the percentage of the maximum correlation 

coefficient, pcor................................................................................................................................. 44 

Figure 3.4 Evolution of average GLM regression residues, relative decreases in regression residues, and the 

adjusted coefficient of determination R
2
adj with pcor ........................................................................ 45 

Figure 3.5 R
2

adj, F+H+O+S vs background contrast estimation variance, number of active cluster voxels, and 

maximum Z-score results for the PCA-based approach .................................................................. 47 

Figure 3.6 Changes in activation maps of 2D and 3D Loc data analyzed with RND or PCA models .............. 48 

Figure 3.7 General results from PCA-based SNR analyses .............................................................................. 49 

Figure 3.8 Temporal-shift dependence of RETROICOR regressor sets ........................................................... 50 

Figure 3.9 Temporal-shift dependence of CR regressors .................................................................................. 51 

Figure 3.10 Temporal-shift dependence of RVT regressors ............................................................................... 52 

Figure 3.11 R
2

adj results and percentage of variance explained by different PR-derived regressor sets ............. 54 

Figure 3.12 Physiological noise contributions for fMRI signal information ...................................................... 55 

Figure 3.13 F+H+O+S vs background contrast estimation variance, number of active cluster voxels, and 

maximum Z-score results for the PR-based approach ..................................................................... 56 

Figure 3.14 General results from PR-based SNR analyses ................................................................................. 57 

Figure 4.1 Cross-correlation between distinct drift and physiological regressors ............................................ 62 

Figure 4.2 Comparison of 2D physiological noise contributions with results from the literature .................... 63 

Figure 4.3 Important negative consequences of pre-processing steps in physiological signal acquisition ....... 64 

  



x 

 

 

List of Abbreviations 

ANOVA Analysis of Variance 

ASL Arterial Spin Labeling 

BET Brain Extraction Tool 

BOLD Blood Oxygenation Level-Dependent 

DFT Discrete Fourier Transform 

DOF Degrees of Freedom 

EEG Electroencephalography 

EPI Echo Planar Imaging 

EVI Echo Volumar Imaging 

FEAT FMRI Expert Analysis Tool 

FID Free Induction Decay 

FILM FMRIB Improved Linear Model 

fMRI Functional Magnetic Resonance Imaging 

FWHM Full Width at Half-Maximum 

FOV Field of View 

FSL FMRIB Software Library 

GLM General Linear Model 

HRF Hemodynamic Response Function 

LTI Linear Time-Invariant 

Loc Localizer 

LP Low-Pass 

MCFLIRT Motion Correction FMRIB Linear Image Registration Tool 

MEG Magnetoencephalography 

MNI Montreal Neurological Institute 

MRI Magnetic Resonance Imaging 

NMR Nuclear Magnetic Resonance 

PCA Principal Component Analysis 

PR Physiological Regressor 

RF Radiofrequency 

RND Randomized 

ROI Region of Interest 

SAR Specific Absorption Ratio 

SE Standard Error 



xi 

 

SNR Signal-to-Noise Ratio 

sSNR Spatial Signal-to-Noise Ratio 

TE Echo Time 

TR Repetition Time 

tSNR Temporal Signal-to-Noise Ratio 

VE Variance Explained 

 



1 

 

 

Chapter 1  

1 Introduction 

This chapter presents an introductory outline of the problem addressed in this Master‟s thesis – signal 

fluctuations in high-field functional magnetic resonance imaging (fMRI), beginning with a description of its 

motivation (section 1.1), followed by a review of fundamental principles in fMRI (section 1.2) and of the state-

of-the-art background of this particular context (section 1.3). Posteriorly, the main goals established for this 

work are presented (section 1.4), and a brief overview of the approach followed to pursue those goals is given 

(section 1.5). Finally, an outline of the following chapters is presented to elucidate the reader on the structure and 

organization of this text (section 1.6). 

1.1 Motivation 

Functional brain imaging, in a broad sense, comprises the full range of techniques developed to study human 

brain function based on the physiological changes that accompany such activity (Jezzard, Matthews and Smith 

2001). Due to the undeniable importance of the brain as a control centre for a wide variety of body functions, not 

mentioning its key role in highly complex aspects of human intelligence such as abstract symbolic reasoning, a 

wide range of functional brain imaging techniques have been conceived and developed along the years. Several 

major examples are depicted in Figure 1.1, related in terms of their spatial and temporal resolution – these are 

extremely important parameters for imaging techniques, as they characterize their capability of discriminating 

the precise anatomical location and the point in time to which a certain detected event is associated. As can be 

observed, fMRI techniques occupy a unique niche among the available methods: as these depend on the 

hemodynamic changes accompanying neural depolarization, they cannot match the temporal resolution of 

electrophysiological methods that map depolarization-induced transient dipoles (such as electroencephalography 

(EEG) or magnetoencephalography (MEG)) – however, fMRI techniques can achieve considerably higher spatial 

resolution; on the other hand, they allow for deep brain imaging in vivo while being completely non-invasive – a 

considerable advantage over higher spatial and temporal resolution methods that depend on the insertion of 

microelectrodes or the preparation of tissue samples in laboratory (Jezzard, Matthews and Smith 2001). 

Along with the above-mentioned advantages, fMRI techniques are based on non-ionizing processes with full 

three-dimensional capabilities and excellent soft-tissue contrast; taking into further account their considerable 

versatility, safety, and rapidly growing availability of the necessary scanning equipment, it is easy to understand 

how fMRI techniques have become essential, widely used tools for studies of brain function, with both clinical 

and academic relevance (Webb 2003). Clinical applications can be summarized in three general areas: mapping 

of functional areas in the damaged brain, obtention of state or trait markers, and definition of mechanisms for 
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reorganization or compensation from injury (Jezzard, Matthews and Smith 2001). Specific applications include, 

for example, functional imaging of brain tumors and stroke-induced ischemia lesions (Sakatani, et al. 2007), 

evaluation of antidepressive drug effects on brain function (Frodl, et al. 2010), or the study of neurological 

disorders such as Alzheimer‟s disease (Bosch, et al. 2010) or epilepsy, where combined imaging modalities such 

as EEG-fMRI have become increasingly popular (Salek-Haddadi, et al. 2002). Academic applications are mainly 

associated to cognitive neuroscience, including a wide range of studies that aim at developing neurological and 

cognitive psychology, and have provided significant contributions for current knowledge of cognitive brain 

function (Di Salle, et al. 1999) – major research areas include the definition of neurophysiological correlates of 

behavior, modulation of brain functions, “systems-level” descriptions for the brain basis of learning, and the 

definition of cognitive processing “networks” (Jezzard, Matthews and Smith 2001). As an example, fMRI 

studies have brought up important clues regarding the mechanisms of neural representation of visual objects, as 

well as the neural paths associated to their encoding and recalling (Miyashita and Hayashi 2000). 

 

Due to their importance for both clinical and academic purposes, as has been described, great research and 

development efforts have been dedicated to the development of increasingly more advanced MRI technology, 

pursuing better temporal resolution, on the one hand, and better signal-to-noise ratios (SNR), on the other hand, 

which can lead to better spatial resolution. Specifically regarding SNR, recent technological advancements have 

allowed for the implementation of high-field MRI systems for human subjects (particularly at 7 T), potentially 

bringing significant improvements for image SNR (Edelstein, et al. 1986). However, recent studies conducted at 

high fields have identified important increases in signal fluctuations arising from temporally-correlated noise 

sources (particularly of physiological nature), and significantly compromising the increases expected for SNR 

(Triantafyllou, Hoge and Krueger, et al. 2005, van der Zwaag, Kober, et al. 2009). In order to counteract this 

 

Figure 1.1  Relative spatial and temporal sensitivity of different functional brain imaging methods with applications in 

human, animal, or in vitro models. Methods are organized in terms of their spatial and temporal resolution; invasiveness 

is also referred. Figure obtained from (Jezzard, Matthews and Smith 2001). 
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tendency and achieve the desired improvements, it becomes therefore essential to study these increased signal 

fluctuations at high-field fMRI, in order to explore adequate correction strategies. 

1.2 Fundamental principles of fMRI 

Magnetic Resonance Imaging (MRI) 

MRI is fundamentally based on the phenomenon of nuclear magnetic resonance (NMR), displayed by the 

nuclei of certain atomic species, and discovered by both Edward Purcell and Felix Bloch in 1946 (Jezzard, 

Matthews and Smith 2001). Protons and neutrons are known to possess a property designated as angular 

momentum of spin; this is the quantum equivalent of the classical angular momentum displayed by rotating 

macroscopic bodies, in the sense that it is quantized (only specific, discrete values are measured). Depending on 

the number of protons and neutrons in a certain atomic nucleus, it too can have a net angular momentum 

different from zero, and as nuclei are by nature positively charged particles, this angular momentum will be 

associated to a corresponding nuclear magnetic moment; in the case of biological tissues, hydrogen-1 nuclei are 

the most commonly considered for NMR studies, as oxygen-16 and carbon-12, for example, possess no net 

magnetic moment (Jezzard, Matthews and Smith 2001). 

In analogy with its classical equivalent, a nuclear magnetic moment can be represented as a vector with a 

specific direction and magnitude. In a sample of nuclei with non-zero magnetic moments, at rest, these are 

randomly oriented as represented in Figure 1.2a, and the resulting magnetization vector M of the sample equals 

zero; however, if a static magnetic field B0 is applied to the sample, as depicted in Figure 1.2b, each nucleus will 

adopt one of 2I+1 distinct energy levels, with I being the nuclear spin number (which depends on the 

composition of that nucleus) – each energy level corresponding to a specific orientation of the nuclear magnetic 

moment with respect to B0, while constantly precessing around the field direction (in a classical perspective). 

 

In the case of hydrogen-1 (I = ½), as presented in Figure 1.2b, these energy levels correspond to two opposite 

orientations: one of lowest energy, parallel to B0, and another of highest energy, antiparallel to B0; the difference 

in energy between these two states is proportional to the applied field strength. In the absence of thermal 

agitation, all nuclei would acquire the parallel conformation, leading the system to its absolute minimum energy 

state; however, at typical physiological temperatures, the energy involved in thermal agitation is significant and 

 

Figure 1.2  Behavior of a nuclei sample (with I ≠ 0) when placed in a strong magnetic field along z: (a) nuclear 

magnetic moments are initially randomly oriented; (b) gradually, the moments align either with the field or against it; the 

slight preferential alignment along the direction of the field acts as a single net magnetization vector M; (c) an oscillating 

B1 magnetic field can change the orientation of some of the nuclear moments until there is a net magnetization vector in 

the xy plane (d). Figure obtained from (Jezzard, Matthews and Smith 2001). 
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dominates the energy difference between parallel and antiparallel states – as an example, for an applied field of 

1.5 T, the Boltzmann equation predicts that only 10 nuclei in 1 million are expected to effectively contribute for 

a non-zero net magnetization (with the remaining nuclear moments cancelling each other out); this minute but 

essential effect is in fact what is measured in MRI acquisitions (Jezzard, Matthews and Smith 2001). 

In Figure 1.2c, the net magnetization M of a sample submitted to an applied magnetic field B0 is represented 

along with the small population of nuclei that effectively contribute for it, at a given instant; the magnetic 

moments of these spins can be regarded as if precessing around B0 at the so-called Larmor frequency, which is 

expected to be proportional to the field strength (hence proportional to the energy difference between the two 

opposite states as well); the Larmor frequency ωL can be defined as 

          (1.1) 

where γ is the gyromagnetic ratio. If a second, oscillatory magnetic field B1, transverse with respect to B0, is 

applied at a frequency similar to the Larmor frequency, usually in the radiofrequency (RF) band, then it will be 

at resonance with the precessing nuclei, and the resulting interactions can produce a global effect of rotating M to 

a different direction relatively to B0 (Jezzard, Matthews and Smith 2001). 

Assuming B0 to be along a direction z of space, if the net vector M is rotated to the xy plane (by what would 

be designated as a “90º pulse”), for example, as represented in Figure 1.2d, it can be detected by an adequately-

placed receiver coil by means of magnetic induction (based on Faraday‟s law). An important aspect of this 

process is that only the nuclei with Larmor frequencies very close to the one of B1 will indeed be affected; as the 

Larmor frequency is proportional to the applied field, if B0 is made to vary adequately across space, then 

spatially-selective nuclear excitation can be achieved, and differences in net magnetization across a given sample 

can be adequately discriminated. This is the essential principle on which MRI is based, as will be later described. 

As shown in Figure 1.3, the received signal oscillates at the Larmor frequency and its amplitude is maximum 

immediately after the 90º pulse is applied; subsequently, the energy absorbed by the sample from the stimulus is 

gradually dissipated, and as the net magnetization returns to equilibrium (parallel to B0), the signal disappears (as 

described, only xy components are detected by the coil). It should also be noted that B1 excitations of different 

duration result in different rotation angles for M (Jezzard, Matthews and Smith 2001). 

 

The mechanisms by which excitation energy is dissipated and M returns to equilibrium – a process known as 

relaxation, are of utmost importance for image contrast in MRI. In biological tissues such as the brain, MRI 

signals are provided mainly by the hydrogen-1 nuclei of water molecules; when these nuclei are excited, they 

undergo a complex process of relaxation involving energy dissipation by means of electromagnetic interactions 

 

Figure 1.3  A free induction decay (FID) experiment. A brief RF magnetic pulse oscillating at the Larmor frequency is 

applied and the signal is then detected. The free induction decay, demodulated at the scanner frequency, shows a decay 

of the signal and audio frequency oscillations. Figure obtained from (Jezzard, Matthews and Smith 2001). 



5 

 

with surrounding particles. Considering a sample of nuclei subjected to an applied field B0 oriented along a 

longitudinal direction (defined as the z-direction), and excited by a resonating field B1, the relaxation process of 

M can be described as a mixture of three distinct mechanisms: 

a) A mechanism known as T1 relaxation or spin-lattice relaxation, by which the excited protons dissipate 

their energy in interactions with surrounding molecules mediated by randomly-fluctuating magnetic 

fields; these temporary fields, although of small intensity, are increased by contributions from random 

molecular motion (translational, rotational, and vibrational), occurring at frequencies close to the Larmor 

frequency – the effectiveness of this mechanism depends, therefore, on both the strength of B0 and the 

motion characteristics of each tissue; this process contributes to the regeneration of M to its original 

direction (that is, it increases Mz). 

b) A mechanism known as T2 relaxation or spin-spin relaxation, by which the excited protons experience 

small variations in their Larmor frequency, induced by interactions with local-field low-frequency 

random fluctuations; these random field fluctuations, experienced at a molecular level, are generated by 

tumbling with neighboring nuclei – the process depends therefore mainly on the motion characteristics of 

each tissue; these small individual variations in the Larmor frequency lead to a general loss of phase 

coherence for the individual magnetic moments, thus resulting in decreases in the transverse component 

of the net magnetization, Mxy. 

c) Finally, a mechanism known as T2* relaxation is also of great importance (especially for fMRI); despite 

sharing similar principles to those of T2 relaxation, T2* mechanisms are associated to differences in 

Larmor frequency across a sample of nuclei due to magnetic field inhomogeneities (associated, for 

example, with the applied static field); these inhomogeneities can be caused by external factors (such as 

imperfections in the equipment), or by differences in magnetic susceptibility between brain structures (at 

the proximity of air/tissue interfaces, for example, or in blood vessels, as will be later described); as with 

T2 relaxation, these processes result in decreases in the transverse net magnetization, Mxy. 

It is worth mentioning that all these mechanisms are well modeled by exponential laws with characteristic 

time constants designated by T1, T2 and T2*, respectively. It should also be noted that, since T2* processes have 

systematic origins, they can be mitigated by applying 180º pulses (called refocusing pulses) as illustrated in 

Figure 1.4 – a technique designated by spin echo; T2 mechanisms, on the other hand, cannot be counteracted, as 

they are based on random processes (Jezzard, Matthews and Smith 2001). 

 

 

Figure 1.4  Comparison of a gradient echo and a spin echo experiment; (a) in a gradient echo experiment, both T2 and 

T2* quickly dephase the signal; (b) in a spin echo experiment, the T2* dephasing is refocused so that at the echo time 

(TE) the only loss in transverse magnetization is due to T2. Figure obtained from (Jezzard, Matthews and Smith 2001). 
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As previously mentioned, MRI techniques depend on the frequency specificity of NMR phenomena in order 

to be able to discriminate signal intensity across the three dimensions of space. In practice, this is accomplished 

by superimposing magnetic field gradients to the applied field B0, as to vary the Larmor frequency of nuclei 

across a given sample. A practical implementation of a longitudinal field gradient (usually perpendicular to the 

human axial plane) is illustrated in Figure 1.5a, where two coils are assembled in a Maxwell pair; the resulting 

magnetic field can be defined as 

              (1.2) 

where Gz is the field gradient or slope generated by the two coils. It can be demonstrated that, for a sample of 

nuclei under these conditions, an axial slice centered at a well-defined position along z and having a specific 

thickness can be selectively excited by application of an adequate RF magnetic pulse B1, modeled as a sinc 

function in the time domain (corresponding approximately to a square function in the frequency domain, 

centered at the desired Larmor frequency for z and ranging for the desired slice thickness) – this process allows 

for longitudinal selectivity and is known as slice selection (Webb 2003). 

 

Mathematically, the signal S from the precessing magnetization M (that is, the signal demodulated of the 

central resonance frequency ω0), acquired for a specific slice centered in z, can be expressed as 

                       
  

 (1.3) 

where Mxy(t,x,y) is a transverse magnetization “density” at a specific instant t and position (x,y,z), already 

integrated across the slice thickness (in the z direction). As can be seen, apart from slice selection, the obtention 

of images further requires adequate means of codifying information along the remaining directions of space. 

This is accomplished by processes of phase-encoding and frequency-encoding, again made possible by the 

utilization of field gradients (a diagram representing the complete set of equipment is presented in Figure 1.5b). 

A basic acquisition sequence is represented in Figure 1.6; defining y as the phase-encoding direction, this 

 

Figure 1.5  (a) Maxwell pair of coils for generating a field gradient that varies along the direction of the axis of the coils. 

(b) Block diagram of an MRI scanner. The scanner electronics produce signals that are amplified before being sent to the 

gradient or RF coils. The detected signal is then digitized for processing by the computer. Figure obtained from (Jezzard, 

Matthews and Smith 2001). 



7 

 

process relies on the application of a gradient Gy during a time period ηpe prior to data acquisition; this will 

introduce a spatially-dependent phase shift  y in the acquired signal Sz of the form 

                            (1.4) 

Several phase-encoding sequences followed by data acquisition need to be performed, using different values 

of Gy, as this will determine the spatial resolution obtained for the corresponding direction. Frequency-encoding 

(in the remaining x direction) is mediated by a third gradient Gx applied during data acquisition itself; this will 

introduce a second, spatially and temporally dependent phase shift  x in Sz of the form 

                      (1.5) 

 

As a result of both encoding mechanisms, Sz will vary along the acquisition time and will depend on the 

value utilized for Gy; resorting to a complex exponential representation of both transverse vectorial components 

of the magnetization (x and y), Sz can then be expressed as 

 

                           
                               

  

 

                           
                     

  

 

                     
                 

  

 

(1.6) 

with            and             . This last formulation highlights the analogy of Sz with the spatial 

Fourier transform of Mxy(x,y); indeed, the acquisition process here described can be regarded simply as the 

sampling of the Fourier transform of Mxy(x,y) for a specific set of values of kx and ky (adequately named the k-

space), which can then yield a map of Mxy(x,y) by means of an inverse Fourier transform. As would be expected, 

there is a close relationship between k-space parameters and image-space parameters: the image field-of-view 

(FOV) is inversely proportional to the resolution in k-space (Δk), and image resolution (Δx,y) is inversely 

 

Figure 1.6  Block diagram representing a basic 2D MRI acquisition sequence; phase-encoding and read-out sections are 

repeated for several values of Gy, in order to sample several phase-encoding lines in k-space; refocusing gradients are 

included to compensate for finite slice thickness and for T2* relaxation effects. 
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proportional to the maximum k-values sampled (given by                 and                   , 

respectively, with tro corresponding to the total time of read-out) (Webb 2003). 

The MRI principles here described form the basis of a wide range of techniques developed along the years; 

for instance, it is important to mention that the basic acquisition protocol presented above is considered a 2D 

acquisition method, in the sense that 2D slices are acquired separately; as will be later addressed, 3D extensions 

have been developed more recently in which a single, thick slab is excited by the RF pulse and the z-direction is 

taken as a second phase-encoding direction (Jezzard, Matthews and Smith 2001). 

fMRI and the blood oxygenation level-dependent (BOLD) contrast 

Perhaps the most important advantage of MRI with respect to other imaging methods is the enormous 

versatility and range of potential applications that can be developed from the basic principles described above. A 

particularly important branch is that of fMRI, which has had a profound impact on both academic research and 

clinical practice for the last two decades. One of the first and most important variants of fMRI techniques to date 

is that of BOLD fMRI, first introduced in 1993 by S. Ogawa (Ogawa, et al. 1993). 

Normal blood can be regarded as a concentrated solution of hemoglobin. As discovered by Pauling and 

Coryell in 1936, hemoglobin behaves as a diamagnetic substance when bound to oxygen (actively interacting 

with external magnetic fields in a repulsive way) and as a paramagnetic substance when deoxygenated 

(displaying no interactions with external fields) (Pauling and Coryell 1936). Therefore, changes in hemoglobin 

oxygenation will influence the magnetic susceptibility of blood, which in turn defines how it will interact with 

any applied magnetic field (and distort the corresponding magnetic flux). 

In 1990, Ogawa et al. reported gradient echo MRI signal loss around blood vessels of cat brains under 

hypoxia, an effect which would be reversed with normoxia; this was attributed to changes in the magnetic 

susceptibility of blood associated with deoxygenation, which would generate local field gradients between blood 

vessels and water in adjacent tissues, locally decreasing T2* (Ogawa, Lee, et al. 1990). 

In fact, both T2 and T2* mechanisms are thought to be associated with the BOLD effect: inside blood vessels, 

water protons diffuse freely in and out of red blood cells in the time scale of a common echo time (TE), 

experiencing rapidly changing magnetic fields around their vicinity, which induce shifts in their Larmor 

frequency; as blood oxygenation is decreased, the field gradients between red blood cells and their surroundings 

become stronger, therefore potentiating the shift effects in water protons, which can indeed be regarded as a T2 

relaxation process; on the other hand, in the tissues adjacent to blood vessels, extravascular water protons 

experience significant local field gradients with respect to the vessels (depending on proximity and relative 

orientation), which increase with blood deoxygenation; the resulting effect can be considered a T2* relaxation 

process (Jezzard, Matthews and Smith 2001). A general representation of the effects produced by both 

mechanisms in the Larmor frequency of water protons is presented in Figure 1.7. 

It has further been observed that both T2 and T2* processes increase with applied field strength; however, the 

first effect grows linearly with B0, while the second grows exponentially – thus, even if signal contributions from 

blood vessels are usually the largest, the application of stronger fields is expected to improve BOLD contrast in 

brain tissue relatively to that of blood vessels, allowing for more accurate mapping (Gati, et al. 1997). 

With the discovery of the BOLD effect, the association of changes in blood oxygenation with neural activity, 

and therefore with brain function, was an intuitive leap that soon followed, marking the birth of fMRI studies 
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(Ogawa, Tank, et al. 1992, Ogawa, Menon, et al. 1993). Despite this, however, it is important to keep in mind 

that the physiological mechanisms by which changes in blood oxygenation are coupled to neural activation have 

been found considerably complex, and in fact are still not fully understood: locally increased blood flow in 

active brain regions (known as the hemodynamic response) appears to be a consequence of increased energy 

utilization at the synapse, especially due to metabolic changes in neighboring astrocytes, associated with the 

increased uptake of glutamate (an excitatory neurotransmitter); local regulation factors such as nitric oxide, H
+
, 

and adenosine, as well as K
+
 released from neural membrane depolarization, are likely to play an important role 

in this process as well; the causal relationship between neural activation and blood flow changes must, however, 

be regarded carefully, as contradictory observations have arised as to whether inhibitory neural activity is indeed 

necessarily coupled to increased energy utilization (Jezzard, Matthews and Smith 2001). 

 

Another aspect of great importance is the temporal resolution and morphology of the BOLD response; as 

considerably slow mechanisms are involved (namely blood flow variations), the overall response to a short 

visual stimulus may last for approximately 20s in the visual cortex. In these well-studied brain regions, the 

observed response to a short stimulus normally comprises an initial decrease in signal intensity (known as the 

early “dip”) during the first second, followed by a progressive increase that lasts for about 2–4s (Ernst and 

Hennig 1994); if the stimulus has stopped, the BOLD signal again decreases over a few seconds, reaching a level 

below the initial baseline (a stage known as the “undershoot”); a slow recover to the baseline level then follows, 

lasting for about 12–18s (Jezzard, Matthews and Smith 2001). 

The physiological mechanisms underlying the BOLD response can be regarded as the following: the initial 

“dip” is attributed to a rapid deoxygenation of capillary blood caused by suddenly-increased synaptic activity, 

along with an increase of blood volume in draining veins; an increase in blood flow of about 50–70% shortly 

follows, compensating the increased rate of local oxygen consumption (which is only of 2–5%) – as a result, the 

rate between oxy- and deoxyhemoglobin rises, and so does the acquired signal; finally, as the stimulus stops, 

blood flow returns to normal; the “undershoot” phenomenon is thought to be due to a more slowly-resolving 

increase in cerebral blood volume (Jezzard, Matthews and Smith 2001). 

 

Figure 1.7  General representation of the BOLD effect, including the coupling of neural activation with local blood 

flow, and the corresponding effects on T2 and T2* relaxation mechanisms. Figure obtained from (Lundervold 1998). 
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The BOLD response here described for a short stimulus is known as a hemodynamic response function 

(HRF), as exemplified in Figure 1.8a,b for real data; several studies have been dedicated to investigating the 

conditions under which an analogy with impulse response functions of linear time-invariant (LTI) systems is 

acceptable, as this would allow the use of a simple canonical HRF (such as the ones illustrated in Figure 1.8c,d) 

to model more complex BOLD effects; important studies have suggested that while this approach is inadequate 

to model responses to long-duration stimuli (where phenomena such as physiological habituation, for instance, 

may become significant (Bandettini, et al. 1997)), it should provide a reasonable approximation in cases where 

the stimulus duration is acceptably close to what is considered an “impulse” (Logothetis and Wandell 2004). 

 

Apart from BOLD, more recently, other approaches have been explored such as perfusion fMRI, which relies 

in the use of contrast agents or in arterial spin labeling (ASL) techniques; these have gained interest due to their 

capability of providing more quantitative and direct measures than BOLD. ASL methods, in particular, rely on 

the transient magnetic “labeling” of water protons travelling proximal blood vessels (by means of inversion RF 

pulses), yielding a signal which is directly proportional to cerebral perfusion (Detre, et al. 1994). Nonetheless, 

these techniques still remain inferior to BOLD in terms of image SNR (Jezzard, Matthews and Smith 2001). 

Echo planar imaging (EPI) and echo volumar imaging (EVI) 

As can be deduced from the principles described in the previous section, fMRI studies require the acquisition 

of multiple T2*-weighted MRI images along a certain period of time (during which the subject of the experiment 

is submitted to a preprogrammed paradigm, or remains simply at rest, for example). With this purpose in mind, 

the correct choice of acquisition parameters is extremely important; in particular, the selection of an adequate TE 

is essential to maximize the BOLD signal, as it is meant to be a T2*-based contrast – thus, the optimal TE for a 

 

Figure 1.8  Time course of the BOLD response. (upper) Data from experiments in motor cortex (open circles) and visual 

cortex (open squares); the two panels show measurements in response to a visual stimulus or movement of 2 s (a) or 8 s 

duration (b). (lower) Theoretical HRFs used in statistical analysis of the BOLD response. These curves are intended to 

model the response to brief stimuli of unit amplitude. Figure obtained from (Logothetis and Wandell 2004). 
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certain situation should lie between the T2* values of the activated and the resting state (Jezzard, Matthews and 

Smith 2001). The adopted acquisition protocol is also an aspect of critical importance; although the characteristic 

time scale of BOLD effects is considerably large, signal instabilities originating from head motion or from 

physiological processes (such as the cardiac and the respiratory cycle) have been observed to easily become of 

the same order or even overshadow the BOLD signal if acquisition times are too large; this has called for the 

need of specifically-designed acquisition techniques generally known as ultra-fast fMRI; in the past years, the 

most commonly used of these techniques is that of EPI (Jezzard, Matthews and Smith 2001). 

EPI is considered a gradient echo method, in the sense that it relies on the design of appropriate gradient 

sequences such that gradient-induced spin dephasing effects are minimized (by refocusing) at the instant of TE. 

In its particular case, EPI achieves significantly low acquisition times by acquiring a full 2D image within a 

single RF excitation; the process can be more easily described in a k-space perspective, as the common example 

presented in Figure 1.9. The k-space samples are acquired in a rectilinear zigzag trajectory, generated by a 

blipped gradient scheme; repeated reversals of the read-out gradient allow for repeated refocusing of gradient-

induced dephasing effects, resulting in a train of gradient echoes following the RF pulse (Johnson, et al. 1983). 

 

Despite their obvious advantages in terms of acquisition speed, EPI techniques are affected by significant 

limitations which need to be adequately accounted for: the resonance frequency of hydrogen-1 protons in fat 

tissues have a chemical shift that accumulates in both encoding directions, and as the phase-encoding direction 

has a relatively low bandwidth (20–30 Hz/pixel), substantial displacements of the fat signal are observed – this is 

usually corrected by fat suppression techniques; inhomogeneities in the main magnetic field caused by technical 

limitations or by susceptibility effects generate off-resonance artifacts of water spins, resulting in geometric 

distortions – these can be minimized by adequate field shimming techniques and by the mapping and posterior 

compensation of field inhomogeneities (Jezzard and Balaban 1995); the successive alternation of the read-out 

gradient polarity between successive k-space lines produces an alternation in the direction of phase shifts at 

gradient echo instants, resulting in Nyquist ghosting artifacts in the phase-encoding direction shifted by half of 

the image FOV – this is usually compensated by post-processing methods that may or may not require the 

 

Figure 1.9  A blipped EPI pulse sequence (a) and its k-space traversal diagram (b) for a 12×12 point gradient echo 

image. The initial phase gradient moves the acquisition to the edge of k-space in the phase-encoding direction. The 

alternating read gradient then causes a train of gradient echoes to be formed and the subsequent gradient „blips‟ on the 

phase axis serve to step the acquisition through k-space in the phase-encoding direction. The combination of readout and 

phase-encoding gradients yields a rectilinear array of data points in k-space with the direction of the readout gradient 

being switched for alternate lines. Figure obtained from (Jezzard, Matthews and Smith 2001). 
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preliminary acquisition of a non-phase-encoded dataset (Jezzard, Matthews and Smith 2001). The effects 

produced by some of these limitations are illustrated for specific real image samples in Figure 1.10. Despite 

these, however, due to their high sampling speed, with adequate spatial resolution and neural activation 

sensitivity, EPI methods have become the most widely used techniques for fMRI data acquisition (Norris 2006). 

 

Standard EPI is by nature a 2D technique, as only single slices are acquired; however, whole-brain coverage 

can still be achieved by means of a natural extension known as multi-slice EPI, where multiple slices are 

acquired in a single repetition time (TR), which is usually made relatively long (2–3s). On the other hand, EPI 

techniques can also be adapted to yield true 3D acquisition techniques, generally known as EVI; in its more basic 

form, EVI can be simply regarded as the 3D extension of EPI: a thick slab is excited by a single RF pulse, and 

longitudinal selectivity is achieved by including a second phase-encoding gradient along that direction – the 

whole volume is then acquired in that single excitation as a 3D k-space (Johnson, et al. 1983). These methods 

potentially display important advantages with respect to 2D EPI techniques: because entire volumes are excited 

at once, more nuclei contribute to the MRI signal, on the one hand, and acquisition parameters can be optimized 

globally, on the other hand, both factors resulting in SNR improvements; furthermore, small head motion effects 

occurring between images also tend to be more easily corrected (Jezzard, Matthews and Smith 2001). 

Despite these advantages, some specific complications also arise for 3D methods: a minimum number of 

about 16 slices has to be chosen in order to avoid significant ringing effects in the longitudinal direction, and 

unless whole-brain images are acquired, “wrap-around” artifacts also become a problematic aspect; furthermore, 

the slab profile of excited volumes is usually imperfect towards the ends, and a number of the outermost slices 

need to be discarded after Fourier reconstruction (Jezzard, Matthews and Smith 2001). Other important 

limitations include, for example, higher sensitivity to magnetic field inhomogeneities and Nyquist ghosting 

(especially in the less-frequently switched phase encoding direction), and lower sensitivity to the BOLD contrast 

(as the adopted TE tends to become considerably large and might in fact surpass the T2* of gray matter); several 

studies have been dedicated to these issues and to the development of adequate correction methods (van der 

Zwaag, Francis and Bowtell 2006, Rabrait, et al. 2008). Finally, important differences have also been observed 

regarding the sensitivity of 3D methods to signal fluctuations originated from physiological processes (van der 

Zwaag, Kober, et al. 2009); as 3D acquisitions tend to last longer (in terms of the required TR), they become 

more susceptible to this type of noise (Jezzard, Matthews and Smith 2001, Poser, et al. 2010); physiological 

noise sources will be later addressed in greater detail. 

 

Figure 1.10  Conventional spin echo images (a,b) and gradient echo EPI images (c,d) with 64×64 (a,c) and 128×128 

voxels (b,d) corresponding to isotropic resolutions of 4×4×4mm3 and 2×2×2mm3 respectively. EPI images were 

obtained using TE = 60ms and TR = 3s. The lower resolution EPI image exhibits clear signal loss in the region of poor 

homogeneity in the prefrontal cortex, which is absent in the higher resolution EPI and both spin echo images. Nyquist 

ghosting is evident in the phase-encoding direction of (c). Figure obtained from (Jezzard, Matthews and Smith 2001). 
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1.3 State of the art 

Challenges of high-field imaging 

The versatility of MRI techniques and the quality of the results obtained depend on a wide range of technical 

factors and have therefore benefitted from continual improvements in scanning equipment and acquisition 

protocols over the years. One of the most important of these aspects is the strength of the applied static magnetic 

field, B0. In earlier studies, Edelstein et al. provided a theoretical demonstration indicating image SNR to be 

proportional to the applied field B0, with thermal noise increasing linearly with B0 and signal intensity S 

increasing with its square; this argument is based on the schematic diagram of part of an NMR receiving antenna 

presented in Figure 1.11. 

 

Regarding the illustrated scheme, tuned circuit losses and sample dissipation are modeled by the noise 

voltage spectral densities vt and vs, respectively, which are proportional to the square root of resistances Rt and 

Rs, according to the Johnson noise formula. The NMR signal S varies with the oscillatory magnetization M and 

its corresponding frequency ω as 

   
  

  
    (1.7) 

in accordance with Faraday‟s law. Under the assumption that the energy separation between nuclear spin states is 

small when compared to kT (with k being the Boltzmann‟s constant and T being the absolute temperature), M can 

be considered proportional to B0, as is the case of ω (which is close to the Larmor frequency); hence, S is 

deemed proportional to B0
2
. On the other hand, assuming that for a fixed geometry of coil and sample the resistor 

Rs is also proportional to ω
2
, the sample dissipation noise signal vs becomes thus proportional to B0, and the SNR 

will therefore depend linearly on the applied field (Edelstein, et al. 1986). 

These predictions were experimentally confirmed for different field strengths at the ranges available at the 

time; as higher SNR potentially allows for higher sensitivity and spatial resolution in fMRI data, this would 

suggest a direct and significant advantage in seeking the highest field strengths possible. However, this model 

assumes that thermally generated random noise originated from the subject and from scanner electronics is the 

dominant noise source; contrarily to this hypothesis, more recent studies conducted at high fields have pointed 

out significant increases in noise from non-thermal sources, which include subject motion, physiological 

 

Figure 1.11  Schematic diagram of part of the NMR receiver chain. The receiving antenna is a tuned circuit consisting 

of a winding with inductance L tuned by capacitance C. Electrical losses in the coil are represented by the resistor Rt, and 

noise source vt, and losses in the subject are represented by resistor Rs, and noise source vs. The antenna is connected to 

preamplifier A via a matching network. Figure obtained from (Edelstein, et al. 1986). 
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processes, and spontaneous neural activity (Krüger, Kastrup and Glover 2001, Triantafyllou, et al. 2005, Kruger 

and Glover 2001); these increased contributions were manifested as saturation tendencies for the image SNR as 

field strength is increased. In order to account for these additional contributions, Krüger et al. proposed a 

modified model in which the total noise ζ in an image is composed of at least three different noise sources: 

      
    

    
  (1.8) 

where ζT corresponds to thermal noise contributions (from the subject and from scanner electronics), and ζS 

corresponds to systematic noise contributions (from scanner drift and technical imperfections) – which combined 

yield the total raw noise,   
    

    
 , assumed proportional to B0 but independent of signal strength; ζP 

corresponds to physiological noise contributions, which arise from fluctuations in the basal brain metabolism, 

blood flow and blood volume, including quasi-periodic oscillations originated from cardiac and respiratory 

functions – it is therefore signal-dependent:      , with λ being a system-independent constant that expresses 

a physical measure of SNR degradation by signal-dependent fluctuations; defining image SNR as 

     
 

 
 (1.9) 

and further considering a purely thermal signal-to-noise ratio,          , the image SNR becomes 

     
    

         
 
 (1.10) 

Thus, for an ideal system completely insensitive to signal-dependent fluctuations (λ = 0), the SNR becomes the 

traditional SNR0, while for real systems an asymptotic limit is imposed to the achievable SNR, thus limiting the 

potential advantages of applying stronger static fields. This model proved adequate for experimental data 

acquired at high fields, as is illustrated in Figure 1.12. 

 

 

Figure 1.12  Image or temporal SNR as a function of SNR0. (left) Data acquired for various excitation flip angles (α) at 

1.5T (squares) and 3T (triangles); a prediction for 4T is made assuming similar coil and system noise (Krüger, Kastrup 

and Glover 2001). (right) Similar results obtained at 1.5 T, 3 T, and additionally at 7 T (Triantafyllou, Hoge and 

Krueger, et al. 2005). In both cases, an identity line is included for comparison purposes (respectively a dashed line or a 

continuous line). 
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Physiological noise in fMRI 

In fMRI studies, as introduced in previous sections, physiological noise appears as a type of spatially and 

temporally correlated noise generated by fluctuations in the basal brain metabolism, cerebral blood flow, and 

cerebral blood volume (Kruger and Glover 2001). In the past years, several distinct mechanisms of physiological 

basis have been studied and proposed for this type of noise, along with specific correction methods; the most 

important of these findings are summarized below. 

Pulsatility of blood flow in the brain, magnetic field changes induced by respiratory motion (by means of 

thoracic modulation), and bulk head motion also associated with respiratory movements have been observed to 

induce quasi-periodic fMRI signal oscillations at an appreciable scale (Noll and Schneider 1994, Dagli, 

Ingeholm and Haxby 1999); these added noise components have, in fact, demonstrated the potential to become 

comparable to the signals of interest, degrading neural activation detection sensitivity and/or compromising 

event-related analyses (Glover, Li and Ress 2000, Liston, et al. 2006). In Figure 1.13, results from a finite 

impulse decay (FID) experiment with a volunteer performing a breath-holding exercise are presented, where 

signal oscillations associated with respiratory and cardiac cycles become evident (considering the fundamental 

time periods of the observed oscillations); as can be seen, both amplitude and phase components of the acquired 

signal are significantly affected by these noise contributions (Noll and Schneider 1994). 

 

Besides its more direct, phase-related influences on the magnetic susceptibility of brain tissues, the 

respiratory process can further affect BOLD signals by inducing changes in the arterial levels of CO2, which is a 

potent vasodilator. Recent studies have identified small, low-frequency fluctuations in end-tidal CO2 occurring 

naturally during normal breathing, at rest; these non-periodic fluctuations are hypothetically induced by subtle 

changes in breathing rate and depth, and were found to be significantly correlated with BOLD signal fluctuations 

measured simultaneously with the partial pressure of end-tidal CO2 (Wise, et al. 2004, Birn, et al. 2006). In 

Figure 1.14 (left), the average BOLD signal intensity over different regions of interest (gray matter and white 

matter) is presented as a function of breath-hold duration; as can be observed, supporting the hypothesized 

 

Figure 1.13  Slice averaged FID signal (amplitude and phase) using a TE of 40ms, acquired from a volunteer 

performing a breath-holding exercise. Breathhold begins at t = 9s, with respiratory noise being the dominant component 

until that instant, and cardiac noise becoming evident afterwards. Figure obtained from (Noll and Schneider 1994). 
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importance of end-tidal CO2 as a potent vasodilator, increases in signal intensity with breath-hold duration were 

consistently found in gray matter, but not in white matter regions (Stillman, Hu and Jerosch-Herold 1995). 

Similarly to respiration, cardiac processes have also been associated with more indirect, non-phase-related 

effects in fMRI signals. Systemic cardiovascular fluctuations (low-frequency oscillations in the heart rate and 

arterial blood pressure) have been suggested to account for an important part of the information carried by 

oscillations in cerebral hemodynamics, specifically those related to oxyhemoglobin concentration (which is an 

essential aspect of the BOLD contrast) (Katura, et al. 2006); moreover, across-beat fluctuations in heart rate have 

been identified in several frequency bands (as illustrated in Figure 1.14 (right), for an animal model), including 

the low-frequency regions under 0.1Hz investigated in studies of resting-state functional connectivity (Cohen 

and Taylor 2002). Considering these arguments, it therefore becomes both reasonable and important to regard 

low-frequency heart rate fluctuations as a potential source of non-periodic noise contributions for fMRI BOLD 

signals (Shmueli, et al. 2007, de Munck, et al. 2008). 

 

As previously stated, physiological noise increases with signal strength (which varies, for example, with the 

intensity of the applied field), therefore becoming a larger fraction of total noise as the signal strength increases 

(Krüger, Kastrup and Glover 2001, Triantafyllou, et al. 2005); since these noise sources have a significant 

negative impact on SNR (being especially deleterious for resting state studies, for example, which focus on low-

frequency signal variations and lack external stimulation (Cordes, et al. 2001)), great effort has been dedicated in 

the past years to the characterization of physiological noise and the development of effective correction methods. 

A wide variety of approaches for physiological noise correction have been proposed. Some methods act 

directly on k-space information, in both magnitude and phase data (Le and Hu 1996, Wowk, McIntyre and 

Saunders 1997), while other methods are applied to the reconstructed image data (Glover, Li and Ress 2000, 

Birn, et al. 2006, Deckers, et al. 2006, Shmueli, et al. 2007) – since k-space methods may introduce spatial 

correlations and are unable to deal with spatially-localized noise (as changes made in k-space affect all image 

voxels), the direct correction of reconstructed image data has become the preferred approach. In earlier studies, 

 

Figure 1.14  (left) Mean fMRI signal intensity measurements as a function of breath-hold duration. The solid curves 

represent least squares fits to quadratic polynomials. It is seen that over the breath-hold period the signal intensity in the 

gray matter is approximately quadratic. There is no significant change in the white matter. Figure obtained from 

(Stillman, Hu and Jerosch-Herold 1995). (right) Normalized power spectrum of heart rate fluctuations in the adult 

conscious dog. Figure obtained from (Akselrod, et al. 1981). 
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fixed bandwidth band-reject temporal filtering methods were proposed to remove noise located at the 

fundamental frequencies of cardiac and respiratory processes (Biswal, DeYoe and Hyde 1996); however, this 

type of approach is less often adopted in present studies, as it assumes stationarity of physiological frequencies 

and adequate temporal sampling (so that fundamental frequencies are not aliased, which only happens if very 

short TR values are adopted), and it cannot be applied if task-related signal components are present in the 

rejected frequency band. Some correction methods have been designed to include physiological information, 

acquired simultaneously with fMRI data (by means of a pulse oximeter or a respiratory pneumatic belt, for 

example), and take this information into account for noise correction (Birn, et al. 2006, Shmueli, et al. 2007, 

Bianciardi, Fukunaga, et al. 2009), while other approaches attempt to estimate physiological noise directly from 

fMRI data (Bianciardi, van Gelderen, et al. 2009). Finally, correction methods also differ in the way the 

estimated noise is accounted for in further analysis steps, with some approaches aiming at straightforward noise 

correction (Glover, Li and Ress 2000), while others retain noise measures for “nuisance variable regression”, 

where noise time course regressors are created and included in general linear model (GLM) analyses (Bianciardi, 

Fukunaga, et al. 2009) – this latter approach is often the most advantageous, as it does not interfere with the 

detection of functional activation. 

Improving the SNR at high-field fMRI 

Besides static field strength, the noise characteristics of fMRI acquisitions are significantly affected by other 

key elements such as the gradient coils and the radiofrequency transmitter and receiver coils (Jezzard, Matthews 

and Smith 2001). The scanning parameters selected for each experiment are also of great importance; as an 

example, Kruger et al. have observed that certain components of physiological noise (specifically hypothesized 

to be linked to BOLD-related brain physiology) depend significantly on the acquisition TE, as shown in Figure 

1.15; in fact, by repeatedly changing both TE and the excitation flip angle (α) in order to vary signal strength, it 

becomes possible to separate and quantify different physiological noise components (Kruger and Glover 2001). 

As previously mentioned, the acquisition TR is also extremely important – larger TR values tend to increase the 

susceptibility to physiological noise (Jezzard, Matthews and Smith 2001), while shorter values, when tangible, 

can be used as a relevant measure for noise minimization (Poser, et al. 2010). 

 

 

Figure 1.15  BOLD-related physiological noise component σB (normalized by the respective raw noise σ0) in cortical 

gray matter regions, as a function of TE for six different subjects. Figure obtained from (Kruger and Glover 2001). 
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Finally, the design of acquisition protocols is also a critical aspect; as has been stated, due to their high 

sampling speed, with adequate detection sensitivity and spatial resolution, 2D EPI methods have become the 

most widely used techniques for fMRI data acquisition (Norris 2006). With the development of high-field 

imaging and the subsequent possibility of achieving higher spatial resolution, however, the acquisition matrix 

sizes tend to become considerably larger, requiring undesirably long echo train sequences in multi-slice EPI 

techniques; in order to avoid this problem, a growing interest has been shifted to three dimensional techniques 

such as EVI, in which, as referred, an entire volume is excited by the RF pulse, and acquired partially or entirely 

in a single TR (van der Zwaag, Francis and Bowtell 2006, Poser, et al. 2010). 

In addition to this, and along with the previously mentioned potential advantages in terms of image SNR, this 

growing interest regarding 3D methods has further been encouraged by studies showing that physiological noise 

contributions can in fact be mitigated by reducing voxel size (Triantafyllou, Hoge and Krueger, et al. 2005), as 

evinced in Figure 1.16 (left) – thus increasing the benefits of improved spatial resolution, and consequently of 

acquisition methods capable of achieving it effectively, especially for high-field imaging where noise of 

physiological nature becomes more problematic (Triantafyllou, Hoge and Wald 2006). 

 

Apart from the promising advantages described above, as previously mentioned, EVI techniques do have a 

number of important limitations – most of which have been addressed by recent studies, with many useful 

correction measures being proposed and developed. Physiological noise sensitivity is not a particularly important 

problem for single-shot EVI methods, as full k-space volumes are acquired in relatively low TR ranges (usually 

around 100-200ms), thus allowing for adequate temporal sampling of physiological noise contributions – each 

image volume being as little sensitive to this type of noise as single image slices obtained with standard EPI 

techniques. On the other hand, single-shot EVI methods are often avoided due to the heavy performance 

demands imposed on gradient hardware (namely gradient strength and rise time), as large amounts of 3D 

information need to be encoded in a single FID (van der Zwaag, Francis and Bowtell 2006). In order to avoid 

this problem, alternative variants of the single-shot approach have been proposed in which k-space volumes are 

 

Figure 1.16  (left) Ratio of physiological to thermal noise as a function of voxel volume; measurements were derived 

from cortical gray matter areas and are averages over five subjects at each field strength. Figure obtained from 

(Triantafyllou, Hoge and Krueger, et al. 2005). (right) temporal SNR (tSNR) as a function of spatial SNR acquired for 

phantom data and for human white matter regions, utilizing either a standard EPI or a segmented EVI technique. Figure 

obtained from (van der Zwaag, Kober, et al. 2009). 



19 

 

acquired in parts or “segments” throughout multiple RF excitations (van der Zwaag, Kober, et al. 2009, Poser, et 

al. 2010); as a negative side effect, however, total times for whole-volume acquisition do become proportionally 

larger (as the TR for each k-space part remains short, but several repetitions are needed to account for all parts), 

thus leading to important increases in physiological noise contributions, as illustrated in Figure 1.16 (right) for a 

segmented EVI technique; as is shown, although for phantom data (where no physiological noise is present) the 

3D method under study was capable of yielding higher temporal SNR than standard 2D techniques, the results 

obtained for real human data display the opposite behavior (van der Zwaag, Kober, et al. 2009). 

At high fields, the above-mentioned tendencies, if not adequately accounted for, will worsen the already 

problematic temporal SNR saturation effects and thus compromise the potential advantages of segmented EVI 

techniques. It becomes therefore essential to study the physiological noise characteristics of signals obtained 

with these novel 3D methods, in order to properly account for their effects. 

1.4 Goals 

This work focused on the study of high-field fMRI signal fluctuations considering two distinct acquisition 

methods – a standard (2D) EPI technique, and a novel (3D) segmented EVI technique. Data obtained with these 

two methods were analyzed and compared regarding two main aspects: 

a) The characteristics of fMRI signal fluctuations in terms of the relative contributions of different noise 

sources, with special attention to those specifically associated with physiological processes; 

b) The applicability of noise correction approaches and the evaluation of their effectiveness, particularly in 

terms of improved sensitivity to external stimuli-induced neural activation. 

Hence, this comparative study was conducted to evaluate the advantages of adopting a 3D EVI technique 

with respect to a more standard 2D method, specifically regarding its behavior in terms of physiologically-

induced signal fluctuations. 

1.5 Approach 

In order to accomplish the above-stated objectives, this work comprised the acquisition of fMRI data at 7 

Tesla from a population of healthy subjects using both a standard EPI technique and a segmented EVI technique, 

followed by the computational analysis of these data in two distinct approaches: 

a) A principal component analysis (PCA)-based approach, in which correlated noise components are 

estimated directly from fMRI data (both from a visual paradigm experiment and from an experiment at 

rest), by means of PCA, and subsequently utilized as noise regressors for GLM analyses of fMRI data 

from the visual paradigm experiment; the effectiveness of this purely corrective approach was evaluated 

mainly in terms of the amount of signal information explained by noise regressors, variations in SNR, 

and changes in activation detection sensitivity, among other measures. 

b) A physiological regressor (PR)-based approach, in which noise regressors are created from physiological 

data (pulse oximetry and respiratory amplitude) which were acquired simultaneously with fMRI data, 

and are subsequently applied in GLM analyses; the effectiveness of this approach as a noise correction 

method was evaluated with similar outcome measures to those adopted for the PCA-based approach; 

further information regarding the characteristics of different physiological noise components was 

obtained by determining the amounts of signal information explained by each individual noise regressor. 
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For each of these approaches, comparisons between results obtained with the 2D and the 3D acquisition 

techniques were taken into account; the two approaches were also compared in terms of their effectiveness as 

noise correction methods. 

1.6 Outline of this thesis 

This text was structured in four main chapters: Chapter 1, which corresponds to the present section, aims at 

delivering an introductory overview of the problem under study, describing its motivation, its basic principles 

and state-of-the-art background, the goals established for this work, and a general overview of the approach 

adopted to pursue those goals; Chapter 2 comprises an in-depth description of the materials and methods utilized 

throughout this work, including data sources, data acquisition techniques, computational methods for signal 

analysis, and the measures adopted to evaluate results; in Chapter 3, results are presented for the two main fMRI 

analysis approaches under study, as well as for physiological peak detection (an intermediate analysis step of 

significant importance); Chapter 4 presents a discussion of the obtained results, which includes the comparison 

between different peak detection algorithms, the characterization of physiological noise, the evaluation of 

correction methodologies, and finally the presentation of some general concluding remarks, along with ideas 

considered of potential interest for future work. 
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Chapter 2  

2 Methods 

The present chapter comprises an in-depth description of the methods utilized throughout this work. Firstly, 

MRI and physiological data sources and acquisition techniques are addressed (section 2.1), followed by a 

description of the methods adopted for data analysis – this is divided into two main parts, dedicated to the two 

main types of data under study: physiological data (section 2.2), and MRI data (section 2.3). The description of 

MRI data analysis methods was itself divided into two main parts corresponding to the two adopted methods of 

analysis – the PCA-based approach, and the PR-based approach. 

2.1 Data acquisition 

Data analyzed in this work were acquired from a population of healthy subjects submitted to a sequence of 

four acquisition runs, counterbalanced across subjects; each run was conducted either at rest, with eyes closed, or 

featuring a localizer (Loc) visual stimulation paradigm, and utilizing either the 2D or the 3D fMRI acquisition 

technique – thus comprising a total of four distinct runs for each subject. Both fMRI data and physiological data 

(respiratory amplitude and pulse oximetry) were acquired and recorded simultaneously. 

2.1.1 Subjects 

The present study involved a total of ten healthy subjects (average age 26 ± 4 years, comprising four males 

and six females). The study received approval from the institutional review board of the local ethics committee, 

and all subjects provided written informed consent. Posterior data analysis led to the exclusion of one subject 

from PR-based analyses (due to corrupted physiological recordings), and of a second subject from both PR-

based and PCA-based analyses – as illustrated in Figure 2.1 (left), this subject showed anomalously low levels of 

visual stimuli-induced neural activation in Loc data, especially for 2D acquisitions. As a result, PCA-based 

analyses were conducted for a population of nine subjects (NPCA = 9), while PR-based analyses where conducted 

for a population of eight (NPR = 8). 

2.1.2 Localizer paradigm 

Visual stimulation runs employed a standard localizer paradigm where images representing faces (F), houses 

(H), objects (O) and scrambled objects (S) were presented to the subject in a block design (18s-length blocks in 

counterbalanced sequences separated by fixation-only intervals), as illustrated in Figure 2.1 (right). This 

methodology was based on localizer paradigm variants commonly adopted in the literature, and expected to 

produce well-defined cognitive effects (Ishai, et al. 2000, Peelen and Downing 2005, Sorger, et al. 2007). 
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2.1.3 MRI data acquisition 

Scanning equipment 

MRI data were acquired using a human 7-T/680-mm scanner (Siemens Medical Solutions, Erlangen, 

Germany), equipped with a gradient insert coil (Gmax = 80 mT/m, Gslew = 400 T/m per second) and a custom 

designed eight-channel head array coil (RAPID Biomedical GmbH, Germany). 

2D functional data acquisition – multi-slice EPI 

Functional data acquisition relied on two distinct techniques, one of which was a standard multi-slice (2D) 

EPI method. Multi-slice EPI volumes consisted of 40 interleaved slices with 2mm thickness and matrix sizes of 

104×104 voxels; each full volume required a total acquisition time of 3.2s (TR2D = 3200ms), employing a TE of 

25ms and a pulse flip-angle α2D of 63–65º (depending on the specific absorption ratio (SAR) limit of each 

subject); an acquisition bandwidth of 1456 Hz/voxel was used; acquisitions considered an FOV of 210×210mm
2
, 

thus resulting in a 2×2×2mm
3 
spatial resolution; during each run (both Loc and Rest) a total of 112 volumes were 

acquired. A typical example of a full image volume acquired with this technique is presented in Figure 2.2a. 

3D functional data acquisition – segmented EVI 

The second technique adopted for fMRI data acquisition is known as segmented EVI, a variant of the basic 

3D EVI technique (as has been previously described). In segmented EVI, each RF pulse does induce the 

excitation of a thick slab corresponding to the whole volume of interest, but only a single k-space plane 

(designated a segment) is acquired during that TR; thus, each of the acquired segments contains information 

from the whole image volume of interest (similarly to the basic EVI method), while requiring shorter echo trains 

and therefore lower TR values (although increasing the number of necessary RF excitations to acquire the full k-

space volume). In this work, excitations were performed using a five-lobe sinc pulse, in order to yield a good 

slab profile; 3D volumes consisted of 104×104×40 voxel matrices (the equivalent to 40 EPI slices), with the 

          

Figure 2.1  (left) Comparison of 2D and 3D Loc activation data from two subjects, the first of which was considered a 

typical case of the population under study, while the second was excluded from both analysis approaches due to 

anomalously low levels of activation, especially in 2D data; intensity scales in this figure are not normalized across the 

four images – only cluster size and localization should thus be regarded for comparison. (right) Typical block design 

adopted for the localizer paradigm. The four different visual stimulation categories were presented in counterbalanced 

block sequences separated by fixation-only intervals (represented in white with a black dot). 
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acquisition of each k-space segment being followed by the application of a crusher gradient; each full volume 

required a total acquisition time of 3.2s (TR3D = 80ms, with a total of 40 segments being acquired), employing a 

TE of 25ms and a pulse flip-angle α3D of 18º; an acquisition bandwidth of 1456 Hz/voxel was used; as with the 

2D technique, 3D acquisitions considered an FOV of 210×210mm
2
, thus resulting in a spatial resolution of 

2×2×2mm
3 

as well; similarly, during each run (both Loc and Rest) a total of 112 volumes were acquired. A 

typical example of a full image volume acquired with this technique is presented in Figure 2.2b. 

 

 

Figure 2.2  Raw functional image data acquired with (a) the 2D EPI technique and (b) the 3D segmented EVI technique; 

these are whole-brain data of an intermediate temporal instant, presented in terms of axial slices; FOV positioning and 

orientation were intended to avoid suceptibility artifacts in the interfaces with air in nasal cavities. 

a)

b)
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Structural data acquisition 

In addition to functional data, whole-brain structural MRI images were also acquired for each subject to aid 

registration processing steps (as will be later described). High-resolution images were acquired by means of an 

MP2RAGE protocol (Marques, et al. 2010), specifically developed to address certain particular issues of high-

field imaging; as illustrated in Figure 2.3, this acquisition protocol yielded two T1-weighted image variants 

(respectively designated by “FLAT” and “INV”), with different signal and noise characteristics; both image 

variants were acquired with matrix sizes of 240×256×160 voxels and a spatial resolution of 1×1×1mm
3
. Apart 

from these, low-resolution whole-brain T2*-weighted images were also acquired; these were entirely similar to 

2D EPI images (with a similar spatial resolution of 2×2×2mm
3
), apart from containing more slices, thereby 

covering a wider range of the brain in the longitudinal direction (with matrix sizes of 104×104×80 voxels). 

 

2.1.4 Physiological data acquisition 

Apart from fMRI data acquisition, respiratory amplitude (Pennock 1990) and pulse oximetry levels (Jubran 

1999) were also monitored using adequate equipment provided with the MRI scanner (a respiratory bellow and a 

pulse oximeter, respectively); these signals were acquired simultaneously with functional data, at a sampling rate 

of 50Hz – typical examples are presented in Figure 2.4 for both types of physiological signals. It should be noted 

that a number of pre-processing steps were automatically applied by the signal acquisition protocols in use 

(which were provided with the equipment), namely amplitude control and discretization; these were found to 

have a significant impact on certain aspects of the recorded physiological signals (particularly respiratory 

amplitude), and consequently on the information posteriorly extracted from them – these issues will be later 

discussed in more detail. 

 

Figure 2.3  The two images obtained from raw MP2RAGE structural image data, designated as (a) FLAT and (b) INV 

images; these are partially presented in twenty non-adjacent axial slices covering the whole image volumes. 

a)

b)
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2.2 Physiological data analysis 

The physiological recordings were performed with the purpose of extracting time course regressors from 

these signals to be included in GLM regression analyses (which will be later addressed); these regressors were 

intended to explain certain components of fMRI signal variance, putatively associated with specific 

physiological noise sources. The regressors were built as proposed in methods of wide acceptance in the field 

(Glover, Li and Ress 2000, Birn, et al. 2006, Shmueli, et al. 2007); prior to this, however, a considerable deal of 

attention was dedicated to the preliminary processing step of signal peak detection, as this process was critical 

for the quality of any regressors intended to be extracted from the physiological data. 

2.2.1 Peak detection 

The problem of peak detection was initially addressed with a fairly simple custom-designed algorithm, as 

scarce literature was available for the problem considering the type of physiological signals under analysis. Due 

to its simplicity, however, this algorithm displayed important limitations which will later be addressed; as an 

alternative, the wavelet-based algorithm developed by Li et al. in 1995 for electrocardiogram (ECG) signals (Li, 

Zheng and Tai 1995), which remains to the present a reference in the field (Addison 2005), was considered and 

modified for use with the physiological signals in question (pulse oximetry and respiratory amplitude). The peak 

detection results yielded by this improved algorithm were subsequently reviewed and manually corrected in 

order to assure that the extracted peak profiles were as reliable as possible. 

 

Figure 2.4  Typical examples of pulse oximetry and respiratory amplitude signals acquired in this study. In the top 

signal, the maximum peaks correspond to R-wave peaks of the cardiac cycle; in the bottom signal, maximum and 

minimum peaks correspond to the ends of inspiration and expiration, respectively. 

0 1 2 3 4 5 6 7 8 9 10
1000

1500

2000

2500

3000

3500

Time (s)

A
m

p
li

tu
d

e

Pulse oximetry

0 1 2 3 4 5 6 7 8 9 10
0

1000

2000

3000

4000

5000

Time (s)

A
m

p
li

tu
d

e

Respiratory amplitude



26 

 

Low-pass (LP) filter-based algorithm 

As its name implies, the initially considered LP filter-based algorithm was based on the application of a 

digital LP filter to the original signals, in order to obtain smoother versions that retained fundamental frequencies 

but discarded noise components that would be responsible for non-physiological peaks. This LP filter-based 

algorithm comprises the following processing steps: 

1) Digital low-pass filtering of the original signal x by computing its discrete Fourier transform (DFT) and 

turning to zero all elements corresponding to frequencies above a user-specified cutoff frequency fc – 

this yields a smoothed version of the original signal, x’; 

2) Identification of peaks in x’ as the instants which present a higher or a lower value than both of their 

immediately adjacent neighbors; 

3) For each pair of consecutive minimums in x’, selection of a maximum in x as the instant with the highest 

value inside the interval defined by the two minimums of x’; 

4) In the case of respiratory signals, repetition of 3) in an analogous way for the identification of minimum 

peaks in x (selection of pairs of consecutive maximums in x’, and so on). 

The main features of the described algorithm are illustrated below in Figure 2.5. As can be seen, the LP-filter 

cutoff frequency fc should be specified just above the fundamental frequency of the physiological signal, so that 

this frequency is preserved but no significant components of higher frequency are included in x’ – these would 

cause additional oscillations in the smoothed signal, which would originate spurious peaks (false positives). 

 

 

Figure 2.5  Basic principles of the LP filter-based algorithm; (a) effects of lowpass filtering on the power spectrum of 

the original signal x, with fc = 1.6Hz; (b) comparison between the original signal x and its smoothed version x’, whose 

minimum peaks are easily determined and utilized to identify the maximum peaks of x. 

0 0.5 1 1.5 2 2.5 3 3.5 4
0

50

100

150

200

250

300

Frequency (Hz)

A
m

p
li

tu
d

e

a)

160 160.5 161 161.5 162 162.5 163 163.5 164

1500

2000

2500

3000

Time (s)

A
m

p
li

tu
d

e

b)

 

 

Original signal x

Filtered signal x'

Minimums of x'

Peaks of x



27 

 

Wavelet-based algorithm 

As referred, the newly-developed wavelet-based algorithm was based on the ECG peak detection algorithm 

developed by Li et al. (Li, Zheng and Tai 1995); this adaptation utilizes the same filter banks and some of the 

main processing steps of the original (essentially the ones directly related to R-wave peak detection), with some 

modifications and added features; the variant developed for pulse oximetry signals consists of the following 

processing steps: 

1) Upsampling of the original signal x to a sampling frequency of 250 Hz – as to match the frequency range 

of the adopted wavelets; this is accomplished by the Matlab function interp, which performs low-pass 

interpolation to increase the sampling frequency by an integer factor (in this case, equal to five); 

2) Slope correction of x by removal of a first degree polynomial (in order to make the initial and final 

elements of x equal to zero), and zero-padding at both ends with 1s-length segments, as to avoid wrap-up 

effects of DFT-related operations; 

3) Computation of the third to seventh wavelet scales of x; this is accomplished by applying an equivalent 

filter Q(ω), which can be obtained iteratively for each desired scale j as 

        
       

                        
  (2.1) 

where H(ω) and G(ω) are respectively a low-pass and a high-pass filter designed according to the Mallat 

algorithm, considering the basic dyadic wavelet ψ(x) adopted in (Li, Zheng and Tai 1995); each wavelet 

scale w 
j
(x) is then obtained as the inverse Fourier transform of Q 

j
(ω) X(ω); 

4) Selection of only four consecutive scales for analysis – the energy of each scale is computed as the sum 

of squares of the corresponding vector, and if the scale with the highest energy is one of the first three, 

the first four scales are selected; otherwise, the last four scales are the ones retained for analysis; 

5) Detection of minimum and maximum peaks at all scales by identifying values that are above a certain 

threshold ε 
j
 (in absolute value) and that are higher than their adjacent neighbors (or lower for minimum 

peaks); ε 
j
 is chosen as 1% of the highest absolute value in scale j; 

6) Estimation of the average cardiac period TC in x based on the peaks identified at the highest scale 

(computed as the median difference between consecutive peaks); 

7) Determination of modulus maxima sets as described in (Li, Zheng and Tai 1995) (with neighborhood 

lengths defined as 30% of TC), followed by the calculation of singular degrees α’ for each set and the 

exclusion of sets with negative α’; 

8) Determination of maximum-minimum pairs by coupling adjacent sets of maxima and minima not apart 

for more than 90% or for less than 10% of TC; 

9) Identification of zeros at the lowest scale when located within maximum-minimum pairs, and correction 

of the respective instants for scale-dependent time delays (approximately equal to 2 
j-1

 - 1); 

10) Application of post-processing techniques of peak blanking and peak searching back as suggested in (Li, 

Zheng and Tai 1995); TC is again used as a reference value for intermediate steps. 

As for the respiratory amplitude variant of the algorithm, the fundamental frequency of normal respiratory 

cycles is usually distinct from that of ECG/pulse oximetry signals; however, a rough approximation of 5 to 1 was 

found to be adequate to deal with this problem, and therefore the respiratory variant was obtained from the 
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above-described procedure simply by excluding the preliminary signal upsampling step (step 1), and adding a 

final step for the identification of minimum peaks (based on the already obtained maximum peaks). 

Some fundamental aspects of the above-described algorithm are presented in Figure 2.6; as can be seen in the 

example, the seventh wavelet scale of x is smooth and behaves approximately as a sinusoid oscillating at the 

(instantaneous) fundamental frequency of the original signal; the peaks detected at this scale can thus be 

“propagated” to lower scales (which contain higher-frequency components, and therefore additional, non-

relevant peaks); at the fifth scale, the zero-crossings of preserved maximum-minimum pairs are very close to the 

temporal instants of maximum peaks in x. It should further be noted that, despite being an essential step in the 

analysis, the selection of adequate wavelet scales was observed to be easily and reliably accomplished by 

comparing scale energies (as described in step 4), avoiding the need of any interaction with a human operator. 

 

 

Figure 2.6  Basic principles of the wavelet-based peak detection algorithm. (left) Frequency response of scale-specific 

bandpass filters Q j(ω) – the accepted frequencies become lower as scale increases. (right) Temporal characteristics of 

the original signal x and its corresponding fifth, sixth, and seventh wavelet scales – as scale increases, higher frequency 

signal components contribute progressively less, until only the fundamental frequency remains. 
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2.2.2 Physiological regressors 

Cardiac rate (CR) regressors 

CR regressors were intended to explain non-periodic signal fluctuations due to low-frequency changes in 

heart rate, and were built as proposed in (Shmueli, et al. 2007): an initial time course cr was computed for each 

pulse oximetry peak profile as 

        
 

       
 (2.2) 

with tn (n = 1, 2, ...) being the instants corresponding to maximum peaks; cr time courses were then submitted to 

outlier removal processes (samples located more than 1.96 standard deviations away from the local median were 

replaced by linear interpolation), and Gaussian smoothing processes (with a characteristic width ζ of 1s); finally, 

the resulting time courses were resampled to fit fMRI acquisition timings (with sampling instants corresponding 

to the middle of each TR) and normalized (having the maximum absolute value in each time course equal to 1), 

yielding CR regressors, rCR (N×1, with N being the number of fMRI acquisitions). In this work, the procedure 

was adapted to a TR of 3.2s, with linear interpolation being applied for the resampling step (instead of nearest-

neighbor interpolation, as originally proposed). A typical example of a CR regressor is presented in Figure 2.7a. 

Respiration volume per unit time (RVT) regressors 

RVT regressors were intended to account for non-periodic signal fluctuations due to low-frequency drifts in 

end-tidal CO2, hypothesized to be caused by changes in breathing rate and depth, and their implementation was 

based on the definition proposed in (Birn, et al. 2006): 

          
       
       

  (2.3) 

with tn (n = 1, 2, ...) corresponding to the instants of respiratory peaks (maximums and minimums, alternately), 

and xn (n = 1, 2, ...) to their signal amplitudes; furthermore, an additional step was included to account for distant 

outliers (values located more than 2.6 standard deviations away from the local median were replaced using linear 

interpolation); resampling and normalization steps were performed similarly to those of CR regressors, yielding 

rRVT. A typical example is presented in Figure 2.7b. 

Retrospective correction of physiological motion effects (RETROICOR) 

RETROICOR regressors were intended to account for quasi-periodic signal oscillations attributed to blood 

flow pulsatility and respiration-induced field changes (by thoracic modulation), or respiration-induced bulk head 

motion; in order to create these regressor sets, the methods proposed in (Glover, Li and Ress 2000) were 

considered as a starting point to obtain cardiac and respiratory phase time courses, θc and θr, computed as 

         
    
     

 (2.4) 

            
  

  
     

     
              
   

        
   

 (2.5) 
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with t1 corresponding to the time instant of the cardiac peak immediately before t and t2 corresponding to the 

subsequent peak, H(b) being a 100-bin histogram of the respiratory amplitude signal x, and     denoting an 

integer-rounding operator – with these definitions, both phases account for the timing within each physiological 

cycle, with the respiratory phase further accounting for breathing depth. Subsequently, the approach suggested in 

(Glover, Li and Ress 2000) leads to the Fourier projection of fMRI voxel time courses y onto sinusoids with 

these physiological phases, yielding physiological noise components yδ that would be subtracted from y as a 

direct correction method. In this work, however, θc and θr were instead used for the computation of GLM 

regressor sets rRETR, defined as 

          
      

      
      

      (2.6) 

where 

   
                              (2.7) 

with x being either cardiac (c) or respiratory (r), and m = 1, 2 for a second-order Fourier expansion. This method 

yields a total of eight regressors for each fMRI run (rRETR is an N×8 matrix), and is a commonly-adopted 

approach for studies based on GLM analyses (Birn, et al. 2006, Shmueli, et al. 2007, Bianciardi, et al. 2009). A 

typical example of rRETR regressors is presented in Figure 2.7c-e. 

 

 

Figure 2.7  Typical examples of rCR, rRVT, and rRETR regressors during 10s-length intervals; regressors were normalized 

so that the maximum absolute value in each time course is equal to 1. It should be noted that the oscillations observed in 

rRETR regressors do not correspond directly to those of physiological cycles, as these are undersampled and therefore 

aliased (cardiac and respiratory fundamental frequencies are usually above 1/(2TR), with TR = 3.2s). 
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2.2.3 Main outcome measures 

The performance of the two peak detection algorithms developed in this work was evaluated by means of two 

complementary measures: positive predictivity (PP), and sensitivity (S), which are common standards in peak 

detection studies (Beattie 2008); these measures were defined as: 

    
      

         
 (2.8) 

   
      

         
 (2.9) 

where Tpeaks is the total number of true peaks in the data under study (manually identified by the author), and FP 

and FN are, respectively, the total number of false positives and the total number of false negatives yielded by 

each algorithm; these totals correspond to sums across all data from each subject, run type and acquisition 

technique. Thus, the positive predictivity or sensitivity of an algorithm will approach 1 as the number of false 

positives or false negatives, respectively, are decreased. Apart from this, the quality of physiological regressors 

extracted from the acquired signals could not be evaluated directly; however, it could be appreciated in part by 

inferences made from PR-based analysis results (which outcome measures will be later addressed). 

2.3 MRI data analysis 

The analysis of structural and functional MRI data comprised the core of this work, and involved several 

steps performed mostly with the FMRIB Software Library (FSL 4.1.2, http://www.fmrib.ox.ac.uk/fsl, (Smith, et 

al. 2004)) and with Matlab (version R2008b, http://www.mathworks.com). Apart from computational steps 

specific to the PCA-based and the PR-based approach, some general processing steps common to most fMRI 

studies were applied as well, in order to prepare MRI data for those more specific approaches or to utilize the 

results obtained from them (specifically, noise regressors). 

2.3.1 General processing steps 

Structural data 

Structural MP2RAGE images were processed with the FSL brain extraction tool (BET) in order to remove 

non-brain structures such as the skull. Initially, for each subject, the INV image was chosen for the estimation of 

a binary mask intended to contain all brain structures of interest and no other tissues – as can be observed in 

Figure 2.3, the INV type is the most adequate for this process due to the clearer contrast between brain and non-

brain tissues; subsequently, this binary mask was applied to the FLAT image in order to extract the brain; FLAT 

images were thus the ones retained for use in later processing steps (namely image registration), as they display 

the best contrast properties across brain tissues (as can be observed in Figure 2.3 as well). 

Functional data 

In this work, the acquired fMRI data underwent a wide range of processing steps which can be grouped into 

four main classes: “pre-stats + registration analysis”, “stats analysis”, and “post-stats analysis” (all performed in 

FSL), and finally “stats + post-stats analysis” (performed in Matlab) – these are later schematized in Figure 2.9. 
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Pre-stats + registration analysis in FSL 

In pre-stats + registration analysis, fMRI data were initially processed with the FSL motion correction tool 

(MCFLIRT), in order to spatially align Loc and Rest volumes along time and with respect to each other (using 

an intermediate instant from Loc data as the reference volume); subsequently, data were submitted to the pre-

stats routines of the FSL fMRI expert analysis tool (FEAT), which included: temporal high-pass filtering with a 

cutoff period of 300s (in order to remove noise only of very low frequency), slice timing correction in the 2D 

case (to account for the small time delays separating the acquisition of each image slice), BET brain extraction 

(to remove non-brain structures), and Gaussian spatial smoothing with a full width at half-maximum (FWHM) of 

3mm (to reduce thermal noise); finally, fMRI images were analyzed to determine the matrix parameters for 

image registration to a Montreal Neurological Institute (MNI) standard space – in order to aid this process, both 

the low-resolution whole-brain image and the high-resolution FLAT image were used as intermediate spaces (the 

first as an initial structural image, the second as the main structural image). 

Stats analysis in FSL 

Posteriorly to pre-stats + registration analyses, stats routines were also performed with FEAT, consisting of 

GLM regression analyses preceded in some cases by the application of fMRIB improved linear model (FILM) 

prewhitening. GLM regression methods comprise one of the most commonly adopted approaches for fMRI data 

analysis (Friston 2005); the information contained in the time course of each voxel is assumed to be a linear 

combination of several meaningful components such as the observed neurophysiological responses (namely 

neural activation due to a predefined set of external stimuli, for example), confounds, and thermal noise; 

mathematically, this concept can be expressed as 

         (2.10) 

where y is the fMRI signal at a specific voxel, DM is an N×K matrix known as the design matrix, containing the 

K components that supposedly contribute for signal information, β is a K×1 vector of parameters controlling the 

relative contribution of each component for the total signal y, and ε is an N×1 well-behaved error term (usually 

accounting for thermal noise, and modeled as an independently and identically distributed Gaussian random 

variable, for example) (Friston, Holmes, et al. 1995, Worsley, et al. 2002). 

Usually, in fMRI studies such as this work, both β and ε are unknown variables, while DM is constructed a 

priori according to the experiment conditions and the neurophysiological effects of interest; a considerable 

amount of work has thus been dedicated to the development of unbiased estimators of β, a problem which 

involves the adequate modeling of the noise term ε. In FSL, this process is aided by prewhitening operations, 

where intrinsic temporal autocorrelations in ε are estimated directly from the data and subsequently removed, in 

order to further approximate the error term characteristics to those of true white noise (Woolrich, et al. 2000). 

With this approach in mind, a wide range of different design matrices were created during this work, with the 

purpose of extracting information from physiological noise or evaluating the noise correction performance of 

certain regressors sets; in general, however, all design matrices primarily included one of two base regressor sets, 

DM0
Loc

 or DM0
Rest

, which can be represented as 

    
                 (2.11) 
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              (2.12) 

for the analysis of Loc or Rest data, respectively. Here, rLoc is an N×8 matrix containing four regressors that 

correspond to the four different visual stimulus types employed in Loc paradigms (F, H, O, S) – each regressor 

consisting of 0/1 blocks coherent with the timings of image presentation, as exemplified in Figure 2.8a; before 

GLM analyses, these regressors were further convolved with an HRF modeled as a single gamma function 

(Lange and Zeger 1997) with 0s phase, 3s standard deviation, and a mean lag of 6s – mathematically, this 

process is equivalent to a temporal low-pass filtering step, and the corresponding result can be appreciated in 

Figure 2.8b. Four additional regressors were included in rLoc, corresponding to the temporal derivatives of the 

four convolved paradigm regressors; their inclusion in a GLM is equivalent to accounting for small temporal 

shifts of the original regressors, an effect mathematically similar to that accomplished by first-order Taylor 

expansions. Finally, the rDrift regressor set was meant to account for low-frequency signal drift effects, 

corresponding to an N×3 matrix containing the three basic components of a third degree polynomial (t, t
2
, and t

3
, 

respectively), apart from a constant offset (all signal offsets are automatically removed from fMRI data and 

design matrices, preceding regression analyses). 

Apart from these base sets DM0
Loc

 (N×11) and DM0
Rest

 (N×3), other regressors were posteriorly included 

depending on the type of analysis under course. 

 

 

Figure 2.8  Typical examples of non-convolved paradigm regressors form the rLoc regressor set, the same rLoc regressors 

after convolution with a single gamma HRF, and the rDrift regressor set; all regressors were normalized so that the 

maximum absolute value in each time course is equal to 1. 
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Post-stats analysis in FSL 

Following stats analyses, post-stats routines were also employed using FEAT. These consisted of standard 

cluster threshold analyses performed with a Z-threshold of 2.3 and a cluster p-threshold of 0.05. 

Stats + post-stats analysis in Matlab 

In certain analysis steps throughout this work (to be later described), a custom-designed stats + post-stats 

procedure implemented in Matlab was utilized instead of its equivalent in FSL. This procedure received 

processed data from pre-stats analyses conducted in FSL, and utilized approximately similar design matrices to 

perform GLM regression; base sets DM0
Loc

 and DM0
Rest

 differed from those of FSL only in the fact that the rDrift 

set did include an additional offset term (as only regressor sets were demeaned, not the fMRI data under study). 

Differently from FEAT, however, no prewhitening processes were implemented, in order to avoid significant 

increases in computational processing time. Post-stats analyses in Matlab were performed according to the 

outcome measures of interest for each situation, as will be later specified (for instance, no cluster thresholding 

was applied directly, with results being averaged across specific regions of interest (ROI)). 

Despite being less accurate, stats + post-stats analyses conducted in Matlab were found to perform quite 

faster than their equivalents in FSL (even if FILM was deactivated in FEAT analyses); thus, as will be referred, 

their application was directed to heavier intermediate processing steps that involved performing multiple sets of 

GLM analyses (for example, intended for the optimization of certain parameters). 

 

2.3.2 ROI definition 

Most of the results obtained during this work were extracted as averages across specific regions of interest in 

each subject‟s brain; these regions included an active, a reference, a thresholded gray matter, a white matter, and 

a background ROI (ROIAct, ROIRef, ROIGM, ROIWM, and ROIBG, respectively). All the created ROIs are subject- 

 

Figure 2.9  General scheme representing the main groups of general fMRI processing steps adopted in this work. 
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and acquisition type-specific, with ROIWM and ROIBG being run type-specific as well; typical examples are 

presented below in Figure 2.10 for all the referred types. 

 

 

Figure 2.10  Typical examples of the different ROI types utilized throughout this work: (a) ROIAct and ROIRef, (b) 

ROIGM, and (c) ROIWM and ROIBG; data are presented as (a,b) the upper 32 axial slices of a single subject or (c) single 

axial slices corresponding to different subjects (in columns) and different acquisition techniques (in rows). 

a)

b)

c)

Act Ref GM WM BG
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Active ROI (ROIAct) and reference ROI (ROIRef) 

Each ROIAct was determined as the binary intersection between two distinct masks: (1) a manually selected 

visual area mask extracted from an MNI brain atlas (transformed to each subject space), and (2) a cluster 

activation mask obtained from a stats + post-stats analysis of Loc data, using only DM0
Loc

 for the regression 

process and subsequently considering a visual activation contrast of F+H+O+S vs background. Auxiliary regions 

ROIRef were further utilized together with ROIAct during PCA analyses (their definition will be later explained in 

the context of that approach). Typical examples of both ROIs are presented in Figure 2.10a.  

The choice of an F+H+O+S vs background contrast (mathematically, the sum of all four β contributions from 

paradigm regressors) was intended to highlight clusters of significant general visual activation, which should 

span through wider areas than those of separate localizer stimuli (although being less specific). As this proved to 

be a relatively sensitive contrast, the MNI visual area mask was found useful as a means of excluding clusters 

located outside the main regions associated with visual information processing – as an example, these additional 

clusters can be observed in the activation maps of Figure 2.1a,c, which use the above-mentioned contrast. 

Thresholded gray matter ROI (ROIGM) 

The definition of ROIGM was based on the procedure described in (Bianciardi, Fukunaga, et al. 2009): for 

each Rest fMRI dataset (subject- and acquisition type-specific), voxel time courses were corrected for low-

frequency signal drifts (by means of linear regression using the rDrift regressor set), and an average brain time 

course was computed; subsequently, the correlation coefficient between the time course in each voxel and the 

average time course was mapped for the whole brain; voxels showing negative correlation coefficients were 

immediately excluded, and the voxels displaying the 10% highest correlation coefficients of the remaining set 

were finally selected to integrate ROIGM. A typical example is presented in Figure 2.10b. 

As can be seen in this example, most of the brain regions selected by this procedure are indeed located in 

areas potentially composed of gray matter, with some important exceptions where large blood vessels such as the 

sagittal sinus were probably included as well. Despite this being an undesired aspect, its impact on the overall 

results extracted with this type of ROI was however not conclusively clear, as will be later discussed. 

White matter ROI (ROIWM) and background ROI (ROIBG) 

ROIWM and ROIBG were manually selected by direct inspection of raw (solely motion-corrected) fMRI 

images, at a fixed intermediate instant, and are subject-, run type-, and acquisition type-specific. Each ROIWM 

was defined as a planar, 8×8 voxel square, manually centered in darker brain regions expected to contain mostly 

white matter. Similar in structure to ROIWM (planar, 8×8 voxel squares), each ROIBG was positioned outside the 

brain at regions of low observable Nyquist ghosting effects. For each specific fMRI dataset, both ROIs were 

placed at the same axial slice, usually selected around z = 26 (numbered from inferior to superior slices). Typical 

examples of both ROIs are presented in Figure 2.10c, for the 2D and 3D data of several subjects. 

2.3.3 PCA-based analysis 

As has been referred, PCA-based analysis was one of the two main approaches adopted for fMRI data 

analysis; this approach followed the basic principles of the methodology described in (Bianciardi, van Gelderen, 

et al. 2009), with a few relevant modifications. The procedure here adopted can be described as follows: 
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1) pre-processing of fMRI data according to what has been described as pre-stats + registration analysis in 

FSL (namely with Loc and Rest volumes being spatially aligned along time and to each other); 

2) considering the Rest dataset from each specific subject and acquisition technique, calculation of an 

average signal time course across ROIAct voxels, in Matlab, and subsequent mapping of the correlation 

coefficient between the remaining brain voxels (brain voxels outside ROIAct) and the average ROIAct 

time course; 

3) with the correlation map built and its maximum value identified, definition of ROIRef by selecting all 

voxels outside ROIAct with correlation coefficients above a certain percentage pcor of that maximum; 

4) now considering Loc data, application of PCA to the sample of fMRI time courses given by ROIRef 

voxels; this primarily involved determining the covariance matrix of the population data, 

   
 

 
                
 

   

 (2.13) 

where M is the total number of voxels in ROIRef, Pi is each voxel time course (mathematically, an N×1 

vector), and    is the average time course in ROIRef; subsequently, the eigenvalues and eigenvectors of R 

were computed (using the Matlab function eig) – these eigenvectors provide a base for the vector space 

of voxel time courses along which signal information, in terms of variance, is decorrelated (R becomes 

diagonal); furthermore, the eigenvectors associated with the largest eigenvalues correspond to the 

directions of highest variance – hence, a set containing Q of the eigenvectors associated to the largest 

eigenvalues was selected, and a linear regressor set rPCA (N×Q) was thus obtained; 

5) creation of a number T of additional regressor sets rRND by randomization of the original PCA-derived 

eigenvectors – this was performed by taking the DFT of each vector and replacing the phase of each 

complex Fourier component by a random value uniformly distributed between -π and π, while preserving 

magnitudes and the property of Hermitian symmetry (in order to obtain real vectors with similar spectral 

power density to the original PCA-derived eigenvectors); 

6) orthogonalization of each of the obtained regressor sets with respect to rLoc, and integration of the 

resulting sets in N×(11+Q) design matrices of the form DM = [ DM0
Loc

  rPCA ] or DM = [ DM0
Loc

  rRND ], 

respectively containing the orthogonalized PCA eigenvectors or their randomized (RND) versions; 

7) application of FSL stats + post-stats analysis to Loc data utilizing each of the constructed DM variants. 

As was mentioned, the method described is influenced by three variables: pcor, Q, and T; Q was made equal 

to 18, as suggested in (Bianciardi, van Gelderen, et al. 2009), and T was defined as 10, in order to avoid very 

long processing times (the number of necessary stats + post-stats analyses increases with T) while maintaining 

acceptable statistical significance; the choice of pcor was based on a series of tests conducted in Matlab: stats + 

post-stats analyses were performed for different values of pcor ranging from 10% to 90%, and an optimum value 

was selected based on R
2

adj results (to be later defined), averaged across ROIAct; a value of 50% was adopted. 

2.3.4 PR-based analysis 

As was mentioned, PR-based analysis was the second major approach adopted for fMRI data analysis in this 

work; this approach involved the utilization of additional linear regressors derived from physiological data, 

namely CR, RVT, and RETROICOR regressor sets (which have been previously addressed), to characterize and 
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remove physiological noise contributions from fMRI signals; this procedure was based on the approach 

described in (Bianciardi, Fukunaga, et al. 2009) with a few modifications, and comprised the following steps: 

1) preprocessing of fMRI data according to what has been described as pre-stats + registration analysis in 

FSL (namely with Loc and Rest volumes being spatially aligned along time and to each other); 

2) removal of the first six volumes and the last six volumes of each fMRI dataset, resulting in time courses 

of length N = 100; physiological data time courses were preserved; 

3) construction of CR, RVT and RETROICOR regressor sets based on the acquired physiological data, as 

previously described; several different versions of CR and RVT regressors were created, with different 

temporal shifts ranging from -18s to +18s with respect to the fMRI sample timings (in steps of 1s); 

4) determination of the optimum temporal lags for the CR and RVT regressor types, depending on run type 

and acquisition technique; this step was performed in Matlab by conducting multiple stats + post-stats 

analyses testing all different temporally-shifted versions; in each GLM regression, a single regressor of 

the type under study was utilized together with DM0
Loc

 or DM0
Rest

, and optimum shifts were selected 

based on the variance explained (VE) by each CR or RVT regressor (a measure to be defined later as 

well); for the data under study, a single-lagged regressor was adopted for either CR (with a lag of +2s for 

both Loc and Rest runs) as for RVT (with a +2s lag for Loc runs and a -3s lag for Rest runs); 

5) association of the selected physiological regressor sets with base sets DM0 (DM0
Loc

 or DM0
Rest

) as 

performed in (Bianciardi, Fukunaga, et al. 2009), in order to build nested regression models: 

 

          

               

                  

                   

                      

(2.14) 

with the physiological sets being orthogonalized with respect to DM0 in Loc data analyses; 

6) integration of the nested models in FSL stats + post-stats analyses, applied to fMRI datasets from each 

subject, run type, and acquisition technique. 

As mentioned above, physiological regressor sets were orthogonalized with respect to DM0 in Loc data 

analyses (similarly to PCA-based regressor sets), but not in Rest data analyses; this differentiation was imposed 

as Loc runs were intended to be used to assess the effectiveness of the PR-based approach as a pure noise 

correction method (thus, no signal information from the Loc paradigm should be shared with PR sets), while 

Rest runs would be used specifically for physiological noise characterization. 

2.3.5 Main outcome measures 

The evaluation of results from fMRI data analyses relied on a small number of measures intended to study 

physiological noise contributions and the effectiveness of their correction; most measures were common to both 

the PCA- and the PR-based approach (as both methods relied ultimately on GLM analyses), and can be grouped, 

in general, into three main classes: (1) information explained by GLM analysis, (2) detection sensitivity, and 

finally (3) SNR characteristics. For most comparative observations between results expressed in these measures, 

statistical significance was evaluated by means of one-way or two-way analyses of variance (ANOVA). 
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Information explained by GLM analysis 

In order to quantify the amount of signal information explained by a specific linear model DM, the 

coefficient of determination adjusted for the number of degrees of freedom, R
2

adj, was used; this measure was 

defined as 

     
    

   

     

         
  

   

          
   

 (2.15) 

where N is the length of the signal y under analysis, P is the number of regressors in the model DM, yi and yi’ are 

respectively the i-th values of y and y’ (the approximation of y achieved with DM), and finally    is the temporal 

average of y. As its name implies, R
2

adj is a variant of the traditional coefficient of determination R
2
 that does not 

depend on the number of degrees of freedom (DOF) in the model: R
2
 varies between 0 and 1 (representing the 

fraction of signal variability that is accounted by a given model) and always increases with the inclusion of an 

additional regressor, as long as it is not linearly dependent of the other regressors in the model; R
2
adj, however, 

will only increase if the additional regressor is capable of explaining more information than what would be 

expected by chance (if a random regressor were to be included), and can in fact become negative. 

Thus, R
2
adj is particularly useful in this context as its independence from the number of DOF allows 

comparisons to be made between different-sized models – in fact, the percentage of variance explained by a 

specific subset of regressors rA in DM, VEA, can be determined as the difference in R
2

adj achieved by DM with 

and without including that subset (multiplied by 100), that is 

             
         

      (2.16) 

where R
2

adj(A) is the result obtained with a model DMA that contains rA, and R
2
adj(B) is the result obtained with a 

similar model that does not include rA (Shmueli, et al. 2007, Bianciardi, Fukunaga, et al. 2009). In the particular 

case of PR-based analyses, and considering the nested models DM0-4 listed in (2.14), VE results for each of the 

physiological regressor sets under study were obtained as, respectively 

 

               
         

      

             
         

      

              
         

      

                           

(2.17) 

where VEPhysio refers to the variance explained by the whole set of physiological regressors, [ rRETR  rCR  rRVT ]; it 

should be noted, as will be later discussed, that if VEPhysio were to be calculated as         
         

     , 

different results would be obtained, as the different physiological regressors are not orthogonal with respect to 

each other (thus, they share fractions of signal information). Results based on these measures were extracted as 

averages across ROIAct (for PCA-based analyses) or either across ROIAct or ROIGM (for PR-based analyses). 

Activation detection sensitivity 

To evaluate the sensitivity of a specific model to the detection of external stimuli-induced activation (in Loc 

data), an F+H+O+S vs background contrast was considered (which, as has been mentioned, should produce 
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wider observable activation than separate localizer stimuli, although being less specific); several measures of 

sensitivity to this contrast were considered, namely contrast estimation variance, number of active voxels, and 

maximum Z-score for that contrast in post-stats cluster analyses performed in FSL. 

Contrast estimation variance can be regarded as a measure of how uncertain or disperse was the estimation of 

a specific combination of relative contributions, cβ (where c, the contrast, is a 1×N real vector) – thus, lower 

estimation variances tend to suggest higher detection sensitivities. The adoption of this measure was inspired in 

the definition of estimation efficiency proposed in (Liu, et al. 2001). In practice, the determination of contrast 

estimation variance depends on how the error term ε is modeled and how the parameters involved in that model 

are estimated (Jezzard, Matthews and Smith 2001). In this work, this task was addressed by FSL in its entirety, 

according to its noise modeling processes and estimated noise parameters, which for instance depend on the 

prewhitening processes applied. General results were extracted as averages across ROIAct. 

Active voxel numbers and maximum Z-scores, which were also obtained with FSL, are complementary 

measures that provide useful insights regarding the characteristics of cluster activation maps. Both measures 

depend on the Z-score obtained by each voxel for the contrast under study, that is, they depend on the Gaussian-

normalized ratio between cβ and the respective contrast estimation variance; thus, in this context, Z-scores are a 

measure of how statistically significant is the visual activation measured in a certain voxel. Instead of utilizing 

previously defined ROIs for averaging steps, voxel number and maximum Z-score results were based on the 

masks obtained by cluster analyses performed with each specific model in FSL, in order to account for their 

evolution in terms of cluster morphology. 

SNR characteristics 

In addition to the outcome measures described above, the noise characteristics of fMRI data and the effects 

produced by both correction approaches were also evaluated in terms of SNR. For this specific part, raw fMRI 

datasets were spatially aligned along time but separately for Loc and Rest runs, as to avoid very large spatial 

corrections (which induce blurring effects); no further pre-stats processing steps were performed (such as spatial 

smoothing or brain extraction). The evaluation of SNR results was separated into two different parts: 

a) Data from each subject, run type and acquisition technique was analyzed in terms of spatial SNR (sSNR) 

and temporal SNR (tSNR). For each dataset, sSNR was calculated on a temporal volume basis (sSNRt) 

as the ratio between average intensity S in ROIWM and standard deviation Σ in ROIBG for instant t, that is  

       
 

 
 (2.18) 

which was computed for each volume of the time course and then averaged across time, thus yielding 

sSNR. tSNR was determined either as a non-modeled variant (tSNR0) or as a partially modeled variant 

(tSNRp): tSNR0 was calculated on a voxel basis (tSNR0v) as the ratio between average signal    and 

signal standard deviation ζ of each voxel time course, that is 

        
   

 
 (2.19) 

which was then averaged across ROIWM voxels; tSNRp was calculated similarly, but with each voxel 

time course y having previously been subtracted of a partial linear model fit y’ performed with correction 
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regressors derived from PCA- or PR-based analyses (also including the polynomial components of rDrift, 

without the offset component). As the voxels of interest were assumed to belong to white matter, no 

paradigm regressors were included, even for the analysis of Loc data. 

b) A similar study was repeated for several different scales of fMRI voxel width: 2mm, 4mm, and 8mm, 

with the lower-resolution data being obtained a posteriori simply by resizing the original 2mm images in 

Matlab – a typical example is shown in Figure 2.11. Posteriorly to image resizing, spatial and temporal 

SNR measures were computed for all resolution scales, and data analysis was conducted in a way similar 

to that of (van der Zwaag, Kober, et al. 2009), focusing on the evolution of sSNR, tSNR0 and tSNRp with 

voxel width, and studying the relation between tSNR and sSNR according to the previously-described 

theoretical observations of Krüger et al. (mathematically expressed by the model presented in (1.10)). 

 

Regarding the image resizing method adopted to change voxel width, it should be noted that data obtained in 

this way do in fact hold important differences with respect to image data obtained from true acquisitions 

performed directly at lower resolutions. In particular, the resizing method was applied to image magnitude data 

alone, not to full complex data (at the time of this analysis, phase data from the corresponding acquisitions had 

been erased and was no longer available) – as a consequence, the combination of net magnetization vectors from 

different locations in space did not consider the existence of phase differences between those magnetizations, as 

would happen in real, lower-resolution acquisitions. In order to account for this limitation, particularly regarding 

the study of the evolution of tSNR and sSNR with different voxel widths, a modified, more versatile version of 

the model presented in (1.10) was also considered; this model, featuring the inclusion of a modulating free 

parameter K, can be mathematically expressed as 

       
    

          
 (2.20) 

 

Figure 2.11  A typical example of the image resizing procedure performed in Matlab, where 2D and 3D signal 

magnitude data obtained at the original 2mm resolution, a 4mm resolution, and an 8mm resolution are presented for an 

intermediate axial slice (z = 33). 

2D

3D

2mm 4mm 8mm
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Other limitations were further identified regarding this part of SNR analysis – these additional limitations, 

along with the consequences observed for analysis results, will be later addressed and discussed in higher detail. 
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Chapter 3  

3 Results 

The present chapter comprises a description of the main results obtained throughout this work. Firstly, 

physiological peak detection performance is evaluated and compared for the two algorithms considered (section 

3.1); posteriorly, fMRI analysis results are presented for the two main approaches under study – PCA-based 

analysis (section 3.2), and PR-based analysis (section 3.3); for each approach, the results presented include 

Matlab analysis results, information explained by GLM, detection sensitivity, and SNR characteristics. 

3.1 Physiological signal peak detection 

Regarding the physiological datasets from all nine subjects, both acquisition techniques, and both run types 

as a whole, a total of 13580 pulse oximetry peaks and 3796 respiratory amplitude peaks were manually identified 

(by direct inspection) and registered as “true peaks”. With these peak profiles as a reference, the performance of 

both the LP-based and the wavelet-based algorithms was primarily evaluated in terms of total false positives FP 

and total false negatives FN; these results are listed below in Table 3.1. 

 

Based on the above-presented values, peak detection performance results are summarized in Figure 3.1, in 

terms of the positive predictivity PP and sensitivity S displayed by each of the adopted algorithms for each type 

of physiological signal. All results from both outcome measures achieved values above 0.965, with pulse 

oximetry results being above 0.990. In general, as can be observed, both algorithms proved more adequate for 

the analysis of pulse oximetry signals than for respiratory signals. The wavelet-based algorithm displayed better 

PP than the LP filter-based algorithm for both signal types, and higher S for respiratory signals as well; as for 

pulse oximetry signals, on the other hand, the LP filter-based algorithm was observed to be slightly more 

sensitive (with this particular difference in S being the smallest of the set). 

Table 3.1 – Preliminary peak detection results 

Algorithm 

Pulse oximetry Respiratory amplitude 

FP FN FP FN 

LP-based 123 48 90 131 

Wavelet-based 73 72 71 119 

Peak detection results for both the LP-based and the wavelet-based algorithms, expressed in terms of false positives 

FP and false negatives FN; these are total values for the whole physiological dataset acquired in this work. 
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A specific aspect worthy of mention was the inability of the LP filter-based algorithm to deal correctly with 

occasional, temporary signal interruptions observed in some recordings (represented as segments of constant, 

null signal), where the algorithm forcefully introduced “artificial” peaks – this is illustrated in Figure 3.2a. 

 

 

Figure 3.2  Important limitations of the LP filter-based algorithm: (a) forceful introduction of “artificial” peaks in 

segments of constant null signal (where the filtered version of the signal is included to clarify the underlying reasons), 

and (b) sensitivity to small changes in the cutoff frequency fc – all peaks would be detected if a 6.3% increase in the 

value of fc was applied. 
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Figure 3.1  Peak detection performance for the physiological datasets acquired in this work. Positive predictivity (PP) 

and sensitivity (S) results are based on total “true peaks”, false positives and false negatives identified for all subjects, 

run types and acquisition techniques; PULS refers to pulse oximetry data, and RESP refers to respiratory data. 
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A second relevant aspect was the considerable sensitivity demonstrated by the LP-based algorithm regarding 

changes in the specified cutoff frequency, fc – for example, as represented in Figure 3.2b, a 6.3% decrease in fc 

(from 1.6Hz to 1.5Hz) for a specific pulse oximetry dataset led to visible decreases in peak detection sensitivity 

(with the original value, all peaks present in this temporal segment would be correctly identified). Despite this, 

the algorithm proved less sensitive to increases in fc, although only within a certain range (for this specific 

example, an approximate range of 0–70% increases in fc). The wavelet-based algorithm, on the other hand, did 

not require manual adjustments in any of its internal parameters for the full set of data under study, and was 

observed to deal correctly with segments of constant signal intensity. 

3.2 PCA-based analysis 

As previously mentioned, the results obtained in PCA-based analyses are presented in four main sections. 

The first section addresses Matlab analysis results regarding the determination of the optimum pcor, the 

percentage of the maximum correlation. The following three sections refer to results from FSL analyses 

regarding three distinct aspects of interest: variations in the amount of information explained by GLM with the 

inclusion of PCA-derived regressors, the SNR characteristics of raw and PCA-corrected data, and finally 

variations in model sensitivity to external visual stimuli-induced neural activation. 

3.2.1 Determination of the optimum pcor 

Throughout the GLM analyses performed in Matlab for different values of pcor, several variables were taken 

into account and accompanied in terms of their evolution with the above-mentioned parameter. The most simple 

of these are the number of voxels selected for ROIRef and the ROIRef time course variance explained by the 

selected PCA eigenvectors, as presented in Figure 3.3a,b, respectively. As reasonably expected, the number of 

voxels in ROIRef tends to decrease with pcor (from a number close to 10
4
 voxels to exactly 1 voxel, the one of 

maximum correlation); this behavior was found to be smooth in general, with an initially high slope (for lower 

pcor values, until around 40%) that later becomes considerably weaker, with the number of voxels converging 

very slowly to 1 as pcor approaches 100%; no significant differences between 2D and 3D data results were found 

in general, except for considerably low values of pcor (under 15%). 

 

 

Figure 3.3  The evolution of (a) the number of voxels selected for ROIRef, and (b) the ROIRef time course variance 

explained by the selected PCA eigenvectors, with the percentage of the maximum correlation coefficient, pcor; both 2D 

and 3D results are shown as averages across subjects, with error bars representing the respective standard error (SE). 
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The ROIRef time course variance explained by PCA was calculated as the ratio between the sum-of-squares of 

the eigenvalues corresponding to the selected PCA eigenvectors and the sum-of-squares of all eigenvalues of the 

covariance matrix R. As can be observed, these results also vary smoothly with pcor, and as expected, the time 

course variance explained by PCA tends to increase with this parameter (as the number of time courses in the 

population tends to decrease, while the number of selected PCA eigenvectors, Q, is always the same); 2D and 3D 

results were found considerably similar for large pcor values; when pcor is smaller, however (under 60%), the 

variance explained by PCA in 3D data becomes significantly higher than that of 2D data, with this difference 

increasing as pcor is decreased (and finally becoming close to 15% for a pcor of 10%). 

The above-mentioned variables allowed for a richer understanding of the dependence on pcor of important 

aspects of the PCA-based approach. However, the determination of an optimum value for this parameter was 

performed mainly regarding the outcome of GLM analyses conducted with the corresponding PCA and RND 

regressor sets. This was evaluated in terms of three measures: average GLM regression residues (the mean time 

course residues averaged across ROIAct voxels), relative decreases in average GLM regression residues (from 

RND to PCA models), and finally the average adjusted coefficient of determination, R
2

adj, obtained with each 

model (also as an average across ROIAct). All these results are presented below in Figure 3.4, averaged across the 

subjects under study. 

 

As can be observed, in general, the GLM regression residues obtained with PCA models are considerably 

similar for both 2D and 3D data, while being significantly lower than those obtained with RND models; on the 

other hand, RND results do show important differences between acquisition types, with results from 3D data 

 

Figure 3.4  The evolution of (a) average GLM regression residues in ROIAct for PCA and RND models, (b) relative 

decreases in regression residues from RND to PCA analyses, and (c) the adjusted coefficient of determination R2
adj 

obtained in PCA and RND analyses, with the percentage of the maximum correlation coefficient, pcor; both 2D and 3D 

results are presented. All values are averages across subjects with their respective SE. 
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being significantly higher than those from 2D data. Regarding the evolution of these measures with pcor, both 2D 

and 3D regression residues obtained with PCA models display slight, approximately parabolic variations with 

minimums being achieved at intermediate pcor values (around 50%); results from RND models, however, do not 

evince any significant dependencies on pcor. As for relative decreases in regression residues from RND to PCA 

analyses, both 2D and 3D data are visibly dependent on pcor, with both curves varying within a range of about 

10% and achieving maximums at pcor values around 55%. Results were generally larger for 3D, which showed 

relative decreases in regression residues around 40%, than for 2D, with relative decreases around 25%. 

Finally, results obtained for R
2
adj display important tendencies that, despite being related to those observed 

for average regression residues, do highlight distinct behaviors: 3D results obtained with PCA models achieved 

the highest R
2
adj values in general (around 0.8), followed by 2D PCA results (around 0.7); results obtained with 

RND models displayed lower R
2
adj values (around 0.5), and were similar for both acquisition techniques. 

Variations of PCA results with pcor were especially visible at higher pcor values (generally above 70%), with 

maximums being located earlier around 50%; as with average regression residues, RND results displayed no 

significant dependencies on pcor. Considering the peaks observed in the PCA curves obtained for these three 

measures, an optimum pcor value of 50% was thus regarded as a good general approximation to be adopted for 

data analysis from both acquisition techniques. 

3.2.2 Information explained by GLM 

Now regarding the main set of PCA-based analyses conducted in FSL (with the optimum pcor), the results 

obtained for R
2

adj are represented in Figure 3.5a, averaged across subjects. Considering these results, several 

important observations can be stated in general: PCA models are indeed capable of explaining more information 

than RND models, regardless of the adopted acquisition technique (confirmed by ANOVA with a statistical 

significance p-value under 0.001); furthermore, while RND results remain similar from 2D to 3D acquisition 

types (p = 0.330), PCA models are observed to explain significantly more information in 3D than in 2D data (p < 

0.001); finally, results obtained with the base model DM0
Loc

 are qualitatively similar to those obtained with RND 

models, regardless of the acquisition technique. 

3.2.3 Activation detection sensitivity 

Average results for detection sensitivity from PCA-based analyses in FSL are presented in Figure 3.5b-d, for 

the F+H+O+S vs background contrast estimation variance, number of active cluster voxels, and maximum 

activation Z-score, respectively; the results presented are averages across subjects. 

Regarding contrast estimation variance, the results obtained with RND models are significantly higher for 3D 

than for 2D data (p = 0.015); however, the significant decreases observed from RND to PCA in both 2D and 3D 

data (p < 0.001) are such that PCA results become indeed similar for both acquisition techniques (p = 0.599). 

Distinctly from R
2

adj results, estimation variances yielded by the base model are considerably higher than those 

from both RND and PCA, regardless of the acquisition type. 

As for numbers of active cluster voxels, significant increases are observed from RND to PCA results for both 

acquisition techniques (p = 0.001); however, these variations behave differently from those identified for 

estimation variance – RND analyses yield similar voxel numbers in both 2D and 3D data (p = 0.568), while PCA 

analyses tend to result in higher voxel numbers for 3D than for 2D data (p = 0.092). Finally, as with estimation 
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variance results, active voxel numbers obtained with the base model are considerably different (smaller, in this 

case) than those obtained with either PCA or RND models. 

Regarding maximum Z-score results, the variations observed from RND to PCA analyses (in this case, 

increases) were also found significant (p < 0.001); however, results obtained with RND models, which were 

slightly but significantly higher in 2D than in 3D data (p = 0.049), still remained higher in 2D when considering 

PCA models (p = 0.041). Finally, as with active voxel number results, maximum Z-scores obtained with the base 

model were found considerably smaller than those obtained with either RND or PCA models. 

 

Apart from these general results, in order to more clearly illustrate the effects of PCA-based correlated-noise 

correction in activation studies such as the one conducted during this work, a representative example is presented 

in Figure 3.6, where changes in activation maps based on the F+H+O+S vs background contrast are shown, 

regarding 2D and 3D Loc data analyzed with either RND or PCA-derived models. Indeed, the general tendencies 

above-mentioned for active voxel numbers and maximum Z-scores are visible in this example: maps obtained 

 

Figure 3.5  PCA-based analysis results for (a) the adjusted coefficient of determination, R2
adj, (b) F+H+O+S vs 

background contrast estimation variance, (c) number of active cluster voxels, and (d) maximum Z-score, applied to 2D 

and 3D Loc data; besides RND and PCA, results obtained with base models (DM0
Loc) are also included for comparison. 

All values are averages across subjects with their respective SE. 
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with PCA models display higher numbers of active voxels and higher Z-scores in general than those of RND 

models, regardless of the adopted acquisition technique; nonetheless, this changes are indeed more evident for 

3D data, especially regarding active region morphology (which is associated with active voxel numbers). 

 

3.2.4 SNR characteristics 

Regarding the analyses conducted at the original voxel width of 2mm, average sSNR results obtained from 

ROIWM and ROIBG are presented in Figure 3.7a for both run types and both acquisition techniques, averaged 

across subjects. As can be observed, sSNR results are fairly similar for both run types (p = 0.761), although 

being significantly higher in 3D than in 2D data (p < 0.001). Regarding tSNR (still for the original voxel width), 

Loc data results for both acquisition techniques are presented in Figure 3.7b, averaged across subjects; as with 

R
2
adj, values obtained for uncorrected tSNR (tSNR0) are fairly similar for both acquisition types (p =  0.416), 

while PCA-corrected tSNR results (tSNRp) are significantly higher for 3D than for 2D (p = 0.013). 

As for the second part of SNR analysis, sSNR was observed to grow in an approximately linear fashion (or 

slightly faster) with voxel width, ranging from approximately 50 to 300 (in 2D) or 80 to 400 (in 3D) as voxel 

width is increased from 2mm to 8mm. On the other hand, tSNR growth tends to be slower than linear with voxel 

width, and despite what was observed at 2mm, tSNR0 values tend to become higher for 2D than for 3D data, 

while those of tSNRp remain higher than tSNR0 but become fairly similar for both 2D and 3D data; in general, 

tSNR0 results range from approximately 25 to 80 (in 2D) or 25 to 60 (in 3D), while those of tSNRp range from 

30 to 110 (in 2D) or 35 to 100 (in 3D), approximately. 

Plots of tSNR vs sSNR are presented in Figure 3.7c, along with least squares fits to the non-linear model 

given by (1.10). These plots strongly suggest saturation tendencies for tSNR (especially the uncorrected version) 

as sSNR is increased – the adopted model, however, did not show to be the most adequate to capture the 

observed behavior (an issue which will be later discussed). As an alternative, the modified version presented in 

(2.20) was tested, as shown in Figure 3.7d – as can be seen, this model proved quite more effective in 

approximating the data in question. Considering the obtained tSNR vs sSNR plots and both approximation 

 

Figure 3.6  An illustrative example of changes in activation maps of 2D and 3D Loc data analyzed with base models 

together with RND or PCA-derived regressor sets; these activation maps resulted from cluster analyses based on an 

F+H+O+S vs background contrast, and correspond to part of an intermediate axial slice (z = 20) and an intermediate 

sagittal slice (x = 52); color scales are normalized to a Z-score range of 2.3–24; the maximum Z-scores obtained for each 

map were 15.06 (2D RND), 17.68 (2D PCA), 13.33 (3D RND), and 16.84 (3D PCA). 
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models in general, it is clear that raw 3D data are indeed the most susceptible to signal-dependent fluctuations; 

PCA-corrected data, however, display the potential to become similarly or even less sensitive to this type of 

noise than raw 2D data – for lower sSNR regions, in particular, corrected 3D data results are found to be quite 

close to both corrected and uncorrected 2D data results. 

 

3.3 PR-based analysis 

Results from PR-based analyses are presented in five main sections: the first section addresses Matlab 

analysis results regarding the determination of an optimum set of temporal shifts for CR and RVT regressor sets; 

the following two sections address aspects related to the amount of information explained by GLM models and 

 

Figure 3.7  General results from SNR analysis applied to both 2D and 3D fMRI data: (a) Loc and Rest spatial SNR 

values, (b) temporal SNR values from uncorrected and PCA-corrected Loc data, (c) uncorrected and PCA-corrected 

tSNR vs sSNR plots, fitted by least squares regression to the non-linear model presented in (1.10), and (d) similar tSNR 

vs sSNR plots fitted to the modified non-linear model presented in (2.20), where a modulating free parameter K was 

included. All values are averages across subjects with their respective SE. 
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the characterization of physiological noise based on the information explained by each putative contribution, 

respectively; finally, the last two sections are analogous to those of PCA-based analysis results, respectively 

addressing aspects related to model sensitivity to visual stimuli-induced neural activation, and to the SNR 

characteristics of raw and PR-corrected data. 

3.3.1 Determination of optimum temporal shifts for CR and RVT regressors 

As previously mentioned, the adequacy of each specific temporal shift for either CR or RVT regressors was 

evaluated in terms of the amount of information explained by the corresponding lagged regressor when joined 

with the base sets DM0
Loc

 or DM0
Rest

; the amount of explained information, expressed as the percentage of VE, 

was regarded as a direct measure of the meaningfulness of each specific regressor for the data under study. 

Prior to the analysis of CR and RVT regressors, however, an analogous study was conducted for the cardiac 

and respiratory components of the RETROICOR regressor set, where temporal shifts ranging from -3s to +3s 

were applied in steps of 0.5s. As RETROICOR addresses instantaneous fluctuations related to the phase of 

physiological cycles, unshifted regressors are expected to be the most meaningful – thus, this step was regarded 

as a prospective study in order to simultaneously assess the meaningfulness of RETROICOR for the data under 

study, the temporal synchronization between physiological data and fMRI data acquisitions, and the relevance of 

the adopted evaluation measure as well. The corresponding results are presented below in Figure 3.8 – as can be 

observed, in general, the unshifted versions of both cardiac and respiratory components are indeed identified as 

the most meaningful for all types of fMRI data. 

 

 

Figure 3.8  The effects of different temporal shifts on the amount of information explained by the cardiac or the 

respiratory component of the RETROICOR regressor set in GLM analyses, when added to base models DM0
Loc or 

DM0
Rest. All values are averages across subjects with their respective SE. 
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Moving on to the problem of optimum temporal shift determination, results obtained for CR are presented in 

Figure 3.9, both for each individual subject and on average; those of RVT are presented below in Figure 3.10. 

 

 

Figure 3.9  The effects of different temporal shifts on the amount of information explained by a single CR regressor in 

GLM analyses, when added to base models – individual results (left) and group averages across subjects with the 

respective SE (right) are presented. 
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Beginning with average CR results, a clear distinction between curves obtained with different acquisition 

techniques is readily identifiable: in 2D results from either run type, smooth patterns are evinced displaying a 

 

Figure 3.10  The effects of different temporal shifts on the amount of information explained by a single RVT regressor 

in GLM analyses, when added to base models models – individual results (left) and group averages across subjects with 

the respective SE (right) are presented. 
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single, well-defined maximum peak centered around +2s; as for data from 3D acquisitions, on the other hand, 

average results are quite less clear, and although slight increases can be found around a similar temporal shift 

(especially in Loc data), these cannot be deemed statistically significant. These disparities can be further clarified 

by observing individual subject curves – in 2D data, most subjects display smooth curves with considerably 

similar shapes; in 3D data, however, subject-specific curves are highly irregular and display great variability in 

shape across the population under study. 

As for RVT results, significant disparities were also found between curves obtained with different acquisition 

techniques: in 3D data, individual curves were once again found highly irregular and displaying great variability 

across subjects, with average curves displaying only slight, disperse increases around 0s – in fact, the stronger 

increase observed for Rest data is actually driven by a single subject, as can be confirmed by individual results, 

while the morphology observed for the curve from Loc data, although less evident, is actually considerably 

closer to that of the corresponding curve from 2D Loc data. As for 2D results, individual curves are in fact quite 

less smooth than those obtained with CR regressors; however, a considerable number of subjects do display 

certain patterns similar enough between each other to result in significant average variations, as can be identified 

on both Loc and Rest average curves; on the other hand, distinctly from CR results, significant differences in 

morphology can be identified for these average curves: in Loc results, a single peak is well-evinced around +2s; 

in Rest data, however, two distinct peaks can be identified: a stronger peak close to -3s, and a weaker one located 

at +9s (evinced by several subjects, although being particularly driven by one specific subject). As has been 

seen, the average results obtained for 3D Loc data do resemble those of 2D Loc runs, although at a lower scale; 

3D Rest results, however, do not display the same behavior, even if the above-mentioned outlier is removed. 

As the dependence of the BOLD signal on temporal shifts of physiological contributions is assumed to be 

based on strictly neurophysiological mechanisms, variations in the optimum shifts with the type of acquisition 

technique are not expected (even if quite less clear patterns were obtained for 3D data). On the other hand, 

differences in run type do affect cognitive functions, and were therefore taken into account. Following this 

argumentation, optimum shift selection was thus based mainly on 2D results; regarding CR, a single regressor 

was adopted with a +2s-lag for both Loc and Rest runs; as for RVT, a single regressor was adopted as well (to 

simplify the analysis), but with differentiated lags of +2s for Loc runs and -3s for Rest runs. 

3.3.2 Information explained by GLM 

Now regarding the main set of PR-based analyses conducted in FSL (using the optimum temporal shifts 

determined in Matlab), average results for R
2

adj are presented in Figure 3.11a for different PR-derived models, 

run types and acquisition techniques (extracted using ROIAct for averaging purposes). As can be observed, full 

PR models significantly increase the amount of explained information in both Loc (p = 0.001) and Rest data (p = 

0.034) with respect to base models, although most of these increases are specifically associated to the inclusion 

of the RETROICOR regressor set. 

In general, R
2
adj values are usually higher for Loc data; on the other hand, it is especially in Rest data that 

differences between 2D and 3D results are found to be more similar to those observed in PCA-based analyses – 

in Rest runs, while base model results remain similar from 2D to 3D (p = 0.514), PR models tend to explain 

more information in 3D than in 2D data (p = 0.082). Loc results, nonetheless, while not having clear differences 

between acquisition methods, do display stronger variations from base to PR-derived models in 3D data. 
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Particularly for Rest data, further comparative analyses were performed with results averaged across different 

ROIs (ROIAct and ROIGM). The corresponding results obtained for R
2
adj are presented in Figure 3.11b; as can be 

observed, no significant differences in the behavior of R
2
adj are identifiable between the two adopted ROIs. 

 

3.3.3 Physiological noise characterization 

As previously described, the relative noise contributions from distinct physiological sources for fMRI signal 

information were estimated as the percentages of VE associated with each regressor set (RETR, CR, and RVT). 

The results obtained specifically for these contributions are presented in Figure 3.11c,d, where the characteristics 

of different run types or of different ROI types, respectively, are analyzed and compared. 

In the particular case of Rest data, if contributions from low-frequency drift regressors are further taken into 

account, and the remaining unexplained signal variance is assumed to be a combination of thermal noise and 

spontaneous neural activity, it then becomes possible to fully estimate the information content of Rest fMRI 

 

Figure 3.11  PR-based analysis results for (upper) the adjusted coefficient of determination, R2
adj, and (lower) the 

percentage of explained variance obtained with both acquisition techniques, from (left) different run types, using a 

similar ROI (ROIAct), or (right) Rest data, using different ROIs (ROIAct and ROIGM). All values are averages across 

subjects with their respective SE. 
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data, as presented in Figure 3.12. Both VE representations allow for several important aspects to be highlighted: 

regarding 2D data, physiological noise as a whole yields a significant percentage of total signal variance (close 

to 11%), even if smaller than those from slow drift or “other” sources (namely thermal noise and spontaneous 

neural activity); within physiological noise, RETROICOR regressor sets display the largest contributions for 

signal variance, followed by CR and finally RVT regressors; moving on from 2D to 3D data, significant 

increases are observed in the relative contributions of physiological noise as a whole (p = 0.002), accompanied 

by decreases in relative contributions from “other” sources, with drift contributions remaining fairly similar (p = 

0.993); within physiological noise, RETROICOR components are observed to increase strongly and significantly 

from 2D to 3D data (p < 0.001), while contributions from both CR and RVT are seen to decrease (p = 0.045 and 

p = 0.024, respectively), becoming an even smaller fraction of total physiological noise. 

Despite the statistical significance of the above-presented observations, it should be noted, however, that this 

type of estimation is partially compromised by the existence of a certain degree of colinearity between different 

physiological regressors – this aspect will be later addressed in more detail. 

 

3.3.4 Activation detection sensitivity 

Similarly to the PCA-based approach, average results for detection sensitivity obtained from PR-based 

analyses in FSL were based on the F+H+O+S vs background contrast estimation variance, number of active 

 

Figure 3.12  Physiological noise contributions for fMRI signal information, expressed as percentages of VE, for 2D and 

3D Rest data; “Physio” refers to the total contribution from putative physiological noise sources (discriminated on the 

right), and “Other” refers to the remaining unexplained signal variance (comprising thermal noise and spontanous neural 

activity). Values in parenthesis are averages across subjects (based on ROIAct), followed by their SE, where applicable. 
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cluster voxels, and maximum activation Z-score; the results obtained for these measures are presented in Figure 

3.13, averaged across the subjects under study. 

In general, these results showed similar tendencies to those observed in PCA-based analyses: the estimation 

variance obtained by base models is higher in 3D than in 2D data, although the decreases observed from base to 

PR-derived models lead to similar estimation variances for both acquisition types; results for active voxel 

numbers show increases from base to PR-derived models, in such ways that while base model analyses display 

similar voxel numbers for both 2D and 3D data, PR-derived models yield higher voxel numbers in 3D than in 

2D; regarding maximum Z-score results, increases from base to PR models were less evident – the obtained 

values are quite similar across different adopted models, and remain higher for 2D than for 3D analyses. 

It is important to state that, in general, for most of these sensitivity results, the observations stated above refer 

to visible but not statistically significant tendencies (if a statistical significance threshold of 0.05 is considered). 

These observations can, however, be further supported by the clear similarities between the referred tendencies 

and the previously-described sensitivity results from PCA-based analyses. 

 

 

Figure 3.13  Activation sensitivity results for the PR-based approach presented in terms of (a) F+H+O+S vs background 

contrast estimation variance, (b) number of active cluster voxels, and (c) maximum Z-score, applied to 2D and 3D Loc 

data. All values are averages across subjects with their respective SE. 
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3.3.5 SNR characteristics 

Average sSNR and tSNR0 results correspond to those already described for PCA-based analyses, but are 

nonetheless included in Figure 3.14a,b for comparison purposes. Results obtained for tSNRp in both Loc and 

Rest data (regarding the original 2mm-voxel width) are presented in Figure 3.14b as well; as with PCA-based 

analyses, tSNR values are observed to increase from uncorrected to PR-corrected models in such way that tSNRp 

results are significantly higher for 3D than for 2D data (p = 0.002), while those observed for tSNR0 were not. 

Regarding differences based on run types, both Loc and Rest data results are shown to be fairly similar between 

each other regardless of the adopted acquisition technique, either considering tSNR0 values (p = 0.345) or 

considering tSNRp values (p = 0.886). 

 

 

Figure 3.14  General results from SNR analysis apllied to both 2D and 3D fMRI data: (a) spatial SNR values from Loc 

and Rest runs, (b) temporal SNR values from uncorrected and PR-corrected Loc and Rest data, (c) uncorrected and PR-

corrected tSNR vs sSNR plots of both acquisition techniques and both run types, fitted by least squares regression to the 

model presented in (1.10), and (d) similar tSNR vs sSNR plots fitted to the modified model presented in (2.20). All 

values are averages across subjects with their respective SE. 
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As for the second part of SNR analysis, beginning with Loc data, the evolution of both sSNR and tSNR0 with 

voxel width have already been described in the context of the PCA-based approach (with sSNR growing in an 

approximately linear fashion with voxel width, and the growth of tSNR0 tending to be slower than linear); as for 

PR-based tSNRp Loc data results, similar patterns were found to those observed for PCA-corrected data, with 

tSNRp values ranging from 25 to 110 (in 2D) or from 30 to 85 (in 3D), approximately. Regarding Rest data, the 

observed results and underlying tendencies were once again found quite similar to those of Loc data, with no 

significant differences worthy of mention. 

Plots of tSNR vs sSNR are presented in Figure 3.14c, along with least squares fits to the non-linear model 

given by (1.10). As with previously presented results, these plots strongly suggest tendencies of saturation for 

the PR-based tSNRp as sSNR increases, even if less severe than those of tSNR0. The adopted model, however, 

proved once again inadequate to capture this behavior; using the alternative modified version of (1.10) (as 

presented in Figure 3.14d), however, these data could be effectively approximated as well. Once again, the 

curves obtained for Rest data were very similar to those of Loc data – in fact, data from both run types could 

probably be adequately fitted together by a single curve. 

Considering the PR-based approach as a noise-correction method, it can be observed that 3D corrected data 

become considerably closer to 2D data (both corrected and uncorrected) in terms of susceptibility to signal-

dependent fluctuations, especially for regions of low sSNR. However, this approach does not prove to be quite as 

effective as the PCA-based method for noise correction, as 3D tSNRp results still remain lower than those of 

uncorrected 2D data. 
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Chapter 4  

4 Discussion and conclusions 

The present chapter comprises a discussion centered on several aspects of the results obtained during this 

work, including the comparison between different peak detection algorithms (section 4.1), the characterization of 

physiological noise (section 4.2), the evaluation of noise correction approaches (section 4.3), and finally the 

presentation of some general concluding remarks, along with ideas considered of potential interest for future 

work (section 4.4). 

4.1 Peak detection algorithms 

4.1.1 Dependence on signal periodicity 

Regarding peak detection results in general, both algorithms were shown to be more suitable for cardiac than 

for respiratory signals; this is clearly due to the fact that respiratory signals tend to display higher variability 

across cycles, both in terms of amplitude and of periodicity, while cardiac signals are considerably more regular. 

This aspect is considerably important as both algorithms take advantage of the natural quasi-periodicity of these 

signals: in the LP-based algorithm, low-pass filtering is performed globally for each signal timeset, utilizing a 

cutoff threshold that strongly depends on the fundamental frequency of the corresponding physiological signal, 

(which is assumed to remain approximately constant for the whole timeset); in the wavelet-based algorithm, an 

average fundamental period is initially estimated for a higher-scale wavelet, and later utilized as a reference for 

several intermediate processing steps – even if considerably large variability ranges are accounted for. 

It should be noted, nonetheless, that the wavelet-based algorithm is by nature considerably better prepared to 

deal with this type of variability, as wavelets are time-frequency representations that characterize the frequency 

content of a signal on a temporal instant basis. The potential advantages of this intrinsic characteristic did in fact 

translate into higher sensitivity and positive predictivity results than those of the LP-based algorithm when 

considering respiratory signals (which are the most variable, as mentioned). As to further support the observed 

tendencies, regarding pulse oximetry signals, the LP-based algorithm did in fact prove to be slightly more 

sensitive, taking advantage of the considerably higher temporal stability of these signals. 

4.1.2 General aspects of performance 

Apart from the higher sensitivity displayed by the LP-based algorithm when applied to pulse oximetry 

signals, the wavelet-based algorithm was found superior for most outcome measures in both types of signals, 

while having the further advantage of not requiring the manual specification of a subject- or sample-specific free 

parameter (such as fc for the LP-based algorithm) – thus maintaining the potential to be adapted for real-time 
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peak detection. Nevertheless, it could be argued that an additional processing step for automatic detection of 

fundamental frequencies could indeed be included in the LP-based algorithm; this would, however, significantly 

increase the computational complexity of this very simple algorithm, thus compromising its efficiency to a 

certain degree. From this perspective, this computational simplicity does in fact come as an advantage with 

respect to the more complex wavelet-based algorithm, which inevitably demands longer processing times (or 

better computational resources); nonetheless, this same simplicity that characterizes the LP-based algorithm also 

comes as a strong disadvantage which is at the base of several of its limitations, as for example those illustrated 

in Figure 3.2. 

4.1.3 Comparison with similar studies 

Although the performance results obtained with these algorithms were considered quite satisfactory in the 

context of this work (which is mainly an fMRI study), it should noted that further room for improvement of the 

wavelet-based algorithm could still be found useful: applying the original algorithm to ECG signals from the 

MIT/BIH database, Li et al. reported PP and S results of 0.9995 and 0.9990, respectively, while pulse oximetry 

results obtained in this work (with the customized version) remained around 0.9938 and 0.9939 for each of those 

measures. Nonetheless, apart from differences in the nature of the signal types under comparison (ECG and 

pulse oximetry signals), the effects of signal pre-processing steps must also be taken into account: as previously 

mentioned, the physiological signals acquired in this work were automatically subjected to several pre-

processing steps which certainly included drift correction and amplitude modulation; as these could not be 

controlled, their effects on the recorded signals (and consequently on peak detection performance) cannot be 

assessed clearly – this is an issue which was even more problematic for later aspects of fMRI data analysis, as 

will be later discussed. 

4.2 Physiological noise characterization 

4.2.1 Outcome measures and datasets of interest 

Based on the results obtained in this work, physiological noise components could be characterized in terms of 

their relative contributions for fMRI signal information. These relative contributions were quantified in terms of 

the percentage of variance explained by each of the corresponding regressor sets, VE, which is mainly based on 

the adjusted coefficient of determination, R
2
adj. This basic measure was found particularly adequate for the 

problem at hand for two main reasons: (1) it is normalized with respect to the original time course variance (thus, 

it can be compared across different brain areas, subjects, run types, and acquisition techniques), and (2) it does 

not depend on the number of DOF in each analysis (so different models can be compared). 

While the first aspect mentioned is inherent to the definition of R
2
adj, the second aspect is in fact imposed in 

terms of the statistical expectancy of the behavior being accounted for (as has been mentioned, R
2

adj only 

increases with a new regressor if R
2
 is increased more than what would be expected by chance). In this work, the 

statistical significance of the obtained results was in fact found sufficient for this aspect to be consistent, as can 

be confirmed for instance by regarding the R
2

adj values presented in Figure 3.5, for PCA-based analyses: here, no 

significant differences were found between results from base models and those from RND models (which have 

18 more regressors, and therefore yield 18 less DOF); on the other hand, sensitivity measures such as estimation 
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variance did show considerable differences between these two model types, as they are not independent of the 

number of DOF (and therefore are affected by the inclusion of additional regressors, even if randomized). 

Regarding the choice of the most appropriate set of results for physiological noise characterization, those 

obtained from PR-based analyses applied to Rest data were certainly the most indicated: signals from Loc data, 

on the one hand, contain contributions from external stimuli-induced activation, which will act as an important 

confound for this purpose (due to regressor colinearity issues that will be later discussed in more detail); PCA-

based analyses, on the other hand, aim at indiscriminately removing all types of correlated noise, which should 

also include components of spontaneous neural activity, for instance. 

4.2.2 Comparison between EPI and segmented EVI data 

Although the two acquisition techniques adopted in this work were performed with similar whole-volume 

acquisition times (3.2s), their sensitivities to physiological noise contributions are expected to differ due to the 

particular characteristics of each method: in the 2D EPI technique, each image slice is obtained from a single k-

space plane, acquired in approximately 80ms; in the segmented EVI technique, all image slices are obtained 

from a common, full k-space volume acquired during a period of 3.2s – thus, physiological noise components 

ought to be sampled differently in each case.  Indeed, with the previously-discussed choices in mind, considering 

the PR-based Rest data results presented in Figure 3.12, it is clear that, in relative terms, physiological noise 

contributions do increase from 2D to 3D acquisition methods, while drift contributions remain fairly similar and 

those from “other” noise sources decrease. 

In order to estimate these differences in absolute terms, the original signal variances of each set of data have 

to be considered – for this particular study, signal variance results from Rest data extracted from ROIAct yielded 

values of (1.61±0.38)×10
5
 in 2D and (2.62±0.93)×10

5
 in 3D acquisitions; this is further supported by Loc data 

results presented in Figure 3.4a,c, where 3D RND curves yielded higher GLM regression residues than 2D RND 

curves, while showing similar R
2

adj results (thus, the original signal variance in 3D Loc data should also be 

higher). Based on these observations, it can thus be estimated that slow drift and especially physiological noise 

contributions do increase significantly from EPI to segmented EVI data in absolute terms, while contributions 

from “other” sources are observed to increase considerably less – this slight increase being probably driven by 

spontaneous neural activity components (as thermal noise is known to decrease relatively to signal strength in 

3D, due to the whole-volume RF excitations). 

The above-stated behaviors are coherent with what has been observed in previous studies (van der Zwaag, 

Kober, et al. 2009), and indeed suggest that while thermal noise is reduced, physiological noise contributions do 

become more important in data from 3D acquisitions. Within physiological noise, however, it can be seen that 

RETROICOR components are in fact the only ones whose relative contributions increase, with those from CR 

and RVT actually becoming smaller. This would thus suggest two possibilities: (1) the adopted 3D technique 

may be specifically more sensitive to rapidly-fluctuating noise originated from cardiac and/or respiratory phase-

induced signal oscillations, rather than to lower-frequency noise related to cardiac and/or respiratory rate 

fluctuations, or (2) RETROICOR regressors may be more effective in 3D due to the need to perform slice timing 

correction in 2D data. Taking into account the fact that each instant of each voxel time course in 3D data 

depends on information acquired during the whole full-volume acquisition time (3.2s), while in 2D data it only 

depends on information from a single-slice acquisition time (around 80ms), the first possibility does seem to be 



63 

 

the most likely, as the temporal sampling of noise fluctuations in 3D is considerably poorer than in 2D. These 

hypotheses are further supported by the results included in Figure 3.9, regarding CR lag optimization analyses; 

as can be observed, the inclusion of these regressors produced much clearer patterns in 2D than in 3D data, thus 

suggesting that their contributions for signal variance are considerably less significant and meaningful in the 3D 

case. RVT optimization results, however, displayed less clear differences, probably due to other specific 

problems which will be later addressed. 

4.2.3 Colinearity between physiological regressors 

The above-stated observations regarding the composition of signal variance at rest should be heeded 

carefully, considering that the nested-regression method utilized for estimating individual percentages of VE is 

affected by an important limitation: the physiological regressors (as well as drift regressors) utilized in these 

analyses are not linearly independent – in fact, they cannot be made independent, as the orthogonalization 

process would destroy their biological meaning. Thus, each pair of non-independent regressors will ambiguously 

share information between each other in GLM analyses, to a degree that naturally depends on the magnitude of 

the correlation between the two. 

In order to assess the impact of this problem for the data under study, a cross-correlation matrix was 

generated where the degree of colinearity between each pair of physiological and drift regressors is evaluated in 

terms of the correlation coefficient between them. These results are presented below in Figure 4.1. 

 

As can be seen in Figure 4.1, SE results are approximately one order of magnitude below the corresponding 

averages, indicating a comfortable degree of consistency across different subjects, acquisition techniques and run 

types. As can be observed, drift regressors and the cardiac part of the RETROICOR set are acceptably close to 

linear independence in general, with correlation coefficients not exceeding 0.10 – with the exception of first and 

 

Figure 4.1  Cross-correlation between distinct drift and physiological regressors, expressed in terms of global averages 

across subjects, acquisition techniques and run types, followed by their respective SE; RETR1-4 regressors correspond 

to the cardiac component of RETROICOR, while RETR5-8 comprise the respiratory component. 
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third degree polynomials, which are considerably correlated to one another. On the other hand, regarding the 

cross-relations between CR, RVT, and the respiratory part of RETROICOR (which correspond to the slightly 

brighter rectangle on the lower-right corner of the correlation matrix), higher coefficients were found in some 

cases, with values approaching a maximum of 0.20 for a specific pair of respiratory RETROICOR regressors, 

and CR and RVT displaying a correlation coefficient close to 0.15 between each other. 

Taking into account the characteristics of the adopted method for VE determination, the first two of these 

issues do not appear to be potentially problematic, as the contributions of either drift regressors or RETROICOR 

regressors are always estimated as a whole – hence, regressors from the same set can share information between 

each other without affecting these results. Regarding CR and RVT contributions, the two are calculated 

separately from each other, depending only on the already included drift and RETROICOR regressors (which 

display low linear dependencies on either CR or RVT); nonetheless, the fraction of signal variance that is 

mutually attributable to both regressors will indeed be attributed twice (once for each regressor, instead of 

partially for each one), and therefore the remaining signal variance to be associated to “other” sources does 

become slightly smaller than it should. Nevertheless, this limitation should affect data from both acquisition 

techniques in fairly similar ways, and the differences observed between 2D and 3D data should remain valid. 

4.2.4 Comparison with similar studies 

It should be further noted that 2D results obtained in this section were found considerably close to those of a 

similar study (Bianciardi, et al. 2009), as illustrated in Figure 4.2. Considerable similarities were particularly 

found for contributions from drift sources, physiological noise as a whole, and “other” sources. 

 

 

Figure 4.2  Physiological noise contributions for fMRI signal information obtained in this work for 2D Rest data (left); 

values in parenthesis are averages across subjects, followed by their respective SE. (right) Similar results for standard 

EPI data obtained in a similar study (Bianciardi, Fukunaga, et al. 2009), explained in terms of percentage of VE (upper 

bold) and percentage of signal change (lower italic); average (SE) values across subjects are shown. 
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Regarding individual physiological noise components, more important differences were found, especially 

regarding RETROICOR and RVT contributions; apart from the already addressed colinearity issues, and in fact 

more importantly, these differences can be attributed to the previously-mentioned automatic pre-processing steps 

performed by the adopted acquisition protocols provided with the equipment. While improving the quality of the 

acquired signals at several levels (as with baseline drift removal, for example), these processes also included 

amplitude control and signal discretization steps which led to occasional segments of saturated signal, and to 

(quite frequent) effects of dynamic amplitude adaptation, as illustrated in the examples which are presented 

below in Figure 4.3. 

Regarding the pre-processing effects mentioned above, problems related to signal saturation (which occurred 

at discretized amplitudes of 0 and 4095) were addressed with cubic spline interpolation; while effectively 

resulting in smooth signals, this approach could not, however, produce completely reliable approximations, as 

the saturated segments usually coincided with signal peaks, which are by nature segments of significant signal 

variations. Amplitude modulation effects, on the other hand, could not be minimized at all. While these problems 

should not have significantly affected CR or the cardiac part of RETROICOR sets (which solely dependent on 

peak timings, not amplitudes), they certainly had an important negative impact on the computation of RVT and 

the respiratory part of RETROICOR sets, as these strongly depend on respiratory amplitude. It is thus necessary 

to keep these limitations in mind for results analyses, namely those related to respiratory noise sources. 

 

Apart from this, results obtained in (Bianciardi, et al. 2009) also point to a higher sensitivity to physiological 

noise in visual cortex regions relatively to gray matter regions. Results obtained in this study, on the other hand, 

 

Figure 4.3  Important negative consequences of pre-processing steps included in physiological signal acquisition: (a) 

segments of saturated repiratory signal (in red), corrected by interpolation with cubic splines; (b) effects of dynamic 

amplitude adaptation in a pulse oximetry signal, resulting in modulatory oscillations with periods of approximately 20s. 
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identified no remarkable differences between active (ROIAct) and thresholded gray matter regions (ROIGM), as 

evinced in Figure 3.11b,d. It could be argued that the inclusion of some important blood vessels in ROIGM (as 

previously mentioned) may have approximated the sensitivity characteristics of this ROI to those of ROIAct, as 

the visual cortex is known to possess a particularly high concentration of venules (Marinkovic, et al. 1995); this 

possibility cannot, however, be confirmed by these results alone, and the evaluation of regional heterogeneities 

in tissue sensitivity to physiological noise is therefore deemed inconclusive. 

4.3 Physiological noise correction 

4.3.1 Comparison between PCA-based and PR-based analysis 

Regarding the PCA- and PR-based approaches as noise correction methods, the results obtained for explained 

information, temporal SNR, estimation variance, number of active voxels, and maximum activation Z-score 

suggest, in general, that while both methods tend to significantly improve the explaining power of base linear 

models and their sensitivity to external stimuli-induced neural activation, PCA-based methods are definitely the 

most effective and consistent approach for correlated noise correction in general. 

Following the PCA-based approach, it was possible to achieve significant improvements in all the adopted 

sensitivity measures. Furthermore, data from 3D acquisitions, which were found to be more importantly affected 

by physiological noise, did in fact show superior improvements when compared to 2D data – this being 

particularly evident for estimation variance (higher in 3D with base models, but similar for both acquisition 

methods in PCA models), and number of active voxels (similar in 2D and 3D with base models, but higher in 3D 

with PCA models). Results from SNR analyses lead to similar conclusions, as tSNR0 vs sSNR curves saturate at 

quite low tSNR values for 3D data (that is, they display a higher sensitivity to signal-dependent fluctuations), 

while PCA-corrected curves are considerably closer to those of 2D data (both corrected and uncorrected) – hence 

effectively mitigating these stronger saturation tendencies. 

4.3.2 Limitations of SNR analysis 

In the particular case of SNR evolution with voxel width, however, the obtained results must be considered 

with some reservations. As has been mentioned, the fMRI data under study and the methodology employed to 

obtain different voxel widths displayed important limitations: firstly, as was described, the adopted procedure 

was based on the digital resizing of image magnitude data alone; thus, although the effects produced are 

expected to be analogous, to some extent, to those obtained with real acquisitions performed at the desired voxel 

widths, important differences inevitably arise, as magnetization amplitudes are averaged but phases are not 

combined across space. Secondly, the vendor-supplied acquisition protocols adopted for fMRI signal acquisition 

included an algorithm specifically designed to combine the different signals obtained from the multi-channel 

coil, in order to reduce white noise contributions – while this greatly increases the image SNR, it also affects the 

expected evolution of thermal noise contributions with parameters such as voxel width. 

The inadequacy of the model given by (1.10) to fit the obtained tSNR vs sSNR plots may for instance be a 

consequence of the above-stated limitations. Nevertheless, the inclusion of a modulating free parameter proved 

to be a considerably effective solution, thus suggesting the possibility that the above-mentioned limitations and 

subsequent differences might result in tSNR values that still grow proportionally (although not identically) to 



67 

 

               . On the other hand, the higher effectiveness observed for the modified model may be 

strongly associated to the lower number of DOF, as the population under study consisted of only three samples 

(corresponding to the three different voxel widths that were tested). 

Regardless of these limitations, the obtained tSNR vs sSNR plots did present clear behaviors that were found 

coherent in general with those observed in previous studies (Krüger, Kastrup and Glover 2001, Triantafyllou, 

Hoge and Krueger, et al. 2005, van der Zwaag, Kober, et al. 2009) – in particular, tSNR saturation tendencies 

and the effects produced by noise correction methods are well-visible in these results and appear in accordance 

to what would be expected. 

4.3.3 Practical aspects of method applicability 

Apart from these considerations, both analysis approaches display specific advantages and disadvantages that 

can limit their range of applicability. Despite being the most effective, PCA-based methods can only be adopted 

for studies based on externally-induced activation paradigms, where the component of interest in fMRI signals is 

well modeled a priori and distinct from resting-state activity (which is indiscriminately deemed as correlated 

noise). Furthermore, this approach also requires the acquisition of Rest data, and despite not depending on as 

strict assumptions as PR-based methods regarding the influences of different physiological processes on fMRI 

signal time courses, PCA-based methods do not allow for the discrimination between different correlated noise 

contributions (such as the different physiological noise components, and spontaneous neural activity) – even if 

they do assume the presence of multiple, linearly-combined noise components (Bianciardi, van Gelderen, et al. 

2009). PR-based methods, on the other hand, although depending on more specific assumptions and requiring 

physiological data acquisition simultaneously with fMRI acquisition (and further depending on the quality of 

those physiological recordings), represent the only approach suitable for resting-state studies, which comprise a 

fundamental area of work in fMRI. 

4.4 Concluding remarks 

4.4.1 Main conclusions 

Taking into account the results obtained in this work and the above-presented considerations, it can be 

concluded that the 3D segmented EVI technique analyzed in this study does have the potential to become a 

useful and reliable tool for high-field fMRI, relatively to standard EPI techniques, as long as its physiological 

noise-related limitations are adequately dealt with. Effective approaches for physiological noise correction have 

been identified, with the adequacy of each method depending on the nature of each study and on the type of data 

available. Under adequate circumstances, these correction approaches were indeed capable of minimizing the 

increased noise contributions in segmented EVI to levels similar to those of EPI data, while preserving (and thus 

potentiating) the original advantages of the 3D technique. 

4.4.2 Future work 

Apart from these conclusions, several further questions have arised throughout this study as potential subjects 

of future work. For instance, a more comprehensive understanding of physiological noise characteristics of the 

human brain would prove beneficial for both academic and practical reasons (namely, to allow the design of 
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more effective noise correction methods). Particularly important topics highlighted in this work would include 

the following: 

1) The study of inter-subject variability: as can be observed in Figure 3.9 and Figure 3.10, regarding 

subject-specific VE curves given by different temporal shifts in CR and RVT regressors, some subjects 

did display considerably clear and similar patterns between one another, while other subjects showed no 

significant patterns at all; as the respective physiological recordings were found to be acceptably similar 

to those of the remaining population, aspects of inter-subject variability thus arise as a relevant possible 

explanation; this is in fact a problem which has also been identified in previous studies (Shmueli, et al. 

2007, Bianciardi, Fukunaga, et al. 2009), thus further evincing the importance of its study; 

2) The characterization of specific regional differences in physiological noise sensitivity across the human 

brain; this is a topic which was briefly and inconclusively addressed during this work, as has been 

previously discussed, and a possible starting point for future work could involve exploring specific 

contrasts of the Loc paradigm, such as the F vs background contrast and so on (as these are expected to 

refer to specific, distinct regions in the cortex); 

3) The acquisition of real fMRI data at several different voxel widths, in order to obtain more reliable tSNR 

vs sSNR plots; the comparison of these results with the “artificial” plots obtained in this work would 

further prove useful as means of evaluating the effectiveness of the adopted resizing method; 

4) An extended analysis centered on certain specific parameters of the methodologies utilized throughout 

this work, such as the number of PCA eigenvectors selected for PCA-based analyses or the number of 

temporally-shifted regressors to be included in CR and RVT sets for PR-based analyses – these were not 

addressed in this work as they would greatly increase the computational times required for analysis (the 

number of necessary stats + post-stats analyses increases linearly with the number of instances tested for 

each parameter); finally, the study of alternative HRF approximations, such as double Gamma functions 

(Friston, Fletcher, et al. 1998) or other more complex models, could also prove useful. 
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