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Abstract 

An increasing interest exists in the scientific community in studying functional brain networks 

measured by resting-state fMRI (rs-fMRI). The development of new fMRI acquisition techniques at ultra-

high-field (7 Tesla), that allow full brain coverage with high sensitivity and spatial resolution, promises to 

provide significant insights into functional brain networks. Because measuring functional brain connectivity 

is based on the detection of synchronous neuronal activity between different regions, non-neuronal 

mechanisms producing correlated signal fluctuations will be reflected on the connectivity measurements. 

The characterization and removal of these spurious sources, most often referred to as physiological noise, 

has therefore become a major subject of concern, especially when going to ultra-high-field strengths 

where their contribution is significantly increased. This work aims to quantitatively characterize the 

correlated, physiological noise fluctuations in whole-brain, 1 mm
3
-resolution rs-fMRI data collected from a 

group of healthy participants at 7 Tesla, both at a whole-brain level and at a more specific, region-based, 

tier. To that end, a nested-model general linear modeling (GLM) optimization approach was employed, 

which combines and compares a number of different well-established and promising techniques to model 

the main sources of physiological noise in the rs-fMRI signal. The optimal model that was found explained 

a total of 33.8%±5.9 SE of variance in gray matter, with the main source of signal fluctuations being 

explained by low-frequency drifts (19.6±3.3%), followed by cardiac and respiratory mechanisms (6.6±1.2 

%), voxel displacements caused by motion (5.9±1.2%), and global fluctuations in the cerebrospinal fluid 

and white matter (1.3±0.2%). Correction techniques based on external physiological acquisitions proved to 

be invaluable as only 17.6±1.9% of spurious signal variance introduced by cardiac and respiratory 

mechanisms is expected to be alternatively removed by using data-based techniques alone. Subtle voxel 

displacements (5.0±0.8%), rather than large, abrupt movement (0.9±0.4%) were found to introduce the 

majority of motion-induced artefacts in the signal. Improvements in intrinsically problematic regions such 

as the brainstem were more modest, however the model still identified 25.8% putatively attributed to 

nuisance sources. In conclusion, we compared different methods for modelling correlated, physiological 

noise fluctuations in rs-fMRI data collected at 7 Tesla, and propose an optimal methodology that explains 

maximum signal variance. Future work will investigate the effects of the improved physiological noise 

correction on the identification and analysis of resting-state networks. 

 

Keywords: Functional magnetic resonance imaging (fMRI); resting state networks; functional brain 

connectivity; physiological noise; RETROICOR; 7 Tesla 
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Resumo 

O crescente interesse da comunidade científica pelas técnicas de ressonância magnética funcional 

em repouso (rs-fMRI) e o desenvolvimento de novos sistemas de aquisição utilizando campos 

magnéticos de alta amplitude, capazes de adquirir integralmente imagens do cérebro com alta resolução 

e sensibilidade, levaram a descobertas importantes na área da conectividade cerebral. As medições de 

conectividade no cérebro dependem da actividade neuronal síncrona entre diferentes regiões do cérebro 

pelo que qualquer mecanismo com uma origem não-neuronal poderá potencialmente introduzir 

fluctuações na conectividade registada. Por este motivo, a necessidade de caracterizar de forma precisa 

as diferentes fontes de ruído no cérebro tornou-se uma prioridade. O presente trabalho tem como 

objectivo estender o conhecimento sobre este assunto através de uma caracterização das principais 

fontes de ruído fisiológico, por um lado, a nível global e, por outro, em estruturas específicas no cérebro. 

Com este objectivo em mente, um processo de optimização por análise de modelos encadeados com 

recurso ao General Linear Model (GLM), utilizando diferentes técnicas estabelecidas na literatura e de 

estado de arte, foi desenvolvido. Neste trabalho são sugeridas directrizes para a extracção precisa dos 

regressores a incluir no modelo, sustentadas pelos resultados aqui obtidos em dados de rs-fMRI de alta 

resolução adquiridos através de uma sequência SMS-EPI a 7T. O modelo optimizado proposto explicou 

33.8% da variância devida a ruído na substância cinzenta, tendo-se verificado que as fluctuações de 

baixa frequência são responsáveis pela maior parte das fluctuações (19.6%), seguidas dos processos 

cardíacos e respiratórios (6.6%), movimento (5.9%) e fluctuações globais na substância branca e CSF 

(1.35%). As técnicas de correcção baseadas em aquisições fisiológicas externas mostraram ser 

fundamentais, dado que apenas 19.3% da variância do sinal atribuída a processos cardíacos e 

respiratórios foi possível explicar através de técnicas puramente baseadas nos dados de fMRI. Os 

artefactos introduzidos por fenómenos devidos a movimento foram maioritariamente atribuídos a 

movimento de baixa amplitude (5.03% contra 0.9% explicados por movimentos abruptos, de alta 

amplitude). A performance do modelo em áreas intrinsecamente muito afectadas por ruído fisiológico, 

como é exemplo o tronco cerebral, foi mais modesta, não obstante 25.8% da variância devida a ruído foi 

devidamente identificada. 

 

Palavras-chave: Ressonância magnética funcional (fMRI); redes neuronais em repouso; 

conectividade cerebral funcional; ruído fisiológico; RETROICOR; 7 Tesla 
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1 Introduction 

This section presents a brief contextualization of the problem addressed in this work. It starts by 

describing its motivation and proceeds by introducing the fundamental concepts of functional magnetic 

resonance imaging (fMRI) with a focus on the resting-state modality (rs-fMRI). The effects of physiological 

sources in fMRI data are then described, as well as the current, state-of-the-art methods available to 

correct them. 

1.1 Motivation 

The fMRI technique has been continually improved in the last two decades in terms of image quality, 

spatial and temporal resolution, and sensitivity, mainly due to the employment of higher field strengths, 

(Wald et al., 2012). However, sensitivity in fMRI depends on multiple sources of variance, such as 

instrumental – thermal noise and electronic instabilities – and subject-dependent modulations associated 

with physiological processes (Triantafyllou et al., 2005). While thermal noise has a linear relation with the 

field strength, physiological noise grows higher than linearly, hampering the potential benefits of imaging 

with higher strength fields when not accounted for (Kruger et al., 2001). The need to model and regress 

out confounds with a physiological nature in fMRI data is, thus, apparent. 

In rs-fMRI, physiological noise is particularly relevant. Brain connectivity studies using resting-state 

fMRI acquisitions operate by measuring the common variance of the fMRI blood oxygenation level 

dependent (BOLD) signals in different brain regions to identify synchronous activity (Birn et al., 2013). 

Since these fluctuations are measured simultaneously, any non-neuronal activity-related process that 

affects either time series will yield a spurious result: if the spurious fluctuations are similar between 

regions, neuronal connectivity is overestimated; in the other hand, if differential confounds are introduced 

between regions, neuronal connectivity will be underestimated. 

Supported by the recent and ongoing popularity of rs-fMRI, much effort has been put into new noise 

removal techniques, allowing more subtle measures to be made and increasing the confidence in the 

information extracted. However, complete understanding of the causal relation between physiological 

manifestations and functional connectivity is far from being reached. There is still no ground truth nor an 

absolute optimal model that suits every analysis, making the task of choosing the most appropriate set of 

techniques to employ in each situation not a trivial one. This problem keeps driving the scientific 

community towards improving the already existent tools and exploring new ways of improving the 

knowledge concerning connectivity in the resting brain.   
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1.2 Functional magnetic resonance imaging: basic principles 

1.2.1 NMR and MRI 

Nuclear magnetic resonance (NMR) had its beginning in 1946 by the hand of two physics groups led 

by Edward Purcell and Felix Bloch (Bloch et al., 1946, Purcell et al., 1946). They showed that certain 

nuclei, such as hydrogen, possess an intrinsic magnetic moment and, when placed in a magnetic field , 

rotate at a frequency proportional to the field strength, giving it a certain angular momentum (Buxton, 

2009). Since a proton is a charged particle, this rotation gives it a magnetic moment  with an associated 

magnetic field. Due to the quantization of the magnitude in the z component (parallel to the main magnetic 

field ) of a proton’s angular momentum, it has 2 possible orientations with respect to the direction of the 

magnetic field: parallel and antiparallel (Fig. 1.1, b). To obtain an NMR signal, transitions must be induced 

between these two levels. The energy required to do so is provided by a radiofrequency (RF) pulse 

applied at the so-called resonance frequency (the Larmor frequency), carrying the energy correspondent 

to the gap energy between the two levels (Webb, 2003). 

 

Figure 1.1 – Behavior of a proton sample when placed in a strong magnetic field; a) When no magnetic field is 
applied, the magnetic moments are randomly oriented, yielding zero net magnetization; b) When a static magnetic 
field  is applied, the moments align either parallel or anti-parallel to the field. The parallel configuration is slightly 
less energetic, hence a non-zero M vector is generated; c) A oscillating magnetic field changes the orientation of 
the nuclear moments until there is a measurable magnetization in the transversal xy plane (d). Adapted from Jezzard 
et al., 2001. 
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These effects are analyzed as a whole, rather than in nuclei to nuclei basis. Thus, instead of referring 

to individual magnetic momenta, one usually refers to the net magnetization , simply defined as: 

 = ∑ ,=  (1.1) 

At rest, since there is no transversal magnetization, the net magnetization vector will only have the z 

component. When an RF pulse is applied, the z component of the magnetization is reduced from its 

equilibrium value  and the transversal xy component has a non-zero value (Fig. 1.1, c, d). Given an 

arbitrary magnetization vector with a transverse component  and a longitudinal component =  (after a 90º pulse), the magnitudes of these components at later times given by the Bloch 

equations are: 

 = −
 

(1.2) 

 = − −
 

(1.3) 

where  and  are the spin-lattice and spin-spin time constants, respectively.  describes the 

relaxation along the direction of  (longitudinal) and arises from differences in the local environment. In 

general, it is higher in tissues with a higher water concentration.  describes the relaxation along the 

plane perpendicular to  and arises from the loss of phase coherence caused by interactions with 

neighboring nuclei. In addition to the loss of phase coherence caused by spin-spin interactions, this 

phenomenon is also affected by spatial variations in the strength of the magnetic field, caused by both the 

intrinsic magnet design and the different magnetic susceptibilities of different tissues. When these effects 

are taken into account, the time constant ∗ is used to describe the transverse relaxation (Jezzard et al., 

2001) (Fig. 1.2, Left). 

Image formation is usually achieved by spin-warping imaging, consisting of selective excitation, 

phase-encoding and frequency-encoding steps, based on the use of linear magnetic field gradients. The 

imaging data is collected in frequency space, the k-space, and image reconstruction is achieved by 

Fourier transformation. Although conventional spin-warp imaging is intrinsically slow, a number of fast 

imaging techniques have been developed. Most notably, echo planar imaging (EPI) is currently one of the 

commonly used fast imaging techniques. Moreover, acceleration by parallel imaging using multiple 

receive coils is also essential for improving both spatial and temporal resolutions. 
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1.2.2 The BOLD effect 

fMRI is based on the sensitivity of the MRI signal to the level of oxygen in the blood circulating inside 

the brain, a mechanism termed blood-oxygen-level-dependent (BOLD) effect (Jezzard et al., 2011). This 

effect is especially noticeable when using sensitive techniques to changes in ∗ such as gradient recalled 

echo (GRE) techniques (Buxton, 2009).  

 

Figure 1.2 – Origins of the BOLD signal; (Left) Dependence of the measured BOLD signal’s magnitude with the initial 
magnetization, , and the decay ∗ . (Right) Schematic representation of the chain process leading to the measured 
BOLD signal. Adapted from Birn et al., 2013. 

 

Image contrast arises from changes in the local magnetic susceptibility (Jezzard et al., 2011), a 

measure that describes the degree of distortion of the applied magnetic field when interacting with a 

material. This quantity is intrinsically dependent on the concentration of hemoglobin (Hb) bound to 

oxygen: when bound to oxygen, Hb is diamagnetic – as is the surrounding tissue –, while 

deoxyhemoglobin (dHB) is paramagnetic (Webb, 2003). When a brain region is activated, an increase in 

the cerebral metabolic rate of oxygen (CMRO2) coupled with an also increase in the release of 

vasodilatory compounds occurs. Consequently, cerebral blood flow (CBF) in the capillary bed increases 

significantly due to a local vasodilatory response (increased cerebral blood volume, CBV). However, the 

rate at which this increase occurs is faster than that of the oxygen being extracted due to decreased 

capillary transit times. As a result, an increase in the concentration of Hb and a decrease in the 

concentration of dHb take place (Shen et al., 2008). The latter reduces the local magnetic field gradients 
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between the blood and the capillary bed and tissue. As a final result,  and, in particular, ∗  – due to its 

intrinsic relation with local changes in magnetic susceptibility – increase locally in brain regions associated 

with neuronal activation (Webb, 2003) (Fig. 1.2). 

From this description, it is clear that changes in the BOLD signal accurately reflect neuronal activity 

only if the intermediary vascular process is not altered by other phenomena. Cardiac and respiratory 

effects, for instance, introduce correlated changes in BOLD signal that may be entirely unrelated to 

neuronal activation, introducing a source of confound to the results.  

 

1.3 Physiological noise and field strength 

Biophysical model predictions (Fisel et al, 1991; Ogawa et al, 1993) and early reports (Turner et al, 

1993; Gati et al, 1997; Yang et al, 1999) suggested improvements in the signal-to-noise (SNR) ratio and 

contrast-to-noise ratio (CNR) when imaging at higher strength magnetic fields (Kruger et al, 2001). A 

derivation of this field dependency, based on the magnetic resonance receiving chain, was provided by 

Edelstein (Edelstein et al, 1986), as illustrated by the scheme in Fig. 1.3.  

 

Figure 1.3 – Diagram of part of the NMR receiving 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 R t and 
noise source vt and losses in the tissue are represented by resistor Rs and noise source vs. The antenna is connected 
to the pre-amplifier A. Adapted from Eldstein et al., 1986. 

 

Series resistors Rt and Rs represent the losses in the tuned circuit (e.g., in the scanner) and sample 

(e.g. in the body tissues), respectively. The voltage spectral densities vt and vs model the losses by the 

tuned circuit and the sample, having a dependency with the square root of Rt and Rs, respectively, 

according to the Johnson noise formula:  
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� = � �  � = � �  

(1.4) 

where k is the Boltzmann’s constant and T is the absolute temperature. Furthermore, the signal S 

obtained from an oscillating magnetization M satisfies:  

 ∝ ∝ �  
(1.5) 

Because the energy separation of the nuclear spin states is much less than kT, magnetization M and � can be considered to be proportional to the magnetic field B0. Combining � =  with Eq. 1.4, we get: 

 ∝  (1.6) 

For a fixed geometry of the coil and sample, 

 � ∝  (1.7) 

By dividing 1.6 by 1.7 we finally get: 

 ∝  (1.8) 

Following Eq. 1.8, it was proved that the SNR has a linear relationship with field strength, suggesting 

an immediate advantage of imaging with higher field strengths. However, this model assumes that thermal 

noise dominates over non-thermal noise.  

When stronger fields became available, many studies verified that the contribution to BOLD changes 

from non-thermal noise sources was much larger than expected. In 2001, Kruger et al. formally showed 

that physiological noise, contrary to thermal and instrumentation noise, has higher than linear dependency 

with the MR signal strength (Kruger et al., 2001). To evidence this relationship, the total noise can be split 

into its two components: thermal and non-thermal (physiological): 

 � = √ � + �  (1.9) 

where �  and �  denote, respectively, the thermal and physiological noise components. Since the 

physiological noise arises from cardiac and respiratory fluctuations as well as changes in the blood 

vasculature, this noise component is dependent on the image signal S and can be written as: 
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 � =  (1.10) 

where  is a constant that expresses the degree of degradation on the image signal by non-thermal 

processes. The image SNR is then given by: 

 = √� + �  (1.11) 

If the SNR in an individual volume is defined as = �⁄ , combining this expression with 1.10 

and 1.11 yields: 

 = √ +  (1.12) 

 depends only on thermal noise and, thus, increases linearly with the field strength. However, as 

 increases, SNR approaches the asymptotic limit of /  (  is expected to be roughly independent on 

field strength (Kruger et al., 2001)), meaning that further increasing the static field strength yields only 

small increases in SNR (Triantafyllou et al., 2005) (Fig. 1.4).  

These findings indisputably point to the need to deal with physiological noise at higher field strengths 

as, if not controlled, non-thermal sources take away the great potential of imaging with higher resolutions. 

 

Figure 1.4 – Temporal SNR as a function of SNR0. At field strengths lower than 1.5 T, the SNR/SNR0 is, in fact, very 
close to linear. However, as the field strength is increased, SNR converges to a constant value, contrary to what was 
predicted by Eldstein. Adapted from Triantafyllou et al., 2005. 
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1.4 Physiological noise in rs-fMRI 

In the last years, a lot of effort has been put into the study of functional brain connectivity based on 

rs-fMRI (Fig. 1.5). In fact, functional connectivity can be observed even when the brain is at rest, that is, 

when the subject is not explicitly asked to perform any task (Birn et al., 2012). Resting-state connectivity is 

assessed by measuring low-frequency (< 0.1 Hz) signals between two or more brain regions (Biswal et al., 

1995). The assumption is that brain regions that show synchronous neuronal activity present correlated 

MRI signal fluctuations, reflecting both unconstrained mental activity and spontaneous neuronal activity.  

 

Figure 1.5 - Number of publications in Pubmed database citing the keywords resting state fMRI from 1985 to 2013. 

 

However, there has been some skepticism regarding the origin of these fluctuations. Similarities in 

the BOLD signal from different brain regions can be caused by many sources, neuronal activation being 

only one of them. For example, head motion introduces correlations in the peripheral brain regions, as 

well as in areas affected by large spatial variations in image contrast (Birn, 2012). In the same way, 

cardiac pulsation (Dagli et al, 1998;), movements of the chest and diaphragm associated with respiratory 

processes (Brosch et al, 2001), as well as changes in the oxygen concentration (Van de Moortele et al, 

2002; Raj et al, 2001), can also introduce correlated fluctuations in the BOLD signal. Removing these 

sources of confound has become a major concern when studying functional connectivity using rs-fMRI. 

Before delving into how modelling and correction is achieved, it is important to understand how these 

sources influence directly or indirectly the BOLD signal, possibly biasing connectivity estimates.  
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1.4.1 Cardiac and respiratory cycles 

When performing MRI in the brain, confounding signal changes are induced by the cardiac and 

respiratory cycles. Cardiac mechanisms include changes in cerebral blood flow (CBF), cerebral blood 

volume (CBV) and arterial pulsatility (Greitz et al., 1993; Purdon et al., 1998; Dagli et al., 1999; Kruger et 

al., 2011). Effects due to respiration include changes in  (Raj et al., 2011) and arterial CO2 partial 

pressure (Wise et al., 2004). Additionally, interaction effects such as an increased cardiac output during 

inspiration (the “respiratory pump”, Hayen et al., 2013) may also have a manifest impact on the MRI 

signal. 

MRI signal changes may be caused by real movements, such as pulsatility and respiratory cyclic 

movements, which cause deformation in brain tissue and originate small displacements in and around 

large blood vessels and CSF-filled regions (Dagli et al., 1999). Furthermore, MRI geometric distortions 

may result from apparent movements, such as the variations in air volume in the thorax inducing changes 

in the  field that lead to a signal shift in the phase-encoding direction (Raj et al., 2011). Both real and 

apparent voxels displacements in the image are particularly problematic near boundaries with an 

accentuated difference in intensities such as the edge of the brainstem (Brooks et al., 2013) (Fig. 1.6) 

 

Figure 1.6 – Signal to noise (SNR) map created from motion-corrected resting state data, showing a dramatically 
reduced SNR in the brainstem when compared to other brain areas. Adapted from Brooks et al., 2013. 

 

BOLD-like signals with a physiological nature are particularly troublesome. Changes in local blood 

magnetic susceptibility either through variations in blood oxygenation or blood volume effectively produce 

variations in the neurovascular processes that shape the BOLD signal, potentially masking neuronal 

activity. Since cardiac and respiratory cycles have relatively high frequencies (~1Hz and ~0.3Hz, 

respectively) in relation to the typical low-frequency (<0.1Hz) BOLD fluctuations associated with rs-fMRI, 

no overlap between the power spectrum of these sources is expected. In standard BOLD EPI rs-fMRI 

acquisition, however, repetition times (TR) ranging from 2 to 3 seconds are commonly used, hindering a 

proper sampling of the cardiac and respiratory cycles. Aliasing will inevitably occur, shifting the power 
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spectrum into a lower frequency range and potentially labeling these processes as neuronal-induced 

(Bhattacharyya et al., 2004; Lowe et al., 1998). Additionally, correlations between changes in cardiac and 

respiratory rates and BOLD signal have been demonstrated (Birn et al., 2006; Shmueli et al., 2007; Wise 

et al., 2004). Fluctuations caused by these mechanisms are within the frequency range of resting-state 

BOLD oscillations, arising from changes in arterial CO2 concentration and blood pressure.  

1.4.1.1 Arterial CO2 concentration 

Due to its vasodilatory properties, CO2 concentration in the arterial blood is intrinsically related to 

blood flow dynamics in the brain. Since this concentration is modulated by the respiratory rate, BOLD 

changes unrelated to neuronal activity may arise. Numerous studies of hypercapnia (Poulin et al., 1996; 

Murphy et al., 2011) and hypocapnia (Bright et al., 2009; Posse et al., 2001) conditions have 

demonstrated that this relation is very sensitive and, if not accounted for, will have consequences in 

resting-state BOLD fluctuations. The pressure of end-tidal CO2 (ETCO2) is usually used as a surrogate for 

arterial CO2 concentration, and it has been shown to be a reasonable measure of CO2-induced changes in 

gray matter (GM). Birn et al., 2006 further suggested to use a measure of the respiratory volume per time 

(RVT), which attempts to capture breathing rate and depth from respiratory belt measurements. Being 

easily measured, RVT has become the most common surrogate for arterial CO2 concentration in rs-fMRI, 

although important differences between ETCO2 and RVT have been reported (Vogt et al., 2011) 

1.4.1.2 Arterial pressure and heart rate 

Similarly to CO2 concentration, arterial blood pressure also fluctuates over time. Blood pressure is 

controlled by the sympathetic and parasympathetic nervous systems through modulation of arterial 

vascular tone (Failla et al., 1999) and heart rate in the low frequency range (Akselrod et al., 1981; Katura 

et al., 2006). Low-frequency oscillations in the concentration of Hb are induced by both heart rate and 

blood pressure changes, with the former explaining close to 20% of variance, the latter 5% and a common 

contribution of approximately 10%, according to Katura et al., 2006. In 2007, Shmueli et al. accounted for 

heart rate in rs-fMRI for the first time and, in the following years, other publications confirmed and 

improved on this subject (Chang et al., 2009a; de Munck et al., 2008). 

 

1.4.2 CSF fluctuations 

Cerebrospinal fluid (CSF) pulsation causes voxel displacement and brain distortion due to induced 

movements in subcortical structures. Additionally, flow of unsaturated CSF spins into the imaging slice 

introduce spurious temporal correlations amidst legitimate functional connectivity ones (Brooks et al., 

2013). CSF effects are amplified in EPI pulse sequences due to their relative flow sensitivity (Kong et al., 
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2008) and in lower brain regions such as the brainstem and peripheral brain regions owing to the 

proximity to CSF-filled regions, making it difficult to properly acquire images in these regions.  

1.4.3 Motion 

Although not strictly a physiological effect in the sense of the word, motion is often conjointly 

analyzed with the traditional sources of physiological noise since modelling this type of artefacts poses 

similar difficulties and produces comparable changes in the BOLD signal. Apart from voxel displacements 

caused by head motion, these artefacts may compromise data quality in some less obvious ways. Firstly, 

head movement modifies the uniformity of the magnetic field, which is shimmed to a particular head 

position. This causes distortions and signal dropout boundaries, also affecting M0 (Birn et al., 2013). 

Secondly, steady-state magnetization is modified by changing the time between excitations in parts of the 

tissue that changed position. This is denoted as spin history effects, which produce significant changes in 

the BOLD signal (up to twice the expected BOLD signal, according to Muresan et al., 2005) and are not 

corrected by standard pre-processing methods.  

 

1.5 Correcting physiological noise in rs-fMRI data 

Many different approaches have been suggested over the last years to deal with physiological noise. 

Providing a comprehensive account of every proposed method is not a feasible task as their number grew 

very large in the last years. Hence, two criteria were used to elaborate this review on correction methods. 

Firstly, methods that consistently provided good results over the years and are still widely used among the 

scientific community were included. Secondly, state-of-the-art methods that show great potential, despite 

still being in a very exploratory phase and not being backed up by as many publications on the account of 

being very recent, were also taken into account. These methods were then subdivided into three major 

fields: data acquisition techniques, pre-processing strategies and physiological modelling. The review is 

mostly focused on physiological modelling methods, since this is the approach used in this work. 

1.5.1 Acquisition-based strategies 

Acquisition-based strategies attempt to solve this problem by: a) capturing images at a fixed point in 

the physiological process that is generating noise (Malinen et al., 2006); b) minimizing the presence of 

physiologically-induced image artefacts by optimizing sequence parameters (Pfeuffer et al., 2001); or c) 

acquiring additional scans to help identify physiological noise sources from an independent acquisition 

(calibration scans, de Zwart et al., 2008). This is an important stage as, depending on the acquisition 

parameters employed (with emphasis on field strength, spatial resolution, flip angle, TE and acceleration 

factor), significant differences are observed in the thermal to physiological noise ratio (Triantafyllou et al., 

2005, 2011). However, since no control was held over the acquisition parameters or technique used to 
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acquire the rs-fMRI data, this work is not intended to delve into this subject, focusing instead on the 

methodology used to correct the already acquired images. 

 

1.5.2 Pre-processing strategies 

1.5.2.1 RETROKCOR 

One of the first pre-processing strategies to deal with physiological noise was introduced by Hu et al., 

1995. This technique, later termed RETROKCOR, operates on the k-space (after image acquisition but 

before image reconstruction) by regressing out signals related to the timing of the cardiac and respiratory 

cycles. For that purpose, acquisition of independent physiological measurements (typically from a pulse 

oxymeter and a respiratory belt) was required to allow the extraction of the associated regressors. In 

2000, Glover introduced a similar method which operates in image space, called RETROICOR (further 

detailed in 1.5.3.2 and 2.5.2). This technique was found to perform consistently better than RETROKCOR 

for standard acquisitions and, for this reason, it is currently the most commonly used of the two. 

1.5.2.2 Temporal filtering 

Since both cardiac and respiratory cycles have relatively well-defined frequencies, theoretically it 

should be possible to simply filter out those frequencies. This is not the case due to essentially three 

factors: a) physiological signals contain harmonics of the base frequency; b) some of these frequencies 

may overlap with frequencies of interest; c) the typically large TR values used in rs-fMRI (2-3 s) do not 

allow unique identification of these frequencies, which are aliased to other regions of the frequency 

spectrum. The latter is probably the most troublesome as avoiding aliasing would require the use of TRs 

shorter than 0.5 s (the Nyquist condition corresponding to a cardiac signal with a 60 bpm frequency), 

which is incompatible with standard whole-brain resting-state acquisitions. As a result, temporal filtering is 

not suitable for removal of cardiac and respiratory effects. 

1.5.2.3 Extraction of physiological components through ICA 

Independent component analysis (ICA) allows decomposition of a dataset into its sources, enforcing 

independence between spatial maps but allowing time courses of the different sources to be arbitrarily 

different (Brooks et al., 2013). ICA has been shown to be capable of separating instrumentation artefacts, 

physiological sources and neuronal-induced fluctuations (Beckmann et al., 2004). Moreover, aliasing is 

not an issue since ICA is able to distinguish different components in long TR data (Brooks et al., 2008). 

This technique is usually used as an exploratory procedure to search for physiological components in the 

data before modelling (Brooks et al., 2007). The main challenge associated with this approach is to decide 

which components should be removed from the data, as ICA invariably mixes outputs where true signal is 

very difficult to tell from noise (Brooks et al., 2013). Automated classification methods (Tohka et al., 2008; 



31 

 

Churchill et al., 2012) based on machine learning approaches have been proposed with varying accuracy 

rates. While some recent techniques show promising results (Smith et al., 2013), they still rely heavily on 

matching between the training data and the acquisition being analyzed.  

 

1.5.3 Physiological noise modelling  

Modelling is currently the most common approach for physiological noise correction. Despite being 

far from completely removing all confounds in the data, the employment of some of the techniques 

developed over the last decade allow more accurate measures of functional connectivity (Birn et al., 

2012). Modelling physiological contributions to the BOLD signal can be achieved by: a) estimating 

physiological contributions directly from the data; or b) using separate physiological recordings to obtain 

the physiological contributions. Their use is not mutually exclusive and they are often used 

simultaneously.  

1.5.3.1 Data-based noise removal techniques 

As it was stated in 1.4.3, spin history effects are not removed by standard motion correction pre-

processing methods. To minimize this issue, it is common to regress out estimated head motion 

parameters (usually, six rigid body motion parameters, 3 translations and 3 rotations), a procedure that is 

not exclusive of connectivity studies (Friston et al., 1996; Jenkinson et al., 2002). Power et al. 2012 

suggested a “scrubbing” technique which detects excessive motion volumes (by using measures of 

instantaneous and backwards differential motion) and excludes them from functional analysis. Other 

publications directly addressed this issue (Satterthwaite et al., 2013, Carp et al. 2013), however there is 

still not a consensus on whether such scrubbing techniques should be applied on functional connectivity 

studies. 

Functional connectivity is measured between specific regions in the brain. Hence, it is reasonable to 

assume that global fluctuations do not contribute constructively and should be regressed out of the data 

(Desjardins et al., 2001; Greicius et al., 2003; Macey et al., 2004). Regressing out the global signal was 

widely used in the first functional connectivity studies, as more consistent patterns of functional 

connectivity were obtained (Fox et al., 2005; Greicius et al., 2003). However, recent studies point out that 

anti-correlations arise from the fluctuations in resting-state networks such as the default mode network 

(DMN) and the task-positive network (TPN). Murphy et al. (2009) later demonstrated that these anti-

correlations disappear when no global signal regression is performed. There is still some debate over this 

topic (Anderson et al., 2011; Chai et al., 2012), however global signal regression has been gradually 

replaced by alternative techniques that try to avoid this problem. These techniques consist of regressing 

out average time courses obtained from regions which are known not to significantly contribute to 

functional connectivity. White matter (WM) and CSF are unlikely to show neuronal activity-induced BOLD 
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fluctuations and, thus, regressing out average time courses of these regions has been used with 

reasonable success (Birn et al., 2009; Weissenbacher et al., 2009; Jo et al., 2011). 

1.5.3.2 Noise removal techniques based on physiological recordings  

This set of techniques encompass modelling using any type of externally acquired recordings. 

However, the great majority is based on cardiac and respiratory signals measured through pulse-

oximetry/pulse-transducer and a respiratory belt since these are widely available and easy to record. 

Despite being first proposed in 2000, RETROICOR (Glover et al., 2000) is still the most popular technique 

used to regress out cardiac and respiratory quasi-periodic fluctuations. This technique is based on the 

retrospective correction method developed by Hu et al. (1996), which fits a low-order Fourier series to the 

k-space time-series data based on the phase of the respiratory and cardiac cycle during each acquisition. 

Despite working particularly well for correcting respiratory events, the fact that only data near the k-space 

origin have adequate SNR for the Fourier fit to be robust is a significant drawback. By operating in the 

image domain, RETROICOR surpasses this problem and works equally well on both global and localized 

respiratory and cardiac noise (in contrast to operation in k-space, which only works globally). However, 

recent publications have shown little impact of this technique on gray matter, with RETROICOR terms 

explaining less than 5% of the signal variance. Other studies reported advantages in fitting higher orders 

(the original proposition only fits Fourier series up to the 2
nd

 order), but a consensus on the optimal 

combination is still lacking (Harvey et al., 2008; Brooks et al., 2007). 

Lower frequency non-periodic fluctuations arising from cardiac and respiratory processes may also 

be modelled using the same traces. A common example is the RVT, which uses information regarding the 

timings and amplitude of the respiratory peaks to model the respiratory non-periodic fluctuations. Two 

years after the RVT has been proposed for this end, Birn improved on his own findings by proposing a 

respiration response function (RRF), which arguably better fits the breathing induced changes in BOLD 

data (Birn et al., 2008). Shmueli et al. reported reasonable results on removal of low-frequency cardiac 

signals by regressing out the heart rate (HR) (Shmueli et al., 2007). Chang et al. improved on Shmueli’s 

findings by deriving a cardiac response function (CRF), reporting a variance explained of ~8% when 

convolving the HR with CRF and regressing it out of resting-state data (Chang et al., 2009a). 

Wise et al. evaluated the effect of ETCO2 in resting-state BOLD signals, demonstrating that 16% of 

BOLD variance in gray matter can be explained and removed (Wise et al., 2004). Chang and Glover 

compared the effect of both ETCO2 and RVT, reporting a high level of correlation between the two and 

similar performances on variance explained. However, differences in the noise components captured by 

the two were also reported, suggesting that both should be measured when possible (Chang et al., 

2009b). 
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1.6 Goals and outline 

Although a very wide range of techniques have been proposed to deal with physiological noise in rs-

fMRI data, particularly with the intrinsic subtlety associated with separating neuronal from physiologically 

induced BOLD changes, there is still a great uncertainty on the best strategy to be adopted. The main 

objective of this work is therefore to implement and systematically compare different methodologies for 

physiological noise correction of rs-fMRI collected at 7 Tesla following a modelling approach. Having this 

in mind, the specific objectives of this work can be summarized as: 

- To provide an exhaustive comparison between both well-established approaches and promising 

state-of-the-art techniques on physiological noise modelling; 

- To quantitatively characterize the effect of each physiological source noise both at a whole-brain 

gray matter level, and at a specific, region of interest (ROI) based, tier; 

- To provide accurate guidelines on the adequate physiologic model to employ when processing 

resting-state functional connectivity data acquired at high field strengths.  
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2 Methods 

This chapter provides a detailed description of the methodology used throughout this work. It 

comprises the initial processing and analysis of the fMRI and physiological data, the techniques used to 

extract the physiological regressors of interest, the approach used to evaluate their impact on the data, 

and the statistical analysis employed to access their significance. 

 

2.1 Data acquisition 

The data were acquired on a 7 T Siemens whole-body scanner equipped with a custom-built 32-

channel receive birdcage RF coil, at the Athinoula A. Martinos Center for Biomedical Imaging, in the 

scope of the FCT funded project HiFi-MRI: Whole-Brain Functional Connectivity Analysis of Ultra High 

Field MRI. Twelve healthy volunteers underwent an rs-fMRI scan and a structural imaging scan, while 

both cardiac and respiratory data were simultaneously recorded.  

2.1.1 Image acquisition 

rs-fMRI data were acquired by means of a simultaneous Multi-Slice (SMS) EPI sequence performed. 

A whole brain 1.1 mm isotropic scan covering 123 sagittal slices was acquired from each subject with 

TE=32 ms, TR=2500 ms, flip angle = 75º, FOV=264x198 mm
2
. Slices were acquired in an interleaved 

order with a Generalized Autocalibrating Partially Parallel Acquisition (GRAPPA) acceleration factor of 3. 

Due to an RF instability, the acquisition of data from subjects 1, 2 and 4 was interrupted and hence split 

into multiple subsets of data (subject 1 data was split into 3 parts, while subjects 2 and 4 were split into 2); 

these were subsequently concatenated (the processing steps to account for the abrupt transitions are 

described in 2.3). Acquisition times ranged from 525 s (210 volumes) to 620 s (248 volumes). Whole-brain 

T1-weighted structural images using a MPRAGE sequence were also obtained during the scanning 

session.    

2.1.2 Physiological recordings 

Subjects’ cardiac data were recorded using a pulse transducer (TN1012/ST, ADInstruments) placed 

on the left index finger. Respiratory data were measured with a pneumatic belt (UFI Model 1132 

Pneumotrace II, UFI) strapped around the subjects’ upper abdomen. Both cardiac and respiratory traces, 

along with a trace signaling the MRI scan triggers, were acquired with a sampling rate of 1000 Hz.  
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2.2 Physiological data pre-processing 

To allow accurate extraction of the physiological information required to create the model functions 

described in section 2.5, some pre-processing steps were applied to the raw physiological traces recorded 

during the fMRI scans. Unless explicitly said otherwise, all processing steps carried out in this section and 

section 2.5 were computed using in-house code written in Matlab R2011a and R2013a.  

2.2.1 Cardiac data 

The waveform obtained through the pulse transducer was used to determine the cardiac cycle phase 

and the cardiac rate at the time instant corresponding to the center of the TR interval during which each 

fMRI volume was acquired. Pulse transducers use a piezoelectric element to convert force applied to the 

active surface of the transducer into an electrical analog signal. In this specific application, increased 

pressure in the surface translates into an increased intra-arterial pressure, signaling the arrival of an R-

wave as a peak in the recorded trace.  

The pulse transducer signal (cardiac signal) was first low-pass filtered using a two-way least-squares 

FIR filter with a cutoff frequency = .   (Fig. 2.1. Left), to yield a smoothed version of the signal 

preserving its fundamental frequency (typically of 1 Hz) but removing higher frequency fluctuations which 

introduce undesirable fluctuations and lead to false detection of R peaks (false positives) (Fig. 2.1, Right). 

Peak detection was then carried out using the Matlab R2011a function Findpeaks. Adequate minimum 

peak-to-peak and amplitude thresholds were applied to each subject in order to achieve optimal results. 

 

Figure 2.1 – Cardiac signal filtering and peak detection in an illustrative dataset; (Top) Fast Fourier Transform (FFT) 
amplitude of the original and low-pass filtered ( = .  ) cardiac traces, evidencing the attenuation of high 
frequency fluctuation; (Bottom) 5 seconds traces of both raw and filtered cardiac data, showing how using a smoother 
waveform avoids erroneous detections by eliminating spurious peaks. 
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2.2.2 Respiratory data 

The respiratory waveform was used to compute the respiratory phase for each fMRI volume, as well 

as the RVT. Contrary to the cardiac signal, computing the respiratory phase does not rely on peak 

detection (this subject will be addressed in 2.5.4) and this was not performed. Filtering was carried out 

using the same FIR filter to remove undesirable noise fluctuations, only this time a lower cutoff frequency = .   (Fig. 2.2, Left) was used to adjust for the typically lower respiratory frequency (~0.3 Hz) and 

preserve the main signal waveform (contrary to the cardiac signal, where only the peaks were of interest, 

the amplitude of the waveform is also a concern and should be preserved after filtering) (Fig. 2.2, Right). 

 

Figure 2.2 – Respiratory signal filtering in one illustrative dataset (Left) Fast Fourier Transform (FFT) amplitude of the 

original and low-pass filtered ( = .  ��) respiratory traces: the less restrictive cutoff frequency is evident as 

frequencies up to the 3
rd

 harmonic of the fundamental frequency (~0.3 Hz) are preserved (in opposition to the cardiac 
signal filtering, where only the fundamental frequency remained); (Right) 5 seconds traces of both raw and filtered 
cardiac data recorded from one subject, evidencing the removal of clear non-respiratory rapid oscillations, while 
conserving the main waveform. 

 

2.3 Image pre-processing 

Pre-processing was carried out using the tools available in the FMRIB Software Library (FSL, 5.0 

version) (Jenkinson, Mark et al., 2012; Smith, Stephen M, et al. 2004). The fMRI data was firstly motion 

corrected with MCFLIRT, by estimating a linear rigid body transformation yielding 3 translation and 3 

rotation deviations for each acquired volume in order to spatially align it with respect to the center volume, 

used as reference. Slice-timing correction was then performed to account for the different slice acquisition 

times within the same volume. Non-brain structures were removed using the brain extraction tool BET and 

spatial smoothing with a FWHM=1.5 mm Gaussian kernel was applied to the data. Instead of removing 

slow drifts from the data through a standard high-pass filtering procedure, they were modeled by means of 

a set of polynomial regressors that were used in a GLM analysis of the fMRI data (further discussed in 

2.5.1). To allow direct inter-subject comparison and group analysis, the images were finally registered to 

the MNI space by non-linear registration. 
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Pre-processing of subjects 1, 2 and 4 included an additional step to account for discontinuities 

between the split blocks of data. To match the time length of the remaining subjects, these blocks were 

concatenated but only the first 210 volumes were used in further analysis. At the time points 

corresponding to transitions between blocks there is a discontinuity, which is particularly striking in regions 

presenting a highly variable signal such as CSF filled and peripheral regions (Fig. 2.3). This behavior 

resembles the effect on the signal caused by the subject’s sudden and marked head motion during 

acquisition. These discontinuities can be partially accounted for by detecting the time points in the fMRI 

dataset that were corrupted by large motion and regressing them out. For that purpose, a regressor 

consisting of ones at the transition time points and zeros elsewhere was built and its contribution to the 

signal variation at each voxel was measured by a GLM analysis of the concatenated fMRI data. The 

residuals of this model are then expected to be discontinuities-free. This methodology was intended to 

deal with sizeable effects without any adverse consequences in the statistics of the following analysis. 

 

Figure 2.3 – Correction of discontinuities in fMRI time series (Left), Discontinuities located at volumes 95 and 189, 
between split datasets in subject 1: the CSF filled voxel time-course localized in the periphery of the parietal lobe – a 
region highly affected by discontinuities due to its highly variable signal – presents a smoother transition at the 
discontinuities after outlier regression (Center) Close up of the first discontinuity, evidencing the effect of the 
correction; (Right) Location of the representative voxel in the brain. 

 

Subjects 7 and 10 presented heavy acquisition artefacts on a significant part of the dataset (over 20 

volumes), suggesting that the gradient performance was affected during acquisition of some of the echo-

planar images. Regressing out outliers minimized the artefacts in the corrupted slices, however not to an 

extent considered reasonable to conduct further analysis (Fig. 2.4). Thus, in order not to bias the group 

results, both subjects were discarded from this study. Cardiac data taken from subject 2 was found to be 

corrupted and, thus, data from this subject was also discarded, yielding a final sample of 9 subjects. 
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Figure 2.4 – Gray matter average time-course computed for Subject 10, after outlier correction.; (Top) High amplitude 
spikes are still clearly visible in the first 25 volumes of the dataset even after correcting for outliers; (Bottom) Axial 
slices corresponding to the peaks at volumes number 5, 19, 22 are shown to have abnormally high overall intensity 
and bright bands corresponding to corrupted slices. An axial slice outside of the corrupted interval is shown as a 
reference.  

 

2.4 The General Linear Model approach 

The General Linear Model (GLM) is by far the most common method used to analyze fMRI data, 

consisting of a massively univariate analysis of each voxel’s BOLD time series. This section lays out the 

mathematical formulation of this model and delves into how it was applied to differentiate physiological 

and other confound contributions from the signal of interest.  

2.4.1 GLM formulation 

The GLM describes the BOLD signal recorded in each voxel as a linear combination of explanatory 

variables (regressors of interest and/or confounds) plus noise (residuals), as: 

 = + �  (2.1) 
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Figure 2.5 – Graphical formulation of a two parameter GLM, displaying a typical example of parameter estimation 
using this approach (adapted from John Hopkins’ Statistical Analysis of fMRI course by Martin Lindquist, 
www.coursera.org/course/fmri). 

 

where  is an N-size vector corresponding to the fMRI time-course (N is the number of volumes in 

the dataset),  is a NxP matrix known as the design matrix, containing the P whose contributions are to 

be estimated,  is a P-size vector containing the relative contributions of each component, and �  is an 

N-size residuals vector (Jezzard et al., 2001). The error vector is generally modelled as an independently 

and identically distributed Gaussian random variable (Friston, Holmes, et al. 1995, Worsley, et al. 2002). If 

this is the case, then the problem can be solved by an Ordinary Least Squares (OLS) approach, which 

narrows down to minimizing the squared residuals � � = − − . The OLS solution for the  

estimate is given by: 

 ̂ = −  (2.2) 

Model fitting was carried out using the Matlab R2013a function glmfit which implements a standard 

iterated reweighted least squares (IRLS) algorithm to fit the GLM. An accurate estimation pf the 

parameters contributions heavily relies on the design matrix. Since evaluating these contributions is a key 

part of this work, a lot of effort was put into building the regressors of interest. The reasoning behind the 

choice of each set as well as the methodology used to extract, process and evaluate their performance is 

thoroughly explained in the following subsections.  

2.4.2 Evaluating the model’s performance 

Theoretically, the more model functions are used, the more information can be expected to be 

explained by the model. However, each variable addition to the design matrix entails a loss of a degree of 

freedom (DOF), reducing the number of free components that goes into the estimation of parameters 

contributions (Diez et al., 2012). If this issue is unaddressed, contributions may be mistakenly estimated 
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and the subsequent statistical results obtained may not be valid. To measure the variance explained by 

each model while accounting for the loss of DOF, the adjusted coefficient of determination  was used: 

 = − = − −− − ∑ − ′=∑ = − ̅  (2.3) 

where  is the sum of squares of the residuals, is the total sum of squares,  is the 

degrees of freedom of the population,   is the degrees of freedom of the population error variance, 

N is the number of volumes in the dataset, P is the number of regressors in the design matrix,  and ′ 
are respectively the i-th value of  (the fMRI data), and ′ (the approximation of  computed by the model) 

and ̅ is the temporal mean of . Contrary to what happens with , which always increases with the 

inclusion of an additional regressor,  dependency on  and  makes it so that it only 

increases if the additional regressor explains more information that what would be expected by chance 

(this is, if a random regressor was included).    

2.4.3 Nested models approach 

The model comparison procedure used throughout this work is based on Bianciardi et al. (2009). 

This methodology encompasses the successive addition of each set of regressors to the model, followed 

by a performance test to determine whether or not its inclusion further explains signal variance 

significantly. The construction and comparison of models with different levels of complexity associated 

with this type of analysis motivates the introduction of the concept of nested models. When a model can 

be obtained from a more complex model by restricting a parameter of the latter to zero, the former is said 

to be a nested model. Comparison between models is made simpler by measuring performance with  

since it adjusts for the number of DOF, allowing more complex models to be directly compared with less 

complex ones. The final goal of this approach is to obtain an optimal model that best describes spurious 

signal variation in the fMRI data. Optimization will be carried out based on the average performance on 

gray matter, with its effect later being tested in different brain regions.  

Since a large number of models is used throughout this work, it is convenient to introduce a 

comprehensive notation that unequivocally identifies each model. For this purpose, the design matrix that 

describes a given model m is hereinafter designated by  and each set of regressors describing a 

given physiological component r is designated by . An exception to this notation, however, is made to 

refer to RETROICOR components. This notation will be addressed in 2.5.2. To quantify the contributions 

by individual regressor subsets, the concept of Variance Explained (VE), as defined in Bianciardi et al., 

2009 is also introduced. Given a subset  , �  is computed as: 
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 � =( −  −  ×  (2.4) 

where = [  … −  ] and − = [  … − ] are nested models differing only in . 

 

2.5 The Physiological Noise Model 

This section provides an in-depth description of the methods used to derive each model function 

used in this work, as well as a brief reasoning behind the choice of implementation used, when 

appropriate.  

2.5.1 Slow drifts 

As observed by Smith et al. (1999), low-frequency (up to 0.015 Hz) drifts caused by subject motion, 

physiological sources and instrumental instabilities are a source of confound and need to be removed 

from the data. There are a few methods to deal with this issue, the two most common being the 

application of a high-pass filter and time-domain polynomial fitting (Friston et al., 1995). In this work, fitting 

up to the 3
rd

 order polynomials was chosen for two main reasons: firstly, it avoids time-series truncation 

effects on the Fourier spectrum and, secondly, by including the set of polynomial as model functions in the 

design matrix, it is possible to quantify the VE in the signal and directly compare it with other confound 

sources using Eq. 2.4. A set of 3 regressors  consisting of the basic components of a 3
rd

 degree 

polynomial was, thus, included in the model.  

 

Figure 2.6 – Plot of the 3
rd

 degree polynomial components used to regress out low frequency drifts in the data. 
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Offsets in both explanatory variables and data are accounted for by adding a constant regressor to 

the design matrix, making it redundant to add the first (constant) polynomial term. This is a common 

procedure to avoid errors in parameter estimation caused by introducing nonzero mean data and/or 

regressors into the design matrix, and will be used in all further analysis. All regressors were normalized 

to the [-1, 1] interval to ease side-to-side comparison, as this operation is invisible to residuals 

computation.   

 

2.5.2 Retrospective Image Correction of Physiological Noise (RETROICOR) 

RETROICOR assumes that the fMRI data in each voxel is corrupted by additive noise caused by 

cardiac and respiratory fluctuations and that these fluctuations are quasi-periodic so that cardiac and 

respiratory phases can be uniquely assigned for each image. Given both assumptions, physiological 

oscillations can be described as a low-order Fourier series expanded in terms of these phases: 

 = ∑ , cos( � ) + , s�n( � )=  (2.5) 

 = ∑ , � cos( � ) + , � s�n( � )�
�=  (2.6) 

where  is the estimated physiological contribution at time point t, �  refers to the computed 

phase and  is the order of the model ( >  corresponds to harmonics of the fundamental frequency). 

,  and ,  denote the GLM parameters estimates. 

The cardiac phase �  was defined as: 

 � = � −−  (2.7) 

where  and  are the times of the R-wave peaks in the cardiac cycle respectively preceding and 

succeeding t. It is assumed the cardiac phase to advance linearly from 0 to � during each R-R interval, 

returning to 0 at the beginning of each cycle (Fig 2.7, Left). 

The respiratory phase �  was defined as: 

 � = � ( ) � ∑ �/ �= ∑ �=  (2.8) 

where �  is a 100 bin histogram of the respiratory amplitude signal x(t). This somewhat more 

complex definition has to do with the fact that shifts in the head and bulk motion caused by respiration 
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depend, not only on the timing of peaks, but also on the depth of each respiration cycle. The amplitude of 

the signal is accounted for by generating a histogram-equalized transfer function between the respiratory 

amplitude and � , where end-expiration is assigned a phase of zero and peak inspiration is assigned a 

phase of ±�. The term � ( ) differentiates inspiration ( > ) from expiration ( < ) (Fig. 

2.7, Right). 

 

Figure 2.7 – Deriving cardiac and respiratory phases; (Left) Assuming a linear evolution during R-R intervals, cardiac 
phase is simply determined by the ratio between the time in the interval � − �  and total interval duration � − � ; 
(Right) Histogram H(b) represents the number of occurrences H of respiratory values during the scan at bin values b. 
The running integral of H(b) creates an equalized transfer function to compute the respiratory phase taking into 
account both relative position in the respiratory cycle and depth of breathing (adapted from Kong et al., 2008). 

 

The cardiac phase was computed by using the previously extracted cardiac peaks, while the 

respiratory phase was extracted from the high-pass filtered respiratory data. The derivative  was 

computed from a smoother version of the respiratory transfer function (obtained by convolving it with a 

� −  size kernel, where  is the number of bins). Computations were carried out in the original sampling 

rate of 1000 Hz, and later resampled to 1/TR and matched with the middle acquisition time point (TR/2) of 

each volume (Appendix 1). 

In the original paper by Glover et al, a second Fourier order was suggested for both cardiac and 

respiratory corrections as higher terms were considered not to add any significant information to the 

model. However, it has become increasingly common to employ 3
rd

 and even 4
th
 order series as many 

studies suggest relevant increases in network connectivity and task activation detection, particularly in 

brain regions highly affected by physiological noise and when using certain 3D acquisition sequences 

(Brooks et al., 2007; Harvey et al, 2008; Rob H.N. Tijssen et al., 2013). Taking this into account, the 

RETROICOR regressors were generated up to the 4th order, giving a total of 16 regressors, since a sine 

and a cosine term are computed for each order of the Fourier expansion of the two types of physiological 

data. A hierarchical comparison methodology based on the work by Harvey et al. (2008) was then carried 

out. 
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In order to evaluate the individual contribution of each cardiac/respiratory regression order, a series 

of nested models was built (Fig. 2.8), where each model differs from the immediate hierarchically higher 

model by only one order. The individual contribution of each order is obtained by first computing each 

model’s , and then computing the VE by the regressor subset that results from subtracting the base 

model from the test model. The threshold as to whether or not the model order should be increased was 

defined by a paired T-test at a significance level = .  on the VE by each regressor set.  

 

Figure 2.8 – Nested model hierarchy used to optimize the RETROICOR respiratory and cardiac orders. VE for each 

isolated set was computed from the differential � � between the models indicated. To simplify notation, only the 

number corresponding to the highest order of both cardiac (C) and respiratory (R) is used to define the model, 
although it should be noted that all lower orders and polynomial functions were included as well. 

 

2.5.3 Interaction Terms 

As previously stated, there is a non negligible interaction component between respiratory and cardiac 

cycles, which is not captured by the original RETROICOR formulation. To address this issue, Brooks et al. 

(2008) defined additional RETROICOR terms to the Fourier expansion, characterizing the amplitude 

modulation observed in the power spectrum of short TR acquired fMRI data in the same study: 

 = ∑ ∑ , , � cos( � ± � ) + , , � s�n( � ± � )�
�==  

(2.9) 

where  is the estimated physiological interaction contribution at each time point (all other 

variables defined as in Eqs. 2.5 and 2.6). 

Cardiac and respiratory phases were combined up to the 3
nd

 order, making a total of 32 regressors 

(Appendix 2). An identical approach to the one described in 2.5.2 was followed to optimize interaction 

orders. 
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2.5.4 Respiratory volume per time 

As discussed in sections 1.4.1.1 and 1.5.3.2, Birn et al. (2006) proposed RVT as a surrogate for the 

end-tidal CO2 concentration. The original implementation suggested by Birn defined the amount of air 

inspired with each breath as the ratio of the difference between the maximum and minimum belt positions 

at inspiration and expiration peaks, respectively, and the length interval. Although yielding reasonable 

results, Chang et al. (2009a) proposed a more robust approach, which operates by computing the RMS 

average fluctuation over a window rather than a peak-to-peak difference. Based on this approach, the 

standard deviation of the respiratory waveform was computed on a 5 seconds sliding window 

(corresponding to 2 TRs) centered at each time point. Additionally, to account for outliers and increase the 

overall confidence of the estimation (although at the cost of being slightly more conservative), values 

which were more than 1.96 standard deviations away from the median were replaced by spline 

interpolation (Bianciardi et al., 2009). Finally, the signal was low-pass filtered ( = .  ) to obtain a 

smoother trace (Fig. 2.9) and time points corresponding to the middle of each fMRI acquired volume were 

extracted to create the corresponding regressor, . 

Figure 2.9 – Different processing stages of RV, overlaid with the low-pass filtered respiratory waveform. Even without 
any corrections, the raw RVT provides a very accurate envelope of the respiratory signal, confirming the robustness of 
this method. Spurious entries removal provides minor improvements (most evident correction is visible around t=175 
s, where the trace is adjusted to better fit the envelope), while the low-pass filter removes the fast oscillations which 
were introduced by the estimation method and do not reflect variations in respiratory volume. 
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2.5.4.1 The Respiratory Response Function 

The impact of respiration changes on BOLD signal is still a topic of discussion. These alterations 

appear to be slower than BOLD signal changes caused by neuronal activity and, thus, are not modeled 

accurately by typical hemodynamic response functions. Birn et al. (2008) proposed a response function to 

model the BOLD signal fluctuations caused by changes in subject’s breathing rate and depth by 

deconvolution of the average response to a series of single deep breaths and finding the parameters of a 

double gamma that best fit the deconvolved response:  

 = . . − / . − . . − / .  (2.10) 

Figure 2.10 – The respiratory and cardiac response functions (RRF and CRF) both present a biphasic behavior, with 
the respiratory onset happening approximately 1 second earlier. While the RRF reaches maximum amplitude earlier, 
CRF’s is noticeably faster (the waveform vanishes in less than 25 seconds, in contrast to the slow decay of the 
respiratory waveform, nearing 0 in approximate twice the time) and its peak-to-peak distance is shorter.  

 

Results reported in resting state conditions by the same author were not very encouraging. However, 

after lagging the obtained regressor in time (this type of analysis is employed in this work and will be 

discussed in detail in 2.5.6), and according to other works published later (Chang et al., 2009a), 

convolving RV with this response function may, in fact, improve upon modelling. In order to test this 

hypothesis, an alternative model was also implemented, in which �  was replaced by � ⨂ . The 

resulting regressor, _ , is shown in Fig. 2.11. 
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Figure 2.11 – Plot of ⨂ � overlaid with the original  regressor for one subject. The temporal delay in the 
signal as well as the biphasic behavior of RRF is apparent throughout the time course, being particularly evident by 
the response to the high peak at volume 79.  

 

2.5.5 Heart rate 

Shmueli et al. (2007) showed that non-periodic heart rate fluctuations have a significant spurious 

impact on BOLD signal. Until then, no method to deal explicitly with these variations had been proposed, 

motivating Shmueli et al. to introduce a regressor, , that took into account changes in the heart rate, 

defined as follows 

 = + −  (2.11) 

where  are the time points corresponding to maximum peaks.  

After the initial estimate of the heart rate using the aforementioned definition, the signal was subject 

to removal of spurious (outliers) time points (by linear interpolation of the time points more than 1.96 

standard deviations away from the median). A Gaussian filter with standard deviation � =  was then 

applied to smooth the data, followed by interpolation to match the middle time point of each fMRI volume 

(Fig. 2.12). 

  



48 

 

 

Figure 2.12 – Illustration of the different steps taken to extract and correct the HR trace from the detected cardiac 
peaks; a) Schematic representation of the initial estimation of heart rate by simply taking the inverse of peak-to-peak 
intervals (adapted from Shmueli et al., 2007); b) Removal of spurious time points from the trace; c) effect of smoothing 
the cardiac rate with a Gaussian kernel.   

 

2.5.5.1 The Cardiac Response Function 

The same way Birn proposed a response function to describe RVT’s impact on BOLD, Chang et al. 

(2008) estimated a Cardiac Response Function (CRF) to describe HR’s role by simultaneous 

deconvolving RVT and HR from resting-state fMRI data, obtaining the parameters of a double-gamma that 

best fit the deconvolved response: 

 = . . − / . − √ � − −9  (2.12) 

Using an analogous methodology to 2.5.6.1, HR was convolved with Chang’s response and an 

alternative model with HR replaced by ⨂  ( _ ) was built (Fig. 2.13). 
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Figure 2.13 – Plot of � ⨂ � overlaid with the original �  regressor for one subject. Signal delay and biphasic 
behavior of the impulse response are, again, visible in the signal response, however smoothing is less apparent when 
compared to ⨂ � due to CRF’s shorter duration. 

 

2.5.6 RVT and HR temporal shifts analysis 

Respiratory and cardiac response functions serve the purpose of better describing how changes in 

these physiological fluctuations are reflected on the measured BOLD signal. However, exact timing and 

shape of these effects due to changes in physiological rates in the BOLD is still unclear (Birn et al., 2008). 

In addition, as will be shown in future sections, these changes are highly variable from subject to subject, 

making it hard to apply a single response that accurately describes every dataset. A possible approach 

consists of lagging these regressors in time and evaluating their VE. Following the methodology described 

in Bianciardi et al. (2009), a series of shifted versions of the original RVT and HR regressors was 

generated spanning the interval from -20 s through +20 s in 1s steps. The interval was determined by 

running a preliminary GLM with a greater step and checking if the topology of the signal suggested the 

existence of additional peaks in VE outside of the analyzed interval. To allow for variations of the 

response on-set, � ⨂  and ⨂  were also subject to temporal lagging and compared to their 

non-correlated counterparts.  
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2.5.7 CSF mean time course 

As stated before, CSF signal regression can improve the specificity of functional connectivity maps 

(Bright and Murphy, 2013; Weissenbach et al. 2009). CSF temporal fluctuations are extracted from the 

data itself by computing the mean BOLD signal within a carefully-defined region of interest (ROI) that 

should be both specific and representative of CSF-related voxels. Partial volume effects, in particular, play 

a very important role as they can, if not accounted for, add signal of interest to the ROI that will later be 

incorrectly regressed out of the data. Many methods exist to define CSF masks for this particular purpose, 

from which three were tested. 

2.5.7.1 High variance mask 

The first method used is based on the approach described by Kong et al. (2012), which assumes that 

voxels presenting high temporal variance must be representative of CSF activity. To define this group of 

voxels, a temporal variance mask was obtained from the pre-processed data and thresholded such that 

only the voxels whose variance lays in the top 20
th
 percentile remain (Fig. 2.14). This mask was then 

applied to the fMRI data to extract the mean time course for the voxels exhibiting the largest variance. 

 

Figure 2.14 – Representative transversal and sagittal view of the high variance (top 20
th
 percentile) mask computed 

for one subject. 

 

2.5.7.2 CSF mask through segmentation 

The second method used was based on image segmentation. Structural data was registered to MNI 

and corrected for spatial intensity variations and segmented into gray matter, white matter and CSF using 

the FSL segmentation tool FAST (Zhang et al., 2001). FAST outputs a set of partial volume maps, where 

each voxel contains a value ranging from 0 to 1, representing the proportion of each class tissue – white 

matter, gray matter or CSF – in the voxel. Since partial volume effects need to be kept to a minimum, a 

very high threshold (0.98) on the CSF proportion was used. The resultant mask was then registered to the 

functional space. To avoid errors introduced by registration processes, the CSF functional mask was 

eroded using a spherical kernel with 1.1 mm radius (Fig. 2.15). This operation significantly improves 

L R 
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specificity by excluding parcels of the mask in tissue borders, where the uncertainty regarding tissue 

composition is highest. 

 

Figure 2.15 – Representative transversal and sagittal view of the high threshold (0.98) CSF mask computed for one 
subject, before (yellow) and after (blue) erosion; the lateral ventricles close-up shows how registration inaccuracies 
(most evident in the anterior section of both ventricles) may lead to erroneous inclusion of gray matter tissue into the 
CSF mask. 

2.5.7.3 Split segmentation mask 

As pointed out by Jo et al. (2010), not all CSF regions should be treated the same when dealing with 

functional connectivity. While the probability of removing legitimate gray matter signal when regressing out 

CSF time courses obtained from draining vessels is considerable (Nencka and Rowe, 2007), doing so 

using time courses obtained from large ventricles is relatively safe. Thus, a logic approach is to split the 

mask obtained through segmentation into two components: large ventricles (comprising all four ventricles) 

and draining vessels (obtained as the complement of the intersection between the large ventricles mask 

and the CSF mask obtained through segmentation).  

The lateral ventricles mask was constructed by firstly obtaining a mask of each ventricle in the MNI 

space, intercepting it with the previously obtained eroded CSF mask and registering the final result into 

the functional space. Lateral left and right ventricle masks were obtained from the Harvard-Oxford 

subcortical atlas provided by FSL. The 3
rd

 ventricle mask was obtained from the MNI-registered Talairach 

atlas provided by FSL (dilation with a 2 mm box kernel was applied to ensure full coverage of the 

ventricle). Due to poor registration of the 4
th
 ventricle mask in the MNI-registered Talairach atlas 

(Appendix 3), this mask was defined by a 20 X 20 X 22 mm
3 
box encapsulating the 4

th
 ventricle (Fig. 2.16, 

Left). All ventricle masks were defined having sensitivity in mind, not specificity, to avoid incorrectly 

labelling intra-ventricular voxels as draining vessels, Specificity was attained by intercepting ventricular 

masks with the eroded CSF mask (Appendix 4). Finally, registration to the functional space was carried 

out (Fig. 2.16, Right). Mean time courses were obtained from both masks and introduced in two separate 

design matrixes, replacing the regressor defined in 2.5.7.2. 
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2.5.7.4 3 mm radius sphere in the right lateral ventricle 

To avoid partial volume effects with gray matter and potentially eliminate signal of interest, an 

additional CSF mask was obtained as proposed by Chang et al., 2009c, by defining a 3 mm radius sphere 

within the right lateral ventricle with center coordinate at (19, -33, 18) in the MNI space (Fig. 2.16, Left). 

This mask was then registered to functional space and applied to the fMRI data to extract the average 

CSF signal (Fig. 2.16, Right). 

 

Figure 2.16 – (Left) Lateral left (green) and right (yellow), 3
rd

 (blue), 4
th
 (red) ventricles and a 3mm radius sphere 

centered at (19, -33, 18) masks obtained in MNI space; (Right) CSF masks obtained in the functional space of one 
subject after intersecting the registered ventricular masks with the eroded CSF mask. 

 

To differentiate the mask used to extract each CSF time regressor, these will be referred to using the 

following nomenclature: 

1. High variance mask:   

2. Mask obtained from structural data segmentation:   

3. Large ventricles mask:   

4. Draining vessels mask:   

5. Right lateral ventricle mask:   

 

2.5.8 White matter mean time course 

Global white matter fluctuations are unlikely to show neural activity-induced BOLD fluctuations (Birn 

et al., 2009; Bright and Murphy, 2013; Weissenbacher et al., 2009). Thus, regressing out the mean white 

matter time course may help improving the specificity of functional connectivity maps. As with the CSF 

mask, avoiding partial volume effects when defining the white matter mask is very important. The white 

matter mask was obtained by thresholding the respective partial volume map obtained through FAST 

segmentation in each subject’s structural space and then eroded using a 4.5 mm
3
 cubic kernel. 

Registration to functional space was done and the mask applied to the fMRI data to extract the white 

matter voxels contributing to the average time course (Fig. 2.17). For comparison purposes, WM 

L R 
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regressors extracted from the pre and post eroded masks will be used in future sections. The former will 

be referred to as simply  while the latter will be referred as  . 

 

Figure 2.17 – White matter mask before (blue) and after erosion (green). Regions in the vicinity of gray matter are 
eroded out of the mask, avoiding mixing with signal of interest when extracting the average time course. 

 

2.5.9 Motion parameters 

Although motion correction has been performed on a pre-processing stage, several effects such as 

interpolation errors, changes in local magnetic susceptibility due to body movement and spin history 

effects may still induce motion-correlated intensity changes in BOLD data (Kong et al., 2008). To minimize 

motion-induced signal contributions, translations and rotations estimates computed by MCFLIRT, , for 

each acquired volume were added to the model. The 6 motion regressors (3 translations and 3 rotations) 

computed for one subject are shown in Fig. 2.18.  

 

Figure 2.18 – Volume by volume translation and rotation deviations estimated by MCFLIRT for one subject. 

L R 
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2.5.10 Dual criteria FD-DVARS derived motion spikes  

As briefly discussed in section 2.3, large and abrupt motion may not be adequately removed by 

simply regressing out the estimated motion parameters. Minimizing these effects can be accomplished by 

the identification of the corrupted volumes in order to build a set of binary regressors (1 at corrupted 

volumes and 0 otherwise) matching these positions. Identification of corrupted volumes was achieved 

using a combination of 2 motion spikes detection metrics. Despite not completely removing motion 

artefacts from the data, this methodology was thoroughly compared with other techniques on motion 

modelling using resting-state functional connectivity data on Satterthwaite et al., 2013, yielding reasonable 

results.  

DVARS  (D referring to temporal derivative of time courses, VAR referring to RMS variance over 

voxels), first described by Smyser, et al., 2010, and applied for this purpose by Power et al., 2012, 

indexes the rate of change of BOLD signal across the entire brain at each time point. DVARS is computed 

by differentiating (taking backwards differences) the volumetric time series and taking the RMS signal 

change over the whole brain: 

 � = √ ⃗ − − ⃗  
(2.13) 

where ⃗  denotes the intensity at volume t, in voxel ⃗, and brackets denote the spatial average 

over the whole brain. DVARS is thus a measure of how much the intensity of a brain image changes in 

respect to the previous.  

Framewise displacement was the second metric used. FD expresses instantaneous head motion as 

a scalar quantity by condensing the information contained in the 6 motion parameters time series: 

 = |∆ | + |∆ | + |∆ | + |∆ | + |∆ | + |∆ | (2.14) 

where ∆ = − − . The other variables are defined in an analogous fashion. This metric was 

computed using the FSL motion outliers tool. 

 A box-plot cutoff defined as the 75 percentile plus 1.5 of the interquartile range (75P + 1.5 IQR) was 

used as the peak threshold (Fig. 2.19, Top). Only when a volume exceeds this threshold in both metrics is 

it identified as an outlier (Fig. 2.19, Bottom). For each outlier, an individual binary regressor was created to 

guarantee independence between parameter estimates (Lemieux et al., 2007).   
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Figure 2.19 – Motion outlier identification using a dual criteria procedure; (Top) Motion outliers identified by each 

metric are presented for all subjects to evidence the high inter-subject variability. Consequently, each subject model 

will also present a highly variable number of regressors, ; (Bottom) Volumes flagged as outliers by each 

metric in subject 3. 

 

2.6 Definition of regions of interest  

To characterize the effect of physiological sources throughout the brain, different regions of interest 

(ROIs) were defined. Firstly, a gray matter mask was defined to evaluate the model performance at a 

global level. This was achieved by registering each subject’s structural data to MNI, followed by 

segmentation. The GM partial volume estimate map was threshold at 0.7 (threshold was chosen to be 

less stringent to avoid inadvertently removing important functional regions of GM tissue) and registered to 
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the functional space. To differentiate cortical gray matter from other brain structures and test for local 

differences, the MNI structural atlas was used. This atlas provides a segmentation of the four brain lobes, 

as well as the caudate nucleus, cerebellum, insula, putamen and thalamus. All masks were registered to 

functional space (the four lobes were added together to obtain a cortical gray matter mask) by non-linear 

registration using FSL’s tool FNIRT. A brainstem mask, taken from the Harvard-Oxford Subcortical 

Structural Atlas, was also registered to functional space.  

 

Figure 2.20 – ROIs defined in the one subject’s space: segmented gray matter (light green), cortical gray matter (dark 
blue), thalamus (red), caudate nucleus (light blue), putamen (yellow), insula (purple), cerebellum (brown) and 
brainstem (dark green). 

 

2.7 Statistical analysis 

Statistical significance regarding pairwise comparisons between models was carried out by simply 

taking one-sample paired T-tests on the VE. For multiple comparisons, a repeated measures analysis of 

variance (repeated measures ANOVA) was carried out in SPSS (Statistical Package for the Social 

Sciences Model). Data sphericity is required to validate the ANOVA test and was evaluated by a 

Mauchly’s sphericity test (J.W. Mauchly, 1940), which assesses whether the variances of the differences 

between all pairs of variable factors are equal. When Mauchly’s test is significant, the ANOVA output must 

be interpreted with care since violations of sphericity increase the number of false positives. Depending on 

the degree to which sphericity has been violated, either a Green-Geisser or a Huynh-Feldt correction 

factor was used. To evaluate significance between specific pairs, a post-hoc analysis was carried out on 

the estimated variable interactions. The intrinsic higher Type 1 Error rate associated with multiple 

comparisons was taken into account by using a Bonferroni correction, which uses a considerably more 

stringent significance level ( ⋆ = /�  where � is the number of pairwise comparisons; if � groups are 

considered, � = −
) (Diez et al., 2012).  
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2.8 Summary 

A schematic summary of the different data pre-processing and analysis steps described in this 

chapter is presented in Fig. 2.21: 

 

Figure 2.21 – Diagram of the methodology used in this work. Regressors are highlighted in blue, while data used and 
processing steps (or operations) are labeled as dark/light gray, respectively.  
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3 Results and discussion 

The following section describes the main results obtained in this work using the methodology 

described in the last chapter. Motivated by some of the results obtained, minor adjustments and 

extensions were made to the methodology described in section 2. When that is the case, a 

comprehensive description will be provided alongside the subsection that motivated the adjustment. To 

avoid increasing the length of this section unnecessarily, some results (such as the VE spatial 

distributions), when observed consistently across the whole sample, are shown for a representative 

subject only (when a given effect is not consistently observed and more than one dataset is required to 

describe it, additional data is shown in the appendix section). 

 

3.1 Extended RETROICOR model 

The results of the Fourier order optimization methodology based on Harvey et al. 2008 are 

summarized in Table 1.  

 
Variance Explained 

Regressor 
Set 

Test 
Model 

Base 
Model S1 S2 S3 S4 S5 S6 S7 S8 S9 Avg. 

1C 1C Drifts 2.492 1.558 1.143 0.222 0.665 0.524 2.249 2.424 1.324 1.400 

1R 1R Drifts 0.547 2.801 1.640 0.937 0.850 1.930 0.376 1.599 0.983 1.296 

2C 2C1R 1C1R 0.232 -0.006 0.230 0.229 0.060 0.224 0.275 -0.209 0.224 0.142 

2R 1C2R 1C1R 0.085 -0.117 0.472 0.024 -0.021 0.743 0.075 1.206 0.523 0.332 

3C 3C2R 2C2R 0.183 0.162 0.267 0.127 -0.018 0.083 -0.071 0.241 0.148 0.125 

3R 2C3R 2C2R 0.023 -0.123 0.160 0.051 0.005 0.100 -0.071 0.379 0.061 0.066 

4C 4C3R 3C3R 0.009 0.152 0.120 -0.023 0.255 0.023 -0.066 0.115 -0.024 0.062 

4R 3C4R 3C3R 0.91 0.114 -0.088 -0.001 -0.051 0.045 0.193 0.065 0.389 0.084 

1X 3C2R1X 3C2R 0.019 0.217 0.063 -0.141 -0.278 0.053 0.032 0.022 -0.026 -0.004 

21X 3C2R21X 3C2R -0.049 0.354 0.226 -0.013 0.032 0.219 0.032 0.056 -0.071 0.070 

12X 3C2R12X 3C2R 0.001 0.383 0.142 -0.077 -0.221 0.1740 -0.106 0.451 -0.179 0.063 

22X 3C2R22X 3C2R 0.044 0.435 0.387 -0.081 0.207 0.155 -0.084 0.070 -0.170 0.151 
1C,2C 
1R,2R 2C2R Drifts 3.356 4.236 3.505 1.412 1.554 3.421 2.975 5.020 3.054 3.171 

1C,2C,3C 
1R, 2R 3C2R Drifts 3.546 4.430 3.801 1.531 1.560 3.532 2.788 5.080 3.141 3.268 

Table 1 – Average variance explained by each extended RETROICOR order in gray matter for each subject (S1 
to S9) and for the group average (Avg.). Cardiac (C) and respiratory (R) components are preceded by the 
number of the highest Fourier order included in the model. Interaction components (X) are preceded by two 
numbers: the first identifies the cardiac order, while the second identifies the respiratory order (e.g. 3C2R12X 
comprises slow drifts, cardiac orders 1, 2 and 3, respiratory orders 1 and 2, and interactions between the 1

st
 

cardiac order and the 2
nd

 respiratory order). The numbers highlighted in bold represent the group means that 
are above threshold (p=0.05). The last two rows show the VE by the original and extended RETROICOR 
models. 
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Table 1 shows the average variance explained by each order of the extended RETROICOR model 

on gray matter computed for each subject and for the group. The values in bold show the group means 

that are above threshold (defined by a one-sided paired t-test performed against the null hypothesis of a 

normal distribution with 0 mean at a significance level of 0.05 (Fig 3.1, Right)). The last two rows show the 

average variance explained by the original RETROICOR model and the chosen extended optimal model 

when compared to a model corrected for low-frequency drifts only. 

 

Figure 3.1 – (Left) Group results of the average VE by each extended RETROICOR order in gray matter (error bars 
represent standard error of the mean); (Right) P-value of the one-sided paired test performed on the VE’s. Significant 
differences were found for cardiac orders up to the 4

th
 order and respiratory orders up to the 2

nd
. No significant results 

were found for differences in VE when introducing interaction terms to the model. Red, blue and gray bars represent, 
respectively, cardiac, respiratory and interactions terms.  

 

The first (fundamental) Fourier order of both cardiac and respiratory components explains the most 

variance in the model with a combined group average of 2.7 ± 0.1 %. VE by each consecutive order 

evolves in a descending trend (Fig. 3.1, Left) with exception of the difference between the 3
rd

 and 4
th
 

respiratory orders (this inversion in the trend, however, is not statistically significant as neither �  or �  were deemed statistically significant). The original RETROICOR model, which comprises the first 

two Fourier orders, was found to explain an average 3.2 ± 0.1 % of the fluctuations in the GM. A 

significant effect was also found for the 3
rd

 cardiac order, however no further respiratory orders or 

interaction effects were found to be significant. The optimal model, 3C2R, improves only marginally when 

compared to the original proposition, explaining 3.3 ± 0.1 % of the variance in GM.   
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        1
st

 Order                      2
nd

 Order                     3
rd

 Order                       4
th

 Order 

    

 

    

 

Figure 3.2 – Representative sagittal and axial slices of the thresholded � � maps of the individual cardiac and 

respiratory orders taken from one subject. (Top) Sagittal slices show a focal spatial distribution surrounding the 
brainstem and insula, the 3

rd
 ventricle and CSF filled regions close to the anterior portion of the cerebellum for the first 

3 cardiac orders; only residual and spatially spread � � values above 0.03 are observed in the 4
th
 order slice; axial 

slices show a high correlation with ventricular CSF for the 1
st
 order, whilst only residual correlations are observed for 

higher orders (only an axial cut corresponding to the 2
nd

 order is shown); (Bottom) Sagittal slices show a high 
respiratory effect on posterior brain regions, with emphasis on the posterior region of the cerebellum for the first 2 

orders; relatively strong correlations are also observed in peripheral CSF regions up to the 3
rd

 order; high � � values 

are observable on both lateral ventricles in the slice corresponding to the 1
st
 and, to some extent, 2

nd
 respiratory 

orders (no noteworthy effects were observed in this region for higher respiratory orders). 
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A spatially focused cardiac effect was consistently observed in brain regions surrounding the insula 

and in vascularized and CSF filled regions surrounding the brainstem (Fig. 3.2, Top and Fig. 3.3). This 

effect is also observed when considering each cardiac order separately up to the 3
rd

 harmonic, however 

with successively diminishing contributions (Fig. 3.2, Top). A considerable overlap with ventricular CSF 

regions is also observable for the first two orders. Respiratory effects are mostly noticeable in posterior 

subcortical regions close to the cerebellum and peripheral CSF regions (Fig 3.2, Bottom and Fig. 3.3).  

After determination of the optimal model at a gray matter level, cardiac and respiratory contributions 

were split into two sepate design matrixes and a ROI based GLM analysis was carried out to measure 

their individual contribution in specific brain regions. Cardiac and respiratory components present similar 

contributions when averaging over the gray matter, however assimetrical results are observed when 

considering particular ROIs. As it was made evident by the  maps, cardiac effects are considerably 

higher in the insular cortex, as well as in the brainstem, while respiratory effects are most evident when 

averaged over the cerebellum.  

Figure 3.3 – Individual cardiac and respiratory RETROICOR contributions (after model optimization) in all previously 

defined ROIs. 

In the original paper by Harvey, a more complex model (3C4R11X using the same nomenclature) 

was deemed optimal. Results coincide when cardiac effects are considered, however effects resulting 

from higher respiratory harmonics as well as a low order interaction between cardiac and respiratory 

cycles were also found to be significant in this study. There are, however, two key differences between the 

methodology followed by Harvey and the one presented here.  
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Firstly, Harvey study focused specifically on brainstem (however, a broader ROI was defined, 

including other subcortical structures, vascular regions, the thalamus and ventricles – Appendix 4), rather 

than a global gray matter effect. While the respiratory effect does not seem to be particularly prominent in 

brainstem itself, the   maps in Fig. 3.2 (Bottom) show an important respiratory correlation in ventricles 

and CSF filled subcortical regions, which are excluded from the average results in this work but are not in 

Harvey’s. Inclusion of these highly respiratory modulated regions is expected to considerably increase the 

respiratory contribution and motivate the inclusion of higher respiratory harmonics. However, this says 

nothing about the relatively small presence of cardiac-respiratory interactions in the results presented 

above. In order to make the results more directly comparable to Harvey’s, VE for every set of regressors 

was averaged over the previously defined brainstem mask (it should be noted, however, that the 

brainstem mask defined in this study is considerably more specific, excluding, for example, pure CSF and 

large vascular regions – see Fig 2.20) (Fig. 3.4). Interaction effects were found to be significant (p>0.02) 

up to the 2
nd

 order. Higher contributions in lower brain regions are a consequence of the intrinsic 

physiological nature of these interactions: as observed by Brooks et al. (2013), increased cardiac output 

through the respiratory pump mechanism (Linn et al., 1999) is likely to be an important source of confound 

in rs-fMRI data of the brainstem due to its proximity to large vessels. In fact, the introduction of interaction 

terms was originally motivated by a physiological noise modelling study in spinal cord (Brooks et al., 

2008), in which interaction mechanisms were found to explain a significant fraction of the signal. These 

were later confirmed in subsequent publications directed at the same imaged region (Kong et al., 2011) 

and extended to the brainstem, as is the case of Harvey’s work. No reports on these effects in other brain 

regions were found in the literature. The results presented in this work, however, suggest that interaction 

effects are not a major source of concern in cortical regions. 

 

Figure 3.4 – VE by each regressor set averaged over the brainstem ROI, evidencing the significance of interaction 
effects, in addition to the optimal model obtained in gray matter.  
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Secondly, Harvey used a binomial threshold to calculate the number of significant F-test voxels 

required to include a particular set of regressors in the model, rather than assessing the significance of the 

mean effect. This approach guarantees that a regressor is only included in the model when a significant 

number of voxels in the tested ROI benefits from its inclusion. While arguably more representative of the 

evaluated ROI, it does not account for spatially focused effects, which, despite affecting a restricted area, 

may be highly significant and introduce spurious correlations when testing for connectivity.  

No studies have to our knowledge carried out a systematic ROI-based analysis on VE by 

physiological sources of confound. Hence, direct comparison for specific brain regions is not possible. 

However, in Bianciardi et al. (2008) and Jorge J. et al. (2013), sources of signal fluctuation are evaluated 

at a global level (across GM) in rs-fMRI data at 7T by means of a nested model approach in which this 

work was based. These studies report an individual RETROICOR (using the original 2 order model) VE of 

respectively 2.6 ± 0.8 % and 5.0 ± 0.8 % in gray matter. While the former is in agreement with the findings 

in this work, being only slightly lower, the latter points to a noticeably increased effect of the RETROICOR 

component. This is most likely due to differences in the method used to define the GM mask: in Jorge J. et 

al., 2013, the correlation between each voxel time course and the mean brain time course was computed 

and the voxels with the 10% highest correlation (after exclusion of negatively correlated voxels) are 

selected to integrate the GM mask. As discussed in the same paper, while generally accurate, this method 

is also vulnerable to the inclusion of large blood vessels such as the sagittal sinus. Vascular regions are 

highly modulated by cardiac and respiratory periodic phenomena and, thus, they are likely to display an 

increased RETROICOR contribution when compared to legitimate GM tissue, as the findings by Jorge J. 

suggest.  

 

3.2 RVT and HR models 

Due to their analogous role in modelling of, respectively, respiratory and cardiac non-periodic effects, 

results of RVT and HR optimization will be presented in parallel. Since most of the methodology used to 

refine the RVT and HR models was based in the same principles, presenting results in this fashion avoids 

repetition and eases comparison of the improvements brought by each step of this methodology to both 

RVT and HR models.  
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3.2.1 Non-lagged models 

An initial analysis was carried out, comprising a comparison between the VE by the non-lagged RVT, 

HR and their convolution with the respective impulse response functions (IRFs). Following the nested 

model approach described in 2.4.3, each model ( , ,  ,  C ) was compared 

with a base model, , consisting of the optimal extended RETROICOR model derived in 3.1. The 

design matrixes corresponding to those models are specified below: = [  ] = [   ] = [    ]  = [   ]  = [    ] 
where  is the deemed optimal set of RETROICOR regressors (3 cardiac and 2 respiratory 

orders). 

The results from this initial GLM analysis are summarized in Fig. 3.5.  

 

Figure 3.5 – VE by RVT, HR and their convolved versions (with Birn’s RRF and Chang’s CRF, respectively) in GM 
(group mean; error bars represent standard error of the mean).  

 

A significant (p>0.001) increase in VE is observed in all 4 models, however no significant differences 

(assessed by a paired t-test at a 0.05 significance level) were found between the regular and convolved 

versions of both RVT and HR.  
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3.2.2 Temporal lagging  

Despite explaining a non-negligible fraction of variance in the data, the previous non-lagged models 

do not account for the variable onset of the BOLD response to RVT and HR effects. To improve the model 

accuracy, a first refinement of the model was carried out by lagging , ,   and   in 

time over a 41 second interval in 1s steps ( ∈ [− , ] ) (Fig. 3.6). 

 

Figure 3.6 – Group analysis of temporal lagging of ,   , �  and �   ; (Left) Average VE by the 
RVT, HR and their convolved regressors as a function of lag; (Right) Comparison between the VE by the original, 
non-lagged, regressors and the VE by the regressors shifted in time by the group optimal lag (results averaged over 
GM).  

 

Small improvements were observed in all four cases after temporal lagging, however none was 

deemed statistically significant (p>0.05). There are two possible interpretations for these results. On the 

one hand, it could be the case that no close time dependency between the time of hemodynamic 

response onset and RVT/HR exist and, thus, no temporal lagging will significantly improve upon the non 

time-shifted model. On the other hand, it could be that there is, in fact, a time dependency but it is not 

observable when looking at the group results due a high inter-subject variability. If this second hypothesis 

is true, model optimization through group analysis may be unfeasible.  

The answer to this problem can be found by looking at the VE as a function of the temporal lag for 

each subject (Fig. 3.7). The mean optimal lag seems to very accurately match the optimal lag of a small 

set of subjects, driving the results up while not being representative of the remaining sample. Individual 

temporal shifts curves of  and  suggest a considerable inter-subject variability as fairly well defined 

peaks are indeed observable, however these are widely spread across time, averaging down the group 

results and erroneously suggesting time independency of the onset response. 
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Figure 3.7 –VE as a function of lag for  and �  for each subject (1-9). 

 

Given these observations, a new approach was undertaken, in which an optimal lag was used for 

each subject, as the one yielding the peak VE for that subject. A significant improvement (p>0.05) was 

now observed in RVT (VE=1.8 ± 0.2), convolved RVT (VE=1.9 ± 0.3) and convolved HR (1.4 ± 0.3), when 

compared to the group optimal lag model, and in HR (1.5 ± 0.2) when compared to the unshifted regressor 

(Fig. 3.8).   

 

Figure 3.8 – VE by the shifted, optimal group model and subject specific optimal model (group results) in GM. 
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3.2.3 Double-lag approach 

Both impulse response functions proposed by Birn and Chang suggest a clear biphasic 

hemodynamic response to RVT and HR effects (Fig. 2.10). In fact, a minor peak preceding the main VE 

peak in the RVT lag curves is observed in every subject (Fig. 3.7). This effect is not as obvious in the HR 

trace, which is not surprising given the generally poorer results obtained when convolving HR with the 

CRF. While a smaller peak succeeding the main VE peak is distinctly observable in subjects 2, 4, 7 and 8, 

the presence of additional relative peaks in other subjects’ curves casts doubt on a possible biphasic 

behavior of HR. To test for this possibility, a new approach in which two lagged regressors were used to 

model the effect of RVT and HR, was carried out. Identification of the second peak, however, requires 

some care. According to Birn and Chang’s description of the hemodynamic response behavior, the 

second peak should correspond to an anti-correlated fluctuation in the BOLD signal (refer to Fig. 2.10). 

This information cannot be directly extracted from the VE temporal shifts curve alone as it does not 

distinguish positive from negative correlations. Relying solely on this curve to identify both peaks may 

therefore result in erroneous identification of an unrelated event, for example, by identifying two positive-

correlated peaks. To address this issue, the temporal shifts curves were normalized and overlapped with 

the normalized GLM parameter estimates curves (Fig. 3.9), guaranteeing that the second peak, in fact, 

corresponds to an anti-correlated fluctuation. 

 

Figure 3.9 – Identification of both VE peaks in RVT (Left) and HR (Right) curves by overlapping the normalized 
explained variance temporal shifts curves with the normalized GLM parameter estimate curves (results obtained in 
GM for the 1

st
 subject). 

 

The results obtained in 3.2.2 suggest that using the subject specific peaks, rather than the group 

peaks, should also perform significantly better in this case. However, to span the full set of possibilities 

and evaluate whether the identification of two peaks from the group average is representative of the entire 

sample, this model was also tested. 
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3.2.4 Complete model set  

The results obtained from the set of 14 models tested throughout this section is summarized in Fig. 

3.10. 

 

Figure 3.10 – Average VE by each tested RVT and HR model in GM. 

The main effects of the variable measured (RVT vs HR), lag specificity (group optimal lags vs subject 

specific optimal lags) and model type (single peak vs convolution with IRF vs double-peak) as well as 

interaction effects were evaluated through a 3-way repeated measures ANOVA (Appendix 7). Prior to the 

analysis of variance test, sphericity of the data was evaluated using a Mauchly’s Test of Sphericity 

(Appendix 6). A significant violation of sphericity was found when considering the interaction effect 

between all 3 factors simultaneously (Mauchly’s test p=0.025) and thus, a Greenhouse-Geisser corrected 

F-ratio was used when assessing significance for this interaction (Girden et al., 1992). The analysis of 

variance reported no significant differences on the mean VE by RVT and HR. A significant main effect, 

however, was found for both type of model used (p=0.002) and lag specificity (p=0.01). No interaction 

effects were found to be significant.  

The post-hoc analysis performed on the analysis of variance (Appendix 8) showed that the subject 

specific double-lag approach significantly explains the most variance in the data in both RVT (p>0.023, 

Bonferroni corrected) and HR (p>0.016, Bonferroni corrected) cases. Convolving with either RRF or CRF 

was not found to explain significantly more variance when compared to using a single-peak. The post-hoc 

analysis also revealed that opting for a double-lag approach over convolving RVT with RRF is only 

significant (p=0.023) when each subject’s optimal lags are considered, as no significant differences 

between the two approaches were found when lags were extracted from the group average.  
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When evaluated over the the previously defined ROIs (Fig. 3.11), the average VE by the optimized 

subject specific double-lag model was similar for RVT and HR, as no significant main effect of variable 

was found. HR was found to explain the most variance (2.0 ± 0.4 %) on the insular cortex and the least on 

the cerebellum (1.0 ± 0.2 %). The most VE by RVT was measured on cortical gray matter regions (2.1 ± 

0.4 %), while the least was measure on the putamen (0.9 ± 0.2 %). Inspection of the RVT VE maps 

reveals that these cortical regions are mainly located in the occipital lobe (Fig. 3.12, Left). HR maps show 

a more heterogenous distribution from subject to subject, however an increased contribution in the frontal 

lobe and localized clusters in occipital and insular cortex are consistently observed across subjects (Fig. 

3.12, Right). 

Figure 3.11 – Average VE by HR and RVT in the previously defined ROIs using the subject specific double-lag 

model.  

                            HR                                                                      RVT 

 

Figure 3.12 – Representative axial and sagittal slices taken from one subject’s RVT and HR VE maps; (Left) The 
sagittal slice shows a widespread HR effect in the frontal lobe with smaller, more focused, regions of the occipital and 
temporal lobes also being notoriously affected, as evidenced in the axial slice; (Right) Signal fluctuations in the 
occipital lobe appear to be highly affected by RVT effects, particularly in the regions close to the transversal sinus 
(axial cut); smaller regions in the temporal and lower sections of the frontal lobes are also shown to be susceptible to 
RVT effects (sagittal cut).  

10% 

3% 

L R 

VE 



70 

 

Bianciardi et al. (2008) and Jorge J. et al., (2013) report a VE of respectively 2.6 ± 0.8 % and 2.46 ± 

0.90 % for RVT and 1.7 ± 0.6 % and  3.50 ± 1.03 % for HR, averaged over GM. Similarly to what was 

observed in 3.1, Jorge J. et al.’s VE estimates are considerably higher than the ones found in this work 

(1.9 ± 0.3 % for RVT and 1.7 ± 0.3 % for HR, averaged over GM). Again, these differences are most likely 

related to the different approaches used to define the GM ROI. Due to the cardiac and respiratory origins 

of HR and RVT, inclusion of vascular regions is likely to result in overestimation of their contributions. The 

VE spatial distribution shown in Fig. 3.12 add to these considerations as both RVT and HR maps, in fact, 

show higher contributions close to the sigmoid sinus and the region of sinus confluence, which, if 

considered when averaging over GM, will result in increased VE estimations. 

When compared to Bianciardi’s results, a very close match is found for HR, however RVT 

contributions to variance were found to be higher than in the present work. A possible explanation might 

be related to the difference on how RVT was extracted in both works. In Bianciardi study, a cumulative 

integral (C) of the respiratory signal was computed and the value of RVT at instant t was taken as the 

difference between C at t+TR/2 and t-TR/2. This method was based on the method developed by Birn et 

al. (2008), however it is slightly less computationally demanding (Bianciardi et al., 2009). Despite the 

obvious differences between this method and the one based on Chang et al. (2009a) followed in the 

present work, it is unclear whether it should translate into an overestimation or underestimation of the VE 

and, thus, it does not fully answer our question. Another important difference has to do with the 

intermediate spurious time points removal step performed here. While this step was intended to improve 

the regressor performance, it might have had the opposite effect by making it too conservative. Further 

investigation of this topic would require a thorough connectivity study on the RVT corrected and 

uncorrected data using both RVT propositions, which is out of the scope of this work.   

 

3.3 CSF and WM time courses 

The main concern when regressing out average time courses derived from the fMRI data itself is 

avoiding incorrectly removing legitimate GM fluctuations contributing to functional connectivity. For that 

reason, in addition to the effect quantification by means of the usual VE characterization in different brain 

regions, this chapter is particularly focused on how average confound time courses should be extracted to 

maximize data correction without compromising functional connectivity measurements.  

A side-by-side comparsion of the CSF masks and time courses extracted from them for a 

representative subject is presented in Fig. 3.13.   



71 

 

 

 

Figure 3.13 – Side by side comparison of the CSF masks and extracted CSF time courses for one representative 
subject; (Top) Axial and sagittal slices of the high variance mask (red), right lateral ventricle mask (blue), large 
ventricles mask (purple) and draining vessels mask (green) are depicted (the segmented CSF mask is obtained from 
the concatenation of the draining vessels and large ventricles masks); (Bottom) Section of the extracted CSF time 
courses, overlaid with the average GM time course for ease of comparison.  

 

From visual inspection alone (Fig. 3.13, Top), masks obtained exclusively from ventricular CSF are 

expected to provide the most conservative approach. While these might not be entirely representative of 

the CSF effects on the BOLD signal by excluding highly vascularized regions – which are expected to 

introduce spurious correlations in the fMRI data – they are much less susceptible to partial volume 

contamination. In fact, the CSF time courses extracted from the high variance mask, as well as from the 

segmented and draining vessels masks, who all include peripheral CSF regions, show striking similarities 

with the average GM time course (the most noticeable similarities being observed in  ). It is 

important to note that the average GM time course analyzed here was obtained from a very stringent GM 

mask (the GM partial volume estimate was thresholded at 0.98) and, thus, CSF contamination of the GM 

time course itself, while possible, is very unlikely. Another interesting observation is that peripheral CSF 

seems to dominate most of the CSF fluctuations as the segmented and draining vessels time courses are 

very similar.  

L R 
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To quantify the effects described above, the correlation between CSF and GM average time courses 

was computed (Fig. 3.14). 

 

Figure 3.14 – Correlation matrix averaged over all subjects, showing the correlations between all CSF regressors with 
the GM average time course added as a reference. The highest collinearity is found between the GM time course and   (0.81), followed by    (0.69) and   (0.45). The lowest collinearity is found between the GM time 
course and   (-0.02), followed by   (0.17). The highest collinearity between CSF masks is found between   and   (0.80) while the lowest is found between   and   (0.08). 

 

In agreement with what visual inspection suggested, all masks including CSF regions outside of the 

ventricles are shown to be highly correlated with the GM time course. What is less obvious is the higher 

correlation found between the GM time course and   when compared to the correlation between 

GM and   . Since the right lateral ventricle mask is arguably more conservative, one would expect 

this time course to be the least correlated with the average GM signal. A plausible explanation is the error 

introduced by minor defects when registering from the standard space to the functional space. While not 

frequent, some slices, in fact, present visible errors in registration (Appendix 9), which, given the reduced 

size of the mask, may introduce non negligible GM signal fluctuations in the average signal extracted. 

While this is certainly a problem also shared by the large ventricles mask, the fact that an average of 4 

ventricles time courses is taken mitigates this effect.  
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Figure 3.15 - Average VE on GM by the different CSF time courses tested. 

 

The results of the GLM VE analysis in GM (Fig. 3.15) report the highest value for   and the 

lowest for  . A high contribution in the occipital and insular lobes is visible across all VE maps (Fig. 

3.16).  ,  ,   and   variance maps also show an important contribution in the 

paracentral lobule, which is not noticeable in the   map.  ,   and   maps show an 

overall high contribution in vast regions of cortical GM, while  and   contributions are more 

spatially focused. Very small contributions are observed in subcortical structures. 

  High Variance            RLV               Segmented               LV                    DV 

 

 

Figure 3.16 – Representative axial and sagittal slices taken from one subject’s VE maps for the different CSF 
average time courses.   
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Extracting an accurate WM average time course poses much of the same challenges and, thus, a 

similar approach was carried out. Before erosion, the average WM time course show obvious similarities 

with the GM average time course. The erosion step dramatically reduces the collinearity between the two 

time courses in the majority of the subjects (a smaller difference is observed in subjects 3, 4 and 9 when 

compared with the remaining sample, appendix 10), yielding what is arguably a better representation of 

global WM fluctuations (Fig. 3.17). 

 

Figure 3.17 – Section of the WM time courses extracted from the regular and eroded WM masks, overlaid with the 
average GM time course for ease of comparison, showing the effect of the erosion step on the average WM time 
course.  

The VE maps of the pre-erosion WM (Fig. 3.18) suggest a high degree of contamination by 

fluctuations in the draining vessels and peripheral CSF regions as the spatial distribution is very similar to 

what is observed in the VE maps including extra-ventricular CSF contributions in Fig. 3.16. The post-

erosion WM VE map suggests that increases in the map specificity benefit the identification of spurious 

fluctuations in subcortical structures as well as in the caudate nucleus. An important contribution is also 

visible in the occipital lobe and 4
th
 ventricle 

  Original WM                                                    Eroded WM  

 

Figure 3.18 – Representative axial and sagittal slices taken from one subject’s VE maps of the average WM time 
course extracted from the regular and eroded masks.   

10% 

3% 

L R 

VE 



75 

 

The results presented in this section clearly show that the confound regressors extracted from the 

fMRI data are highly sensitive to the method used to define their representative regions. CSF time courses 

extracted from less specific maps (high variance and draining vessels) are shown to significantly explain 

additional variance in the data (�  = .  ±  .  %; �  = .  ±  .  %) which was 

not accounted for by the model based only on external physiological acquisitions. However, the high 

correlation found between these and the average GM time course suggest that a substantial portion of the 

signal of interest will be lost if these contributions are regressed out of the data.  

By analyzing the spatial pattern of the DMN, Jo Hang et al. (2010) reported similar results when 

regressing out   alone and both   and  . However, the characteristic bilateral patterns of 

the DMN were clearer when only    was regressed out. Hence, the optimal model suggested by Jo 

Hang featured only a CSF average time correction based on intra-ventricular fluctuations. While the 

presence of this effect cannot be confirmed in the data analyzed here as functional connectivity was not 

assessed, both collinearity with the GM time course and the drastic VE reduction in GM tissue when 

increasing the CSF map specificity are strong indicators that partial volume effects with GM (and not true 

predictive power of confounding fluctuations in the GM) are in the origin of the apparently good 

performance of less specificity CSF regressors. As a consequence of these findings, both high variance 

and draining vessels CSF average time courses will be disregarded in future models. If, however, a very 

specific functional response is sought and the consequences of partially leaving out signal of interest is 

not a major concern, regressing out these regressors might be considered. In that case, assuming that a 

reasonable segmentation of the brain is obtained,   is preferable to   as it does not make 

assumptions on the relation between signal’s variability and physiological source.  

When partial volume effects were kept to a minimum, much lower average VE values were obtained 

(�   = .  ±  .  %, �   = .  ±  .  %). Although no significant (p>0.05) difference 

was found between �   and �   in GM,   was considered to best model CSF 

spurious fluctuations due to the following reasons:    better represents the group effect (SE is one 

order of magnitude lower); collinearity with the GM time course measured through PCC was found to be 

lower;    is less susceptible to registration errors, increasing the confidence that no PVE bias is 

introduced in VE estimates. Hence,   is employed in future comparisons. 

A side-by-side comparison of the VE in different brain regions by  ,  ,  and   

is shown in Fig. 3.19. 
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Figure 3.19 - Average VE by  � and  �,  and  ��  in the previously defined ROIs. 

 

The relatively poor results of the more specific CSF time courses is particularly striking when 

evaluating their performance on subcortical structures. The cerebellum and, especially, the brainstem are 

heavily influenced by CSF pulsatile effects due to their proximity with vascular and CSF filled 

compartments, however low VE estimates are reported in these regions (�  = .  ± .  %, �  = .  ±  .  %). There are two possible factors contributing for these results. 

The first has to do with the asymmetry between signal fluctuations caused by intra-ventricular CSF when 

compared to sulcal CSF and blood flowing in the draining vessels. If the regressor extracted from the 

large ventricles is not representative of the CSF effect at a subcortical level, then a poor result is to be 

expected. When considering �   in these brain regions, there is an effective increase in the VE 

(�  = .  ±  .  %, �  = .  ±  .  %), however, it is unclear how 

much of this increase is due to partial volume effects. The second factor has to do with the shared 

variance between cardiac/respiratory effects modelled by RETROICOR/RVT/HR and CSF. Sections 3.1 

and 3.2 evidenced that, in fact, cardiac and respiratory effects explain a significant part of the signal 

variability in these regions. Due to their close physiological relationship, including additional information 

regarding CSF fluctuations might, thus, be redundant. This topic will be discussed in more detail in section 

3.5.   

Regarding the WM time courses, an analogous decrease in VE was found after the erosion step 

(� = .  ± .  %  �  = .  ± .  %). In Jo Hang et al. (2010), average WM time 

courses extracted from an eroded mask were found to explain additional signal variance mainly in non-

brain tissues (CSF and vascular regions). When no erosion was performed, the WM time course 

accounted for a considerably higher variance in GM, however this difference was attributed to mostly 
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partial volume effects with GM. As a result, the average WM was discarded from the optimal model 

proposed in that study. Despite similar results having been obtained in this work, the appreciable 

contributions in some of the defined ROIs (e.g. �  = . ± .  %) and the fact that the 

loss of DOF does not negatively impact the model in any of the defined ROIs was thought to compensate 

maintaining   in the model. 

 

3.4 Motion induced confounds 

The set of motion regressors introduced in this section is intrinsically subject specific since it directly 

depends on subject movement during acquisition. This inter-subject difference is particularly noticeable 

when regressing out abrupt motion by identification of motion outliers and, thus, group results are not 

expected to be representative of the whole sample. For this reason, average VE results in GM are shown 

for the entire sample (Fig. 3.20) 

  

Figure 3.20 – Effects of motion confounds in GM; (Left) subject to subject and group results for the VE, number of 
motion spikes identified by DVARS and FD and the number of peaks simultaneously identified by both criteria; (Right) 
VE by the DVARS-FD peaks grows approximately linearly with the number of identified motion spikes.  

 

Subject 3 VE maps for the two motion modelling sets is presented in Fig. 3.21. Both MCFLIRT 

motion estimates and DVARS-FD show the highest contribution in the pre-frontal cortex. However, while 

the former also shows a measurable contribution in the periphery, occipital lobe and cerebellum, the latter 

is more prominent in the brainstem and presents a uniform small amplitude contribution throughout the 

whole brain. 
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        MCFLIRT motion estimates                                 DVARS-FD motion spikes 

 

Figure 3.21 – Representative axial and sagittal slices taken from subject 3 VE maps; (Left) MCFLIRT motion 
estimates explain the most variance in peripheral and anterior brain regions; important contributions are also 
observed in the occipital lobe and subcortical structures; (Right) DVARS-FD show the highest contribution in the 
frontal lobe and lower brain regions close to the brainstem; smaller amplitude contributions are also observed 
uniformly across the whole brain. 

 

The spatial distribution observed in Fig. 3.21 is consistent with the typical motion patterns described 

in literature (appendix 11), with the areas generally more susceptible to motion (pre-frontal cortex and in 

the periphery of the parietal lobe) caused by both subject movement and physiological mechanisms being 

identified.  

Average contributions at specific brain regions are presented in Fig. 3.22. 

 

Figure 3.22 - Average VE by the MCFLIRT motion estimates and DVARS-FD motion spikes on the previously defined 
ROIs. 
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Subtle motion artefacts rather than abrupt, large, motion are shown to have a much larger 

contribution both at a global (� = .  ± . , � � − = .  ± . ) and spatially 

specific level (the lowest � /� � −  ratio (3.24) is observed in the brainstem 

where  � = .  ± . , � � − = .  ± . ). This is in line with the 

reports by Power et al., 2010 and Satterthwaite et al., 2013: while no information regarding VE is explicitly 

stated for the components, both studies report a considerably more important impact from subtle motion 

(<0.5 mm), with spurious short range and right-left connections, as well as reduced long-range and 

anterior-posterior connectivity being associated with the effects of subtle voxel displacement. 

An additional remark should be made regarding the removal of motion spikes. Modeling large motion 

in a singular volume by adding the correspondent single-TR regressor to the design matrix effectively 

removes its effect from the data by replacing that time point with a zero in the residual time series. This 

introduces discontinuities in the fMRI data, which raises concerns regarding its effect on functional 

connectivity. Previous publications have examined the concatenation of discontinuous rs-fMRI in the 

context of functional connectivity with no adverse effects (Fair et al., 2007; Van Dijk et al., 2010). 

Additionally, similar “temporal masking” techniques have been used in recent rs-fMRI (Jones et al., 2010; 

Smyser et al., 2010, 2011; Satterthwaite et al., 2013), again, with no harmful effects being reported. 

Satterthwaite et al., 2013, however, suggests that the threshold used to identify motion spikes should not 

result in shortening of the fMRI time series below the 4 minutes mark as this may result in loss of stability 

of the connectivity estimates. In the sample analyzed in this work, no more than 12 time points (subject 3, 

corresponding to 30 seconds) are removed from one single subject. Since all time series are above the 8 

minutes mark, this should not be a concern.  

 

3.5 A closer look on data-based and physiological acquisitions 

derived confounds shared variance 

There might be scenarios where acquisition of external recordings is not possible or is unavailable. Is 

such situations, modelling of physiological noise becomes restricted to data-based corrections. Thus, how 

well can one expect to regress out physiological contributions solely using information in the fMRI data 

becomes a relevant question. In section 3.3, it was shown that small but non-negligible contributions to 

the VE are obtained from regressing out   and  . This shows that there is, in fact, a non-

overlapping fraction of signal variance that is explained by nuisance regressors extracted from the data 

that is not explained by cardiac and respiratory processes measured externally. However, how much 

variance is common to both regressor sets is still unknown. To compute the amount of common VE the 

following process was used:  
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1. The following set of models was defined: = [ ] ℎ = [  ℎ ] = [     ] ℎ + = [      ℎ ] 
 

2. The VE by ℎ  was computed in relation to two basis models, one that solely corrects for slow 

drifts in the data, and another which also corrects for CSF and WM fluctuations: � ℎ = Radj DM ℎ − R  � ℎ \ = Radj DM ℎ − R  

 

3. The shared VE between ℎ  and  +   was computed as: � ℎ + = � ℎ − � ℎ \  

4. The fraction of VE by ℎ  that can alternatively be explained by    and   is then 

given by: = � ℎ +� ℎ ×  

The same process was conducted to determine the shared VE between ℎ  and a less conservative 

approach to model CSF fluctuations by adding the average time course obtained from the draining 

vessels mask,    , to  and ℎ +  (resulting models are denoted  and 

ℎ + ), yielding: 

= � ℎ +� ℎ ×  

This possibility was also tested since, in a context where no external physiological acquisitions are 

available, regressing out a less conservative CSF time-course at the cost of some signal loss might be 

required to reduce residual nuisance in the data to an acceptable level. However, the same WM regressor 

extracted from an eroded mask was used as, even in this context, regressing out legitimate signal through 

partial voluming between WM and GM tissue is not advisable (Jo Hang et al., 2010). Results are shown in 

Fig. 3.23.  
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Figure 3.23 – Fraction of the VE by the set of regressors obtained from external physiological acquisitions that can be 
alternatively be explained by average confound regressors extracted directly from the fMRI data. 

 

The degree of shared variance between   is generally low, with the maximum fraction being 

reported in cortical gray matter ( = . ± . % . Shared variance is noticeably higher when 

comparing shared variance between the set [    ] and ℎ , with the maximum fraction also 

being reported in cortical gray matter ( = . ± .  %). Significant differences are found 

between  and  at p>0.001 in all regions, except for the cerebellum and brainstem, 

where the differences are still significant but at p>0.05. These results show that, if a less conservative 

approach is used to model CSF, one can expect to model approximately 19% of the VE by the set of 

regressors extracted from external physiological acquisitions in GM. If    alone is used to model 

CSF, then only 6% of the VE by cardiac/respiratory effects is expected to be regressed out. These results 

show that an important portion of the confounds removed by regressing out respiratory and cardiac effects 

will still be present in the data if only data-based methods are used. Additionally, by alternatively modelling 

these effects using a less conservative set of CSF regressors, some signal of interest is expected to be 

lost. As a final consequence, the results presented in this section strongly suggest that data-based 

methods alone are not a suitable alternative to modelling cardiac and respiratory mechanisms through 

external acquisitions. 

 

3.6 The final model 

The individual analysis carried out for each noise component resulted in an optimal model consisting 

of 25 regressors, plus a variable number (ranging from 0 to 12) of regressors depending on the number of 

volumes affected by large motion in each subject. A summary of the group results found throughout this 
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work, featuring the VE in different brain regions by each set of regressors included in the optimal model, is 

shown in Fig. 3.24. 

 

 

Figure 3.24 –VE by the optimal model; (Top) Regressors contributing to the VE in GM are subdivided in two levels: 
the broader tier arranges the regressors in groups that reflect their physiological source, while the more descriptive 
tier organizes the regressors sets by model/confound; (Bottom) VE by each set of regressors in the previously defined 
ROIs.  
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After the optimization steps carried out, the final model is shown to explain a total of 33.8 ± 5.8 % 

variance putatively attributable to nuisance sources in gray matter: 19.6% of the signal variance in GM is 

explained by low-frequency drifts; 13.9% is attributed to motion, cardiac and respiratory mechanisms, as 

well as fluctuations at a global level in CSF and WM tissues; the remaining 66.6% are attributed to 

neuronal spontaneous activity and thermal noise.  While the performance of the model is very similar in 

certain regions, some important differences are observed in others (a one-way analyses of variance on 

the ROI effect yielded a 3.36 F-score, p=0.0025). When averaging results over the whole brain or 

restringing them to cortical gray matter, no significant differences are observed when compared to GM 

averages, with 33.8% (13.7% of variance attributable to effects other than low-frequency drifts) and 34.7% 

(14.2% of variance attributable to effects other than low-frequency drifts) being explained by the model. 

The model explained the least variance in the thalamus (17.5%) and putamen (18.7%), with both average 

VEs being significantly lower than the average computed for the whole brain (p>0.0001). As previously 

shown, cardiac effects (these include the cardiac RETROICOR component and heart rate) are particularly 

accentuated in the insular cortex and in the brainstem, with a variance of 5.5% and 4.6% being 

respectively explained in these regions (the whole brain average is 2.94%, deemed significantly different 

at p>0.0001). When considering the physiological source of the regressors (either low-frequency drifts, 

cardiac/respiratory effects, data fluctuations or motion), WM and CSF global fluctuations are reported to 

explain the least variance in the signal both at a GM level (1.3 ± 0.2%) and at the brain regions specified 

(the maximum value is reported at the caudate nucleus, 1.7 ± 0.3 %). CSF/WM fluctuations (1.354 ± 0.156 

%), motion (6.0 ± 1.2 %), cardiac/respiratory (6.6 ± 1.2%) effects and slow drifts (19.6 ± 3.3 %) in the data 

successively explain more variance in GM, with same tendency being observed across all considered 

ROIs. 

3.6.1 Comparison with other publications 

Fig. 3.25 shows the results obtained by Jorge J. et al (2013) and Bianciardi et al. (2009) using the 

same nested model methodology used in this work. 

 

Figure 3.25 – VE in GM by each physiological component analyzed in Bianciardi et al., 2009  (Left) and Jorge et al., 
2013  (Right) using a nested model methodology.  
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Similar contributions from cardiac and respiratory signal are observed in Bianciardi’s work (7.9%), 

while slightly higher values are found in Jorge J.’s work (10.8%). Contributions from low-frequency signals 

are reported to be higher in both publications (35.3% and 27.9% in Bianciardi and Jorge J., respectively). 

Global CSF and WM fluctuations in the data and motion artefacts were not quantified in these studies. In 

Bianciardi’s study, the thermal noise was estimated by means of an additional acquisition where no RF 

excitation was applied with the aim of measuring its relative contribution in the data only, as no modelling 

of this component was performed. Some differences in results can be objectively attributed to the methods 

used for GM ROI definition and regressors extraction techniques (in particular, regarding RVT) , which 

were already addressed in sections 3.1 and 3.2. However, other less objectively quantifible effects make it 

difficut to draw accurate comparisons.  

Despite the effort to ensure that a direct comparison is possible between the present work and 

similar publications, a number of variable factors affect the estimation of nuisance contribuitions and 

therfore, hinder the reliability of a direct comparison. As shown by Triantafyllou et al., 2005, 2011, even 

when imaging at the same field strength, important differences are observed in the physiological to 

thermal noise ratio when changing parameters such as the repetition time, flip angle or spatial resolution 

of the data. While the TE and flip angle used in all these 3 studies are similar (a TE=32ms is used in all 3 

works; flip angle is 75º in this work and Bianciardi’s, 63-65º in Jorge J.’s), differences in voxel size are 

considerable (1.1 mm
3
 isotropic in this work, 2.00 X 1.25 X 1.25 mm

3
 in Bianciardi’s and 2 mm3

 isotropic in 

Jorge J.’s). By imaging at different voxel sizes while mainating all other factors constant, Triantafyllou 

found an increase in the physiological to thermal noise from 0.91 ± 0.13 to 1.12 ± 0.09 to 1.54 ± 0.14 

when increasing voxel size from 1 X 1 X 3 to 1.5 X 1.5 X 3 to 2 X 2 X 3 mm
3
 (these are the voxel sizes 

tested by Triantafyllou et al. that are closest to the voxel sizes in discussion) (Fig. 3.26). 

 

Figure 3.26 – Ratio of physiological to thermal noise as a function of voxel volume. Measurements derived from areas 
of cortical gray matter (adapted from Triantafyllou et al., 2005).  
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These findings are in line with the tendency verified in this work, as the physiological contributions 

are generally higher in Jorge J. et al. 2013 (where the voxel size is highest) and lower in this work (where 

the spatial resolution is highest). In addition to acquisition parameters, different pre-processing steps (in 

particular, the order at which certain steps such as temporal filtering, slice timing and motion correction 

are performed and the amount of spatial smoothing applied to the data) may potential lead to differences 

in physiological noise estimations. No systematic description of these effects was found in the literature, 

however Carp et al., 2013 reports important differences in estimation of motion artefacts when performing 

time filtering at different times in the pre-processing pipeline. Hence, when evaluating the results 

presented in this work, it is important to keep in mind that physiological modeling is highly dependent on a 

wide range of factors and some care is required when drawing comparisons with studies performed under 

different conditions. 

A systematic study on the VE by different sources of physiological noise at different brain regions is 

not found in the literature which invalidates a direct comparison with similar studies. However, modeling of 

physiological noise in the brainstem, in particular, has recently received more attention in both resting 

state and task activation fMRI studies (Harvey et al., 2008; Brooks et al., 2013; Beissner et al., 2014) due 

to the extra difficulties associated with imaging in this region. The results obtained in the present study, in 

fact, show the 2
nd

 highest contribution of cardiac and respiratory mechanisms (8.2 ± 1.4 %, only 

surpassed by the insular cortex, with 9.8 ± 1.7 %), however the overall performance of the model is poorer 

when compared to other regions as the source of 74.1 % of the signal variance is still unknown after 

accounting for physiological sources. A substantial loss of performance has to do with the decrease of VE 

by the drifts set, suggesting that fast oscillations not accounted for by current modelling techniques, rather 

than low-frequency fluctuations, are responsible for a substantial part of the signal variation in the 

brainstem. In Brooks et al., 2013, a correction method using a GLM framework (the composition of the 

model is not specified) is used to correct images at 3T (3 mm
3
) and 7T (1 mm

3 
and 2 mm

3
), with results 

being reported in terms of temporal SNR (Fig. 3).  
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Figure 3.27 – Representative improvements in temporal signal to noise (tSNR) through modelling of physiological 
noise; (Left) tSNR maps before and after correction, with average tSNR within a brainstem mask in brackets. Voxels 
overlapping with the CSF filled spaces around the brainstem benefit most from physiological noise correction; (Right) 
Ratio between the corrected and raw tSNR; the cortex appears to benefit most from the correction with increases of 
100% frequently observed at all resolutions and field strengths. The improvement in the brainstem is more modest, 
but nonetheless improved on average by12.5% (adapted from Brooks et al., 2013). 

 

Brooks’ findings show that correcting for physiological noise through a GLM approach yields 

significantly improved results in the cortex, while only modest improvements are reported in the brainstem. 

Despite not directly measuring physiological contributions by explicitly computing their VE, Brooks shows 

that currents methods are still not able to adequately model an important fraction of the signal variation in 

the brainstem.  

 

3.6.2 Methodology limitations  

Assessing the VE by each regressor through a nested model approach has a very important 

limitation. When computing the VE of a regressor set from the difference between the  of two nested 

models, an implicit assumption is made that no collinearity exists between the tested set and the 

regressors that are part of the model. In fact, it was shown in section 3.5 that non-negligible collinearity 

between 2 sets of regressors may exist. When this happens, there will be an ambiguously shared 

variance between the two, which is attributed to the first set being added to the model. Thus, if there is a 

high degree of collinearity, the contributions of the regressors added later to the model will tend to be 

underestimated. To evaluate whether this is problematic in the data analyzed, the correlation matrix 
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between all the regressors included in the optimal model was computed and averaged over the group 

(Fig. 3.27). 

 

Figure 3.28 – Cross-correlations between all the physiological regressors (except the subject specific motion peaks) 
included in the model, averaged over all subjects.  

  

The results show that, in general, linear independency between regressors is attained. Notable 

exceptions are observable in the following cases: 

a) Between the second and third translation estimates and the 3
rd

 rotation estimate; 

b) Lagged RVT and HR regressors (except RVT1-RVT2 correlation, where no colinearity is 

apparent); 

c) Sporadical correlation among RETROICOR regressors 

d) Between RETROICOR respiratory regressors and HR/RVT 

e) Motion parameters and drifts set;  

Events a) and c) are not problematic as they occur between regressors belonging to the same set 

and their effects are always measured as a group. The remaining events, however, suggest that RVT, HR 

and the motion artefacts contributions may have been underestimated. Therefore, when comparing VE 

between regressors, it should be kept in mind that the VE expressed refers to the additional contribution of 

a given set to the existing model and not necessarily their individual contribution when measured 

individually. This is, in fact, a limitation in terms of what type of information can be extracted from the 

1.0 

0 
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results obtained through this methodology and not a limitation of the methodology itself as, for model 

optimization purposes, removing shared variance when including a new regressor set is required to avoid 

overestimation of the model performance (by accounting for redundant VE multiple times).  

Due to the data high resolution and the very large number of models required to fully evaluate the 

numerous sources of physiological noise modelled in this work, no pre-whitening of the data was carried 

out. Pre-whitening reduces autocorrelations produced within the fMRI data time series by physiological 

sources (Birn et al., 2013) and may reduce white-noise beyond what physiological noise correction is able 

to account for (Kong et al., 2008). However, pre-whitening is a computationally heavy operation, requiring 

significant longer run times for each analysis. The increase in computational load was thought not to 

compensate a possible benefit and a choice was made such that a broader range of physiological sources 

could be tested. Moreover, in-house Matlab code was used for the GLM analysis, which is significantly 

faster than its FSL counterpart by avoiding any unnecessary computations and by having an overall better 

control over the pipeline. However, it is also expected to be slightly less accurate 

The final limitation associated with the methodology followed in this work resides in risk of 

inadvertently removing signal of interest. Despite using a relatively conservative approach and taking 

adequate precautions in the extraction and subsequent processing of the regressors employed in this 

work, there is a risk of removing signal of interest when confounds partially overlap with neuronal-induced 

fluctuations. There is no trivial way of quantifying this overlap apart from conducting a connectivity study 

on the corrected data, which is out of the scope of this work.  
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4 Conclusions  

The results obtained and the considerations made throughout this work showed that, in fact, 

physiological noise represents a substantial fraction of signal variance when imaging at high field strength. 

By using a combination of well-established and promising state-of-the-art techniques, a very 

representative fraction of spurious variation in the signal could be identified and regressed out. Increased 

cardiac and respiratory related artefacts were found in intrinsically high noise regions such as the 

brainstem and the cerebellum, however an important portion of signal variance in these regions could still 

not be adequately modelled by current techniques. The original RETROICOR method presented 

significant results when modeling quasi-periodic cardiac and respiratory effects at a global level. While 

marginal improvements were obtained when using higher order cardiac harmonics, interaction effects did 

not pose a major concern when assessing performance in gray matter as a whole. Accounting for these 

when imaging particular subcortical structures, however, was shown to be valuable. When modelling non-

periodic, low frequency, cardiac and respiratory signals, a double-lag approach at a subject level was 

found to be the most effective. While the overall shape of the hemodynamic response is well described by 

the impulse responses proposed in the literature, the high inter-subject variability regarding onset and 

peak to peak timings suggested that a standardized response may not be suitable. As a result of the 

conservative approach followed to avoid loss of signal of interest, global fluctuations in white matter and 

CSF added only marginally to the model. Subtle voxel displacements, rather than large, abrupt, motion 

were found to be the most problematic. An additional analysis revealed that external physiological 

acquisitions are invaluable when modelling cardiac and respiratory confounds as data-based techniques 

are unable to model an important fraction of the spurious variance introduced by these effects. 

In summary, although different acquisition and processing pipelines do not allow the prescription of 

an universally optimal physiological model, the quantitative characterization and guidelines provided in 

this work are an important contribution to the understating of physiological noise contributions and 

improvement of physiological noise modelling and correction techniques, in rs-fMRI data with high spatial 

resolution at ultra-high field strengths.  
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4.1 Future work 

Many new questions and ideas emerged in the making of this work, some of which are expected to 

significantly improve upon the results obtained. The most notable are highlighted below: 

1) In this work, regressors were constructed to adapt for each volume by computing a single value 

for the middle time point of each acquisition. However, due to the large repetition times used in 

whole brain rs-fMRI, slices acquired at distant time points will suffer from a temporal offset, which 

is expected to have non-negligible effects on the estimated VE. An important improvement 

would, then, comprise the creation of regressors which are specific to each acquired slice, rather 

than to each volume. While slice timing correction minimizes the effects of the volume specific 

approach used throughout this work, it is reasonable to assume that the former would improve 

on the physiological contributions measured; 

2) Refinement of the implemented model at a computational level should allow the inclusion of pre-

whitening operations and a more accurate pipeline to be performed within reasonable running 

times; 

3) It would be useful to compare these results with a correction methodology based on ICA, in 

particular, with automated methods to identify and eliminate nuisance signal components. 

4) A connectivity study should be carried out on the corrected data by using the consistency of the 

spatial patterns of the DMN observed as a measure of the correction quality. This type of 

analysis eliminates one of the limitations of the methodology followed and allows fine-tuning of 

the specificity level of the data-based regressors extracted using an iterative process; 
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6 Appendices 

 

Appendix 1 – Representative time courses of RETROICOR derived cardiac and respiratory regressors up to the 4
th
 

order in a 20 volumes interval (m denotes Fourier order). 

    

Appendix 2 – Representative time courses of RETROICOR derived interactions between the 1
st
 respiratory order and 

1
st
 and 2

nd
 cardiac orders. 
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Appendix 3 – Illustration of the poor registration from the Talairach to MNI space of the 4
th
 ventricle. 

 

 

Appendix 4 - Spatial overlapping between the ventricles masks and the eroded CSF mask. From the interception 
between these two masks results the large ventricle CSF mask presented in Fig. 2.16 (Rigt). 

 

 
Appendix 5 - Coronal (a) and structural (b) slices of one subject, showing the region of interest ROI (inside the white 
rectangle) employed in Harvey’s study (adapted from Harvey et al., 2008).  
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Appendix 6 – Results of the Mauchly’s test of sphericity carried our prior to analysis of variance on RVT and HR 
models. 

 

Appendix 7 – 3-way repeated measures ANOVA test conducted to compare the main and interaction effects of the 
type of regressor used (RVT vs HR), type of model (single-peak vs convolution with IRF vs double-lag) and lag 
specificity (derived from group mean vs derived from each subject). 
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Appendix 8 – Post-hoc analysis conducted on the analysis of variance reported in Appendix 5 to assess significant 
differences between RVT and HR models. Regressor factor 1 and 2 denote RVT and HR, respectively; Lag Specificity 
factors 1 and 2 denote group and subject specific derived optimal lags derived lag, respectively; model factors 1, 2 
and 3 denote single-peak, convolution with IRF and double-lag approaches, respectively. 

 

Appendix 9 – Axial cut of the right lateral ventricle mask in one subject, evidencing the errors in registration that 
might lead to incorrect removal of signal of interest by regressing out the average CSF time course obtained.  
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Appendix 10 – Pearson’s r (PCC) computed between the average WM time course before and after WM erosion, 
evidencing the reduction of collinearity between the two time courses.  

 

 

Appendix 11 – Average � � maps showing the amount of signal variance explained by 6 standard motion 

parameters (adapted from Satterthwaite et al., 2013). 
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