
 

 

1 

 

 

 

Abstract—The development of high-field magnetic resonance 

imaging (MRI) systems has allowed for critical improvements 

in image signal-to-noise ratio (SNR), potentially leading to 

higher sensitivity and spatial resolution for functional MRI 

(fMRI) techniques. However, recent studies have shown that 

these potential advantages become significantly compromised 

by increased signal fluctuations arising from correlated noise 

sources, namely physiological processes. This work comprises 

the analysis of blood oxygenation level-dependent (BOLD) 

fMRI data acquired at 7 Tesla, utilizing a standard 2D echo 

planar imaging (EPI) and a segmented 3D echo volumar 

imaging (EVI) technique, from healthy subjects at rest or 

submitted to a visual localizer (Loc) paradigm. A principal 

component analysis (PCA)-based approach and a physiological 

regressor (PR)-based approach were investigated for correlated 

noise correction. As expected, 3D data displayed significantly 

higher spatial SNR (sSNR) than 2D data, but comparable 

temporal SNR (tSNR); the information explained by general 

linear models was similar in both cases, and 3D analyses 

exhibited lower sensitivity to neural activation. In general, both 

correction approaches produced significant increases in tSNR, 

explained information, and detection sensitivity for both 

acquisition techniques, but especially for segmented EVI. The 

PCA-based approach was the most effective correction method; 

however, the PR-based approach allowed the characterization 

of the relative contributions from different noise sources, 

confirming significant relative increases in physiological noise 

from 2D to 3D acquisitions. In summary, although greater 

physiological noise contributions were found in segmented EVI 

data acquired at 7 Tesla, these were shown to be adequately 

compensated for by appropriate noise correction methods. 

Index terms—functional magnetic resonance imaging, high-

field imaging, signal fluctuations, physiological noise 

I. INTRODUCTION 

UNCTIONAL brain imaging, in a broad sense, 

comprises the full range of techniques developed to 

study human brain function based on the physiological 

changes that accompany such activity [1]. Due to their 

considerably wide range of potential applications, safety, 

and availability of the necessary scanning equipment, 

functional magnetic resonance imaging (fMRI) techniques 

have become essential, widely used tools for studies of brain 

function. One of its most important variants, introduced by 

S. Ogawa around 1993 and widely explored in the past two 

decades, is known as blood oxygenation level-dependent 

(BOLD) fMRI; its underlying physiological principle is the 

increase in local blood oxygenation, or more specifically, in 

the ratio between oxy- and deoxyhemoglobin, that 

accompanies neural activation – since oxyhemoglobin is 

diamagnetic and deoxyhemoglobin is paramagnetic, this 
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increase generates local magnetic field gradients that 

produce visible changes in the signal decay properties of 

local tissues [2]. In more recent years, other approaches have 

been explored such as perfusion fMRI, which relies in the 

use of contrast agents or in arterial spin labeling (ASL) 

techniques; these have gained interest due to their capability 

of providing more quantitative and direct measures than 

BOLD, despite still remaining inferior in terms of image 

signal-to-noise ratio (SNR) [1]. 

The versatility of MRI techniques and the quality of the 

results obtained depend on a wide range of technical factors 

and have therefore benefitted from continual improvements 

in scanning equipment and acquisition protocols along the 

years. One of the most important of these aspects is the 

strength of the applied static magnetic field, B0; earlier 

studies have assumed SNR to be proportional to B0, with 

thermal noise increasing linearly with B0 and signal intensity 

S increasing with its square [3]; as higher SNR potentially 

allows for higher sensitivity and spatial resolution in fMRI 

data, this would suggest a direct and significant advantage in 

seeking the highest field strengths possible. However, more 

recent studies conducted at high field have pointed out 

significant increases in noise from non-thermal sources, 

which include subject motion, physiological processes, and 

spontaneous neural activity; these increased contributions 

were shown to impose an asymptotic limit to the achievable 

SNR at high field strengths, thus limiting the potential 

advantages of applying stronger fields [4]-[6]. 

In fMRI studies, physiological noise appears as a type of 

correlated noise generated by fluctuations in the basal brain 

metabolism, cerebral blood flow, and cerebral blood volume 

[6]; several distinct contributions of physiological origin 

have been studied and proposed for this type of noise: (1) 

quasi-periodic oscillations due to blood flow pulsatility and 

respiration-induced field changes (by thoracic modulation), 

or respiration-induced bulk head motion [7]-[9]; (2) non-

periodic fluctuations due to low-frequency drifts in end-tidal 

CO2, hypothesized to be caused by subtle naturally occurring 

changes in breathing rate and depth [10], [11]; (3) non-

periodic fluctuations due to across-beat changes in heart rate, 

occurring in several frequency bands [7], [12]. As previously 

stated, physiological noise increases with signal strength 

(which varies, for example, with field strength), therefore 

becoming a larger fraction of the total noise as the signal 

strength increases [4], [5]; since these noise sources have a 

significant negative impact on SNR (being especially 

deleterious for resting state studies, for example, which 

focus on low-frequency signal variations and lack external 

stimulation [13]), great effort has been dedicated in the past 

years to the characterization of physiological noise and the 

development of effective correction methods [9], [11]-[15]. 
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Besides static field strength, the noise characteristics of 

fMRI acquisitions are significantly affected by other key 

elements such as the gradient coils and the radiofrequency 

transmitter and receiver coils [1]. The scanning parameters 

selected for each experiment are also of great importance; as 

an example, certain components of physiological noise 

(specifically linked to BOLD-related brain physiology) have 

been observed to depend significantly on the acquisition 

echo time (TE), actually allowing for the characterization 

and quantification of different physiological noise sources 

by varying both the TE and flip-angle to change MR signal 

strength [6]. Finally, the design of acquisition strategies is 

also a critical aspect; due to their high sampling speed, with 

adequate detection sensitivity and spatial resolution, 2D 

echo planar imaging (EPI) methods have become the most 

widely used techniques for fMRI data acquisition [16]. With 

the development of high-field imaging and the subsequent 

possibility of achieving higher spatial resolution, however, 

acquisition volumes become considerably larger, requiring 

undesirably long echo train sequences in multi-slice EPI 

techniques; in order to avoid this problem, a growing interest 

has been shifted to echo volumar imaging (EVI) techniques, 

which are remarked as the 3D extension of EPI – an entire 

volume is excited by the RF pulse, and acquired partially or 

entirely in a single repetition time (TR) [17], [18]; this 

growing interest has further been encouraged by studies 

showing that physiological noise contributions can in fact be 

mitigated by reducing voxel size, therefore increasing the 

benefits of improved spatial resolution [19]. Several recent 

studies have focused on the development of EVI techniques 

and the minimization of their particular limitations, which 

include, for example, higher sensitivity to magnetic field 

inhomogeneities and Nyquist ghosting (especially in the 

less-frequently switched phase encoding direction), and 

lower BOLD sensitivity (as the TE tends to become larger 

and might indeed surpass the T2* of gray matter) [17], [20]. 

Furthermore, while one of the most important advantages of 

EVI techniques is their superior spatial SNR (sSNR) relative 

to EPI methods (due to the whole-volume RF excitations), 

physiological noise contributions also appear to increase in 

certain variants such as segmented EVI, thus compromising 

potential temporal SNR (tSNR) increases [21]. 

The present work takes on these issues and focuses on the 

comparative study of physiological noise characteristics and 

potential correction methods for fMRI data acquired with a 

(2D) EPI technique and a (3D) segmented EVI technique at 

7T. The following section describes the methods adopted for 

data acquisition and subsequent analysis; results are 

presented in section III, and discussed in section IV, along 

with the presentation of some general concluding remarks. 

II. MATERIALS AND METHODS 

A. Data acquisition 

Data analyzed in this work were acquired from healthy 

subjects undergoing four fMRI runs counterbalanced across 

subjects; each run was conducted either at rest, with eyes 

closed, or featuring a localizer (Loc) visual stimulation 

paradigm, and utilized either a 2D or a 3D fMRI acquisition 

technique – comprising a total of four distinct runs. Both 

fMRI data and physiological data (respiratory amplitude and 

pulse oximetry) were acquired and recorded simultaneously. 

1) Subjects: the present study involved a total of ten 

healthy subjects (average age 26 ± 4 years, comprising four 

males and six females), and received approval from the 

institutional review board of the local ethics committee; all 

subjects provided written informed consent. One subject was 

excluded from physiological regressor (PR)-based analyses 

(due to corrupted physiological recordings), and a second 

subject was excluded from both PR-based and principal 

component analysis (PCA)-based analyses (due to showing 

anomalously low levels of activation in 2D Loc data). 

2) Localizer paradigm: visual stimulation runs employed 

a standard localizer paradigm where faces (F), houses (H), 

objects (O) and scrambled objects (S) were presented to the 

subject in a block design (18s-length blocks) as depicted in 

Fig.1. This methodology was based on localizer paradigm 

variants commonly adopted in the literature, and intended to 

identify well-known cortical visual areas [22], [23]. 

3) MRI data acquisition: MRI data were acquired using a 

human 7-T/680-mm scanner (Siemens Medical Solutions, 

Erlangen, Germany), equipped with a gradient insert coil 

(Gmax = 80 mT/m, Gslew = 400 T/m per second) and a custom 

designed eight-channel head array coil (RAPID Biomedical 

GmbH, Germany). Functional data acquisition relied on two 

distinct techniques: a standard multi-slice (2D) EPI method 

and a segmented (3D) EVI method. Multi-slice EPI volumes 

consisted of 40 interleaved slices with 2mm thickness and 

104×104 voxel matrices; each full volume required a total 

acquisition time of 3.2s (TR2D/α2D = 3200ms/90º). As for 

segmented EVI acquisitions, a 5-lobe sinc pulse was adopted 

to yield a good slab profile; 3D volumes consisted of 

104×104×40 voxel matrices (the equivalent to 40 EPI 

slices), with a single k-space segment being scanned in each 

RF excitation, followed by application of a crusher gradient; 

each full-volume required a total acquisition time of 3.2s 

(TR3D/α3D = 80ms/18º). Both acquisition methods employed 

a TE of 25ms and a field-of-view (FOV) of 210×210mm
2
, 

resulting in a spatial resolution of 2×2×2mm
3 

for both 

techniques; during each run type (both Loc and Rest) a total 

of 112 volumes were acquired. Whole-brain structural 

images were also acquired for each subject based on an 

MP2RAGE protocol [24]; these images were T1-weighted 

acquisitions with a matrix size of 240×256×160 and a spatial 

resolution of 1×1×1mm
3
. Whole-brain T2*-weighted low-

resolution images were also acquired (104×104×80 matrices, 

2×2×2mm
3
 spatial resolution). Both structural image types 

were acquired for spatial registration steps. 

4) Physiological data acquisition: respiratory amplitude 

and pulse oximetry levels were monitored with adequate 

equipment provided with the MRI scanner (a respiratory 

bellow and a pulse oximeter, respectively), and acquired at a 

50Hz sampling rate, simultaneously with fMRI acquisition. 

B. Physiological data analysis 

Physiological recordings were performed with the purpose 
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of extracting time course regressors to be included in general 

linear model (GLM) regression analyses; these regressors 

were intended to explain certain components of fMRI signal 

variance putatively associated with physiological noise 

sources. The regressors were built as proposed in methods of 

wide acceptance in the field [9], [11], [12]; prior to this, 

however, a considerable deal of attention was dedicated to 

the preliminary processing step of signal peak detection, as 

this was critical for the quality of regressors to be extracted 

from the data. 

1) Peak detection: the problem of peak detection was 

initially addressed with a fairly simple custom-designed 

algorithm, as scarce literature was available for the problem 

considering the type of physiological signals under analysis; 

this was essentially a lowpass (LP) filter-based algorithm 

which comprises the following steps: 

1) lowpass filtering of the original signal x by computing 

its discrete Fourier transform (DFT) and turning to zero 

all elements corresponding to frequencies above a user-

specified cutoff frequency fc – this yields a smoothed 

version of the original signal, x’; 

2) identification of peaks in x’ as the instants which present 

a higher or a lower value than both of their immediately 

adjacent neighbors; 

3) for each pair of consecutive minimums in x’, selection 

of a maximum in x as the instant with the highest value 

inside the interval defined by those two minimums; 

4) in the case of respiratory signals, repetition of 3) in an 

analogous way for the identification of minimum peaks. 

Due to its simplicity, this algorithm displayed important 

limitations which will later be addressed; as an alternative, 

the wavelet-based algorithm developed by Li et al. in 1995 

for electrocardiogram (ECG) signals [25], which remains to 

the present a reference in the field [26], was considered and 

modified for use with the physiological signals in question. 

The newly-developed wavelet-based algorithm utilizes the 

same filter banks and some of the main processing steps 

presented in [25] (essentially the ones directly related to R-

wave peak detection), with some modifications and added 

features; the variant developed for pulse oximetry signals 

consists of the following processing steps: 

1) upsampling of the original signal x to 250 Hz; 

2) slope correction of x and zero-padding at both ends with 

1s-length segments; 

3) computation of the third to seventh wavelet scales of x; 

only four consecutive scales are considered for analysis 

– if the scale with the highest energy is one of the first 

three, the first four scales are selected; otherwise, the 

last four scales are the ones retained for analysis; 

4) detection of peaks at all scales by identifying values that 

are above a certain threshold ε
j
 and are higher than their 

adjacent neighbors (or lower for minimum peaks); ε
j
 is 

chosen as 1% of the highest absolute value in scale j; 

5) estimation of the median cardiac period TC in x based on 

the peaks identified at the highest scale; 

6) determination of modulus maxima sets as described in 

[25] (with neighborhood lengths defined as 30% of TC) 

and calculation of singular degrees α’ for each set; sets 

with negative α’ are excluded; 

7) determination of maximum-minimum pairs by coupling 

adjacent sets of maxima and minima not apart for more 

than 90% or for less than 10% of TC; 

8) identification of zeros at the lowest scale located within 

maximum-minimum pairs, and correction for scale-

dependent time delays; the results are registered as 

peaks in x; 

9) post-processing techniques of peak blanking and peak 

searching back as suggested in [25]; TC is again used as 

a reference value. 

The fundamental frequency of normal respiratory cycles is 

usually distinct from that of ECG/pulse oximetry signals; 

however, a rough approximation of 5 to 1 was found to be 

adequate to deal with this problem, and therefore the 

respiratory signal variant of the algorithm was obtained from 

the above-described procedure simply by excluding the 

preliminary signal upsampling step, and adding an additional 

final step for the selection of minimum peaks (based on the 

already identified maximum peaks). 

2) Cardiac rate (CR) regressors: these regressors (rCR) 

were built as proposed in [12]: an initial time course cr is 

computed for each pulse oximetry peak profile as 

                  , (1) 

with tn (n = 1, 2, ...) being the instants corresponding to 

maximum peaks; following outlier removal and Gaussian 

smoothing, cr is resampled to fit fMRI acquisition timings, 

yielding rCR. In this work, the procedure was adapted to a TR 

of 3.2s, with linear interpolation being applied for the 

resampling step (instead of nearest-neighbor interpolation). 

3) Respiration volume per unit time (RVT) regressors: the 

computation of RVT regressors (rRVT) was based on the 

definition proposed in [11]: 

                             , (2) 

with tn (n = 1, 2, ...) being the instants corresponding to 

respiratory peaks (maximums and minimums, alternately), 

and xn (n = 1, 2, ...) their corresponding signal amplitudes; a 

further step was added to account for distant outliers (values 

located more than 2.6 standard deviations away from the 

local median were replaced using linear interpolation); 

resampling was performed as with CR regressors. 

4) Retrospective correction of physiological motion effects 

(RETROICOR): in order to create RETROICOR regressor 

 

Fig. 1.  Typical block design adopted for the localizer paradigm. The 
four different visual stimulation categories were presented in 

counterbalanced block sequences separated by fixation-only intervals 

(represented in white with a black dot). 
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sets (rRETR), the methods proposed in [9] were considered as 

a starting point to obtain cardiac and respiratory phase time 

courses, φc and φr, as 

        
    

     
 (3) 

           
  

  
     

     
              
   

        
   

, (4) 

with t1 corresponding to the time instant of the cardiac peak 

immediately before t, and t2 the subsequent peak, H(b) being 

a 100-bin histogram of the respiratory amplitude signal x, 

and     denoting an integer-rounding operator. Subsequently, 

instead of proceeding to the Fourier projection of fMRI 

voxel time courses onto sinusoids with these phases, and 

afterwards correcting them directly (as in [9]), φc and φr 

were used for the computation of GLM regressor sets as 

  
                             , (5) 

with x being either cardiac or respiratory, and m = 1, 2 for a 

second-order Fourier expansion. This method yields a total 

of eight regressors for each fMRI run (a set designated as 

rRETR), and is a commonly-adopted approach for studies 

involving GLM analyses [11], [12], [14]. 

5) Outcome measures: the performance of peak detection 

algorithms developed in this work was evaluated by means 

of two complementary measures: positive predictivity (PP), 

and sensitivity (S), which are common standards in peak 

detection studies [27]; these were defined as 

   
      

         
 (6) 

  
      

         
 (7) 

where Tpeaks is the total number of true peaks in the data 

under study (manually identified by the author), and FP and 

FN are, respectively, the total number of false positives and 

of false negatives yielded by each algorithm (summed across 

all subjects, run types and acquisition techniques). The 

quality of physiological regressors could not be evaluated 

directly, and was partly inferred from PR-based analysis 

results (whose outcome measures are later addressed). 

C. MRI data analysis 

The analysis of structural and functional MRI data 

comprised the core of this work and involved several steps 

performed mostly with the FMRIB Software Library (FSL 

4.1.2, http://www.fmrib.ox.ac.uk/fsl) and Matlab (version 

R2008b, http://www.mathworks.com). Besides some general 

processing steps common to most fMRI studies, two distinct 

approaches were employed for the characterization and 

correction of physiological noise contributions: a PCA-based 

approach, and a PR-based approach. 

1) General processing steps: structural images were solely 

processed with the FSL brain extraction tool (BET) in order 

to remove non-brain structures such as the skull. Functional 

images were initially processed with the FSL motion 

correction tool (MCFLIRT) in order to spatially align Loc 

and Rest volumes along time and with respect to each other; 

subsequently, data were submitted to the FSL fMRI expert 

analysis tool (FEAT) pre-stats routines: temporal highpass 

filtering (300s cutoff), slice timing correction (in the 2D 

case), BET brain extraction, spatial smoothing (FWHM of 

3mm), and image registration to a Montreal Neurological 

Institute (MNI) standard space (mediated by the low-

resolution whole-brain image and by the high-resolution 

structural image); FEAT stats and post-stats routines were 

also performed, consisting of GLM regression analyses, 

generally including fMRIB improved linear model (FILM) 

prewhitening, followed by cluster threshold analysis (with a 

Z-threshold of 2.3 and a cluster p-threshold of 0.05). In 

general, design matrices built for GLM analyses primarily 

included a base set DM0 which can be represented as 

DM0
Loc

 = [ rLoc  rDrift ]   or   DM0
Rest

 = [ rDrift ] (8) 

(for Loc or Rest data, respectively), where rLoc is a localizer 

paradigm regressor set (N×8 matrix, with N being the fMRI 

time course size, and the eight columns corresponding to 

each of the four different visual stimulus types, in 0/1 

blocks, and their temporal derivatives), and rDrift is a slow 

drift regressor set (N×3 matrix containing the three non-

constant components of a third order polynomial); the rLoc 

set was subsequently convolved with a hemodynamic 

response function (HRF) modeled as a single gamma (0s 

phase, 3s standard deviation, 6s mean lag); other regressor 

sets were added to DM0 depending on the type of analysis on 

course. In certain analysis steps throughout this work, a 

custom-designed stats + post-stats procedure implemented in 

Matlab (similar to FEAT, but lacking FILM prewhitening) 

was utilized instead of FSL, as it was found to perform quite 

faster (even if FILM was deactivated in FEAT analyses). 

 2) Region of interest (ROI) definition: most of the results 

obtained were averages computed across specific regions of 

interest; these included an active, a gray matter, a white 

matter, and a background ROI (ROIAct, ROIGM, ROIWM, and 

ROIBG, respectively); all ROIs were subject- and acquisition 

type-specific, and typical examples are presented in Fig. 2. 

Each ROIAct was determined as the binary intersection 

between two distinct masks: a manually selected visual area 

mask extracted from an MNI brain atlas (transformed to 

each subject space), and a cluster activation mask obtained 

from a Loc data stats + post-stats analysis, using only DM0 

and considering a visual activation contrast of F+H+O+S vs 

background. Each ROIGM was determined from Rest data by 

mapping the correlation coefficient between the time course 

in each voxel and the average brain time course, excluding 

voxels showing negative correlation coefficients, and finally 

selecting the voxels displaying the 10% highest correlation 

coefficients from the remaining set. Each ROIWM was a 

planar, 8×8 voxel square, manually centered in darker brain 

regions expected to contain mostly white matter; similar in 

geometry to ROIWM, each ROIBG was positioned outside the 

brain at low Nyquist ghosting regions. An auxiliary region 

designated as reference ROI (ROIRef), to be described below, 

was also utilized during PCA analyses (see Fig.2 as well). 
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3) PCA-based analysis: this type of analysis followed the 

basic principles of the methodology described in [15], with a 

few relevant modifications. The procedure consisted of the 

following steps: 

1) pre-processing of fMRI data as described previously, 

with Loc and Rest volumes spatially aligned along time 

and to each other (with a Loc time instant as reference); 

2) considering the Rest data from each specific subject and 

acquisition technique, calculation of an average signal 

time course across ROIAct, and subsequent mapping of 

the correlation coefficient between the remaining brain 

voxels and the average ROIAct time course; 

3) with the correlation map built and its maximum value 

identified, definition of ROIRef by selection of all voxels 

with correlation coefficients above a certain percentage 

pcor of that maximum; 

4) now considering Loc data, application of PCA analysis 

to the sample of time courses in ROIRef: determination 

of the covariance matrix of the population data, 

  
 

 
                 

   , (9) 

where M is the total number of voxels in ROIRef, Pi is 

each voxel time course (represented as an N×1 vector), 

and    is the average time course in ROIRef; computation 

of the eigenvalues and eigenvectors of R; selection of a 

set containing Q of the eigenvectors associated to the 

largest eigenvalues; 

5) creation of a number T of additional vector sets by 

randomizing the original PCA-derived eigenvectors – 

this was performed by taking the DFT of each vector 

and replacing the phase of each complex Fourier 

component by a random value uniformly distributed 

between -π and π, while preserving magnitudes and the 

Hermitian symmetry (in order to obtain real vectors 

with similar spectral power density); 

6) orthogonalization of each of the eigenvector sets with 

respect to the rLoc set and integration in a GLM design 

matrix of the form DM = [DM0
Loc

 rPCA], where rPCA is an 

NxQ matrix containing the orthogonalized PCA 

eigenvectors or their randomized (RND) versions; 

7) application of FSL stats + post-stats analyses to Loc 

data utilizing each of the created DM variants. 

As was mentioned, the method described is influenced by 

three parameters: pcor, Q, and T; Q was made equal to 18, as 

suggested in [15], and T was defined as 10, in order to avoid 

very long processing times while maintaining acceptable 

statistical significance; the choice of pcor was based on a 

series of tests conducted with Matlab stats + post-stats 

analyses: these were performed for values of pcor varying 

from 10% to 90%, and an optimum value was selected based 

on R
2
adj (defined in section 5)); a value of 50% was adopted. 

4) PR-based analysis: this type of analysis involved the 

utilization of linear regressors derived from physiological 

data, namely CR, RVT, and RETROICOR, to characterize 

and remove physiological noise contributions from fMRI 

signals; this procedure was based on the approach described 

in [14] and comprised the following steps: 

1) construction of CR, RVT and RETROICOR regressors 

based on physiological data, as previously described; 

2) determination of the optimum temporal lags for CR and 

RVT regressors, depending on run type and acquisition 

technique; this step was performed with multiple Matlab 

stats + post-stats analyses testing different lags ranging 

from -18s to +18s (using a single regressor of the type 

under study along with DM0), and optimum values were 

selected based on the variance explained (VE) by each 

regressor (to be defined in section 5)); for the data under 

study, a single-lagged regressor was adopted for both 

CR (with a lag of +2s for both Loc and Rest runs) and 

RVT (a +2s lag for Loc and a -3s lag for Rest runs); 

3) selective grouping of physiological regressor sets with 

DM0 as performed in [14], to build nested regression 

models; these can be listed as 

DM0 = [ DM0 ]; (10.1) 

DM1 = [ DM0  rRETR ]; (10.2) 

DM2 = [ DM0  rRETR  rCR ]; (10.3) 

DM3 = [ DM0  rRETR  rRVT ]; (10.4) 

DM4 = [ DM0  rRETR  rCR  rRVT ], (10.5) 

with the physiological sets being orthogonalized with 

respect to DM0 in Loc data analyses; 

4) integration of the nested models in FSL stats + post-stats 

analyses, applied to fMRI datasets from each subject, 

run type, and acquisition technique. 

5) Outcome measures: the evaluation of results from data 

analyses relied on a small number of measures intended to 

study physiological noise contributions and the effectiveness 

of their correction; most measures were common to both the 

PCA- and the PR-based approach, as both methods rely 

ultimately on GLM analyses. In order to quantify the amount 

of signal information explained by a specific linear model 

DM, the adjusted coefficient of determination, R
2
adj, was 

used, with the following definition 

    
    

   

     

         
 
   

         
   

 , (11) 

where P is the number of regressors in the model, y is the 

signal under analysis,    is the average of y, and y’ is the 

approximation achieved with DM; theoretically, R
2

adj is 

independent of the number of degrees of freedom in DM, 

allowing comparisons between different-sized models – in 

fact, the percentage of variance explained, VE, by a specific 

 

Fig. 2.  Typical examples of different ROI types utilized throughout 
this work – ROIAct, ROIRef, ROIGM, ROIWM and ROIBG, represented at 

specific slices – z = 24 for the left and center images, and z = 33 for the 

right image. 
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subset of regressors in DM can be determined as the 

difference in R
2
adj achieved by DM with and without that 

subset (multiplied by 100) [12], [14]. To evaluate the 

sensitivity of a specific model to the detection of external 

stimuli-induced activation (in Loc data), an F+H+O+S vs 

background contrast was considered (which should produce 

wider observable activation than separate localizer stimuli, 

due to being less specific); several measures of sensitivity 

for this contrast were considered, namely contrast estimation 

variance (computed by FSL according to its noise modeling 

results), number of active voxels, and maximum Z-score for 

that contrast in cluster analyses. Results based on R
2
adj were 

averages across ROIAct (for PCA-based analyses) or either 

ROIAct or ROIGM (for PR-based analyses); contrast 

estimation variance results were averaged across ROIAct 

only; number of active voxels and maximum Z-score results, 

on the other hand, were based on masks from the cluster 

analyses performed with each specific model, in order to 

observe the evolution of cluster morphology. Besides these 

measures, the noise characteristics of fMRI data and the 

effects produced by both correction approaches were also 

evaluated in terms of SNR; for this part, raw fMRI datasets 

were aligned along time but separately for Loc and Rest 

sessions, and no further processing steps were performed 

(such as spatial smoothing or brain extraction). The 

evaluation of SNR results was separated into two different 

parts: (1) data from each subject, run type and acquisition 

technique was analyzed in terms of sSNR and tSNR; sSNR 

was calculated as the ratio between average signal intensity 

in ROIWM and the signal standard deviation in ROIBG – this 

ratio was computed for each volume of the time course and 

then averaged across time; tSNR was determined as a non-

modeled variant (tSNR0) or as a partially modeled variant 

(tSNRp): tSNR0 was calculated as the ratio between mean 

signal and signal standard deviation of each voxel time 

course, and then averaged across ROIWM voxels; tSNRp was 

calculated in a similar way, but with each voxel time course 

having previously been subtracted of a partial linear model 

fit y’ with correction regressors derived from PCA- or PR-

based analyses, also including rDrift; (2) a similar study was 

repeated for different levels of voxel width – 2mm, 4mm, 

and 8mm; the lower-resolution data was approximated by 

resizing the original 2mm magnitude images in Matlab 

(phase data was no longer available); data analysis was 

conducted similarly to [21], dedicating attention to the 

evolution of sSNR, tSNR0 and tSNRp with voxel width, and 

studying the evolution of tSNR with sSNR according to 

theoretical models that predict a relationship of the form: 

     
    

          
 (12) 

where λ is a system-independent constant that measures the 

SNR sensitivity to signal-dependent fluctuations [4], [6], 

[21]; a multiplicative free parameter K was included in the 

model to compensate for the technical limitations mentioned 

above. Finally, trends relating the different methodological 

aspects addressed in this study were tested by means of one-

way or two-way analysis of variance (ANOVA). 

III. RESULTS 

A. Physiological signal peak detection 

Peak detection performance results are depicted in Fig.3, 

based on the positive predictivity and sensitivity displayed 

by each of the adopted algorithms. In general, both proved to 

perform better in the analysis of pulse oximetry signals than 

of respiratory signals; the wavelet-based algorithm displayed 

better PP than the LP filter-based algorithm, and higher S in 

respiratory signals as well; as for pulse oximetry signals, on 

the other hand, the LP filter-based algorithm was observed 

to be slightly more sensitive. A specific aspect worthy of 

mention was the inability of the LP filter-based algorithm to 

deal correctly with occasionally-ocurring, temporary signal 

interruptions observed in some recordings (represented as 

segments of null signal), where the algorithm forcefully 

introduced “artificial” peaks. 

B. PCA-based analysis 

Results obtained with PCA-based analyses are presented 

in three sections regarding distinct aspects of interest: (1) the 

amount of information explained by GLM, (2) the sensitivity 

to visual stimuli-induced neural activation, and (3) the SNR 

characteristics of raw and PCA-corrected data. 

1) Information explained by GLM: average R
2
adj results 

are presented in Fig.4a and indicate, in general, that PCA 

models are indeed capable of explaining more information 

than RND models (confirmed by ANOVA with a statistical 

significance p-value under 0.001), and while RND results 

remain similar from 2D to 3D acquisition types (p = 0.330), 

PCA models are shown to explain significantly more 

information in 3D (p < 0.001). All the results obtained with 

base models were qualitatively similar to those of RND 

models, thus evincing the independence of R
2

adj from the 

number of degrees of freedom in each model. 

2) Detection sensitivity: average results are presented in 

Fig.4b-d for FHOS contrast estimation variance, number of 

active cluster voxels, and maximum activation Z-score, 

 

Fig. 3.  Peak detection performance for the physiological datasets 

acquired in this work. Positive predictivity (PP) and sensitivity (S) 

results are based on the total peaks, false positives and false negatives 
of all subjects, run types and acquisition techniques; PULS refers to 

pulse oximetry data and RESP refers to respiratory data. 
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respectively. On average, the estimation variance obtained 

by RND models was significantly higher in 3D than in 2D (p 

= 0.015), but the decreases observed from RND to PCA 

models (p < 0.001) were such that PCA results were similar 

for both acquisition types (p = 0.599). Active voxel 

numbers, on the other hand, evinced significant increases 

from RND to PCA (p = 0.001), but behaved more similarly 

to R
2
adj results: RND analyses yielded similar voxel numbers 

in 2D and 3D (p = 0.568), while PCA analyses tended to 

result in higher voxel numbers for 3D (p = 0.092). As for 

maximum Z-score results, variations from RND to PCA 

were significant as well (p < 0.001); however, results from 

RND models, which were slightly but significantly higher in 

2D than in 3D data (p = 0.049), still remained higher for 2D 

in PCA-based models (p = 0.041). The results obtained with 

DM0
Loc

 for these measures were qualitatively distinct from 

those of RND models (higher in estimation variance, lower 

in active voxel number and maximum Z-score). 

3) SNR analysis: average sSNR results obtained with the 

original voxel width of 2mm were the following: 52.14±3.05 

and 51.54±2.63 for 2D Loc and Rest data, respectively, and 

83.47±7.60 and 88.22±10.42 for 3D Loc and Rest data; thus, 

sSNR was found similar for both run types (p = 0.761), 

although significantly higher in 3D than in 2D acquisitions 

(p < 0.001). Results obtained for tSNR in Loc data (for the 

original voxel width as well) are presented in Fig.5a; as with 

R
2
adj, uncorrected tSNR (tSNR0) values were fairly similar 

for both acquisition types (p =  0.416), although increasing 

from uncorrected to PCA-corrected models in such way that 

PCA results (tSNRp) became higher for 3D than for 2D (p = 

0.013). Regarding dependences on spatial resolution, sSNR 

was observed to grow in an approximately linear fashion (or 

slightly faster) with voxel width, while tSNR tended to grow 

slower than linearly (results not shown); in general, despite 

what was observed for the original 2mm-voxel width, tSNR0 

values tended to become higher for 2D than for 3D, while 

those of tSNRp were higher than tSNR0 but fairly similar for 

both 2D and 3D acquisitions. Plots of tSNR vs sSNR are 

presented in Fig.5b, along with least squares fits to the non-

linear model based on (12) (modified with K); the evolution 

of tSNR with sSNR is similar to the one of tSNR with image 

voxel width (with similar relationships between acquisition 

types and between adopted models), and the fitted curves 

strongly suggest a tendency of tSNR to saturate at high 

sSNR values. 

C. PR-based analysis 

Results obtained with PR-based analyses are presented in 

four sections regarding distinct aspects of interest: (1) the 

amount of information explained by GLM, (2) the sensitivity 

to visual stimuli-induced neural activation, (3) the SNR 

characteristics of raw and PR-corrected data, and (4) the 

characterization of physiological noise based on the 

information explained by each putative contribution. 

1) Information explained by GLM: average R
2
adj results 

are presented in Fig.6a for different models, run types and 

acquisition techniques (using ROIAct for averaging steps). As 

can be observed, PR models significantly increased the 

amount of explained information in both Loc (p = 0.001) and 

Rest data (p = 0.034) with respect to base models, although 

most of these increases were specifically associated to the 

inclusion of RETROICOR. In general, R
2
adj values were 

higher for Loc data. On the other hand, differences between 

2D and 3D were found more similar to results from PCA 

analysis in Rest data – here, while base model results 

remained similar between 2D and 3D (p = 0.514), PR-based 

models tended to explain more information in 3D (p = 

0.082); Loc results, nonetheless, did display larger variations 

from base to PR models in 3D data as well. As for Rest data, 

further comparative analyses were performed with results 

averaged across different ROIs (ROIAct and ROIGM); the 

results obtained (data not shown) displayed no significant 

differences in the behavior of R
2
adj for differents ROIs. 

2) Detection sensitivity: average results for contrast 

estimation variance, number of active voxels, and maximum 

Z-score are presented in Fig.6b-d. On average, these results 

showed similar trends to those observed in PCA-based 

analyses: the estimation variance obtained by base models 

was higher in 3D than in 2D, while the decreases observed 

from base to PR models led to similar estimation variances 

for both acquisition types; results for active voxel numbers 

showed increases from base to PR models, and while base 

model analyses yielded similar voxel numbers in 2D and 3D, 

PR models yielded more active voxels in 3D data; regarding 

 

Fig. 4.  PCA-based analysis results for the adjusted coefficient of determination R2
adj, F+H+O+S vs background contrast estimation variance, number of 

active cluster voxels, and maximum Z-score, applied to 2D and 3D Loc data; the results presented are averages across subjects and error bars represent 

the respective standard error (SE); besides RND and PCA, results obtained with base models DM0
Loc are also included for comparison. 
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maximum Z-score results, increases from base to PR models 

were less evident, and values remained higher for 2D than 

for 3D. In general, for the adopted sensitivity measures, the 

observations stated above for PR-based analyses refer to 

visible but not statistically significant trends (considering a 

p-value threshold of 0.05); these observations can, however, 

be further supported by the similarity between the referred 

tendencies and the results obtained with PCA. 

3) SNR analysis: average sSNR results correspond to 

those already described for PCA-based analyses. Results 

obtained for tSNR (for the original 2mm-voxel width) are 

presented in Fig.5c; as with PCA, tSNR0 values were fairly 

similar for both acquisition methods (p = 0.416) and also for 

both run types (p = 0.886), but increased from uncorrected to 

PR-corrected models in such way that tSNRp results were 

higher for 3D than for 2D (p = 0.002), although similar for 

both Loc and Rest data (p = 0.345). As for the evolution of 

sSNR and tSNR with voxel width, tSNRp results showed 

similar patterns to those observed in PCA analyses. Plots of 

tSNR vs sSNR are presented in Fig.5d along with least 

squares fits to the above-mentioned model; once again, PR 

results were similar to those of PCA, though possibly being 

slightly less effective in increasing tSNR; no significant 

differences between Loc and Rest results were observed. 

4) Physiological noise characterization: the relative noise 

contributions from distinct physiological sources for fMRI 

signal information were estimated as the explained variance 

associated to each regressor set (RETROICOR, CR, RVT, 

and slow drift), and results are presented in Fig.7 for 2D and 

3D Rest data (using ROIAct). As can be observed, in 2D data, 

physiological noise as a whole yielded a significant fraction 

of total signal variance, even if smaller than those from slow 

drift or “other” sources (thermal noise and spontaneous 

neural activity, for example); within physiological noise, 

RETROICOR sets showed the largest contributions for 

variance, followed by CR and finally RVT. From 2D to 3D, 

significant increases were observed in relative contributions 

from total physiological noise (p = 0.002), accompanied by 

decreases in relative contributions from “other” sources, 

with drift contributions remaining fairly similar (p = 0.993); 

within physiological noise, RETROICOR contributions were 

observed to increase strongly and significantly from 2D to 

 

Fig. 5. SNR results for PCA and PR-based approaches: a) tSNR results from uncorrected and PCA-corrected Loc data; b) uncorrected and PCA-

corrected tSNR vs sSNR plots, fitted by least squares regression to to a model based on (12); c) tSNR results from un corrected and PR-corrected Loc 

and Rest data (corrections utilized full models Drift + RETR + CR + RVT); d) uncorrected and PR-corrected tSNR vs sSNR plots, fitted by least 
squares regression to a model based on (12). All the results presented are averages across subjects, with their respective SE. 
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Fig. 6.  PR-based analysis results for the adjusted coefficient of determination R2
adj, F+H+O+S vs background contrast estimation variance, number of 

active cluster voxels, and maximum Z-score (regarding DM0 (B), DM0 + RETROICOR (B+R), DM0 + RETROICOR + CR (B+R+CR), DM0 + 
RETROICOR + RVT (B+R+RVT), and DM0 + RETROICOR + CR + RVT (F) models). Results presented correspond to 2D and 3D Loc data (and also 

Rest data for the coefficient of determination), and are averages across subjects (using ROIAct) with the respective SE. 
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3D (p < 0.001), while those of CR and RVT both decreased 

(p = 0.045 and p = 0.024, respectively), becoming an even 

smaller fraction of physiological noise as a whole. 

IV. DISCUSSION AND CONCLUSIONS 

A. Peak detection algorithms 

Regarding peak detection results, both algorithms were 

shown to perform better with cardiac than with respiratory 

signals; this is clearly due to the fact that respiratory signals 

tend to display more variability across cycles (while cardiac 

signals are more regular), as both algorithms take advantage 

of the natural quasi-periodicity of these signals (although in 

distinct ways). Apart from this, the wavelet-based algorithm 

indeed proved to be superior to the LP-based algorithm for 

most outcome measures, while having the further advantage 

of not requiring the manual specification of a subject or 

sample-specific free parameter (such as fc for the LP-based 

algorithm); on the other hand, its higher complexity does 

demand slightly larger processing times. 

B. Physiological noise characterization 

Based on the results obtained in this work, physiological 

noise components could be assessed in terms of their relative 

contributions for signal information. Results obtained with 

PR-based analyses at rest were certainly the most indicated 

for this purpose, as Loc signals contain contributions from 

external stimuli-induced activation, and PCA-based analyses 

aim at indiscriminately removing all correlated noise (which 

should also include spontaneous neural activity components, 

for example). With this in mind, considering the PR-based 

Rest data results from Fig.7, it is clearly observed that, in 

relative terms, physiological noise contributions do increase 

from 2D to 3D acquisition methods, while drift contributions 

remain fairly similar and other noise sources decrease; these 

results are consistent with what was observed in previous 

studies [21], and suggest that while thermal noise is reduced 

in 3D (due to the whole-volume excitations), physiological 

noise contributions do become more important and explain a 

larger fraction of total signal variance. Within physiological 

noise, however, it can be observed that RETROICOR 

components are in fact the only whose relative contributions 

increase, with those from CR and RVT actually becoming 

smaller – possibly suggesting that the adopted 3D technique 

is specifically more sensitive to rapidly fluctuating noise 

from cardiac and/or respiratory phase-induced oscillations, 

rather than to lower-frequency noise related to cardiac and/or 

respiratory rate fluctuations. The validity of these results, as 

well as the robustness of the method adopted for estimating 

individual percentages of VE, were further supported by the 

observation of low coefficients of colinearity across different 

physiological and drift regressor sets (thus minimizing the 

amounts of signal information shared ambiguously by 

different sets). It should further be noted that the 2D results 

obtained in this section were found considerably close to 

those of a similar study [14], particularly regarding the 

contributions from drift, physiological noise as a whole, and 

other sources. As for individual physiological components, 

more important differences were found, especially regarding 

RETROICOR and RVT contributions; excluding colinearity 

issues, these differences could be attributed to a number of 

technical limitations encountered during physiological signal 

acquisition: the adopted acquisition protocols (provided with 

the equipment) included pre-processing steps of amplitude 

control and discretization, which led to occasional segments 

of saturated signal and to (quite frequent) effects of dynamic 

amplitude adaptation – while these problems should not 

have significantly affected either CR or the cardiac part of 

RETROICOR sets (which solely dependent on peak 

timings), they certainly had an important negative impact on 

the computation of RVT and the respiratory part of 

RETROICOR sets. Apart from this, results obtained in [14] 

also point to a higher physiological noise sensitivity of 

visual cortex regions relatively to gray matter regions, while 

results obtained in this study identified no remarkable 

differences between active (ROIAct) and thresholded gray 

matter regions (ROIGM). 

C. Physiological noise correction 

Regarding the PCA- and PR-based approaches as noise 

correction methods, the results obtained for explained 

information, temporal SNR, estimation variance, number of 

active voxels, and maximum activation Z-score suggest, in 

general, that while both methods tend to improve the 

explaining power of linear models and their sensitivity to 

stimuli-induced neural activation, PCA-based methods are 

definitely the most effective approach for correlated noise 

correction. Following this method, it was possible to achieve 

significant improvements in all detection sensitivity 

measures; furthermore, data obtained from 3D acquisitions, 

which were found to be more importantly affected by 

physiological noise, did in fact show superior improvements 

when compared to 2D data – this being particularly evident 

for estimation variance (higher in 3D with base models, but 

similar for both acquisition methods in PCA models), and 

 

Fig. 7.  Physiological noise contributions for fMRI signal information, 

expressed in terms of percentages of explained variance, from 2D and 

3D Rest data. Values in parenthesis are averages across subjects (based 
on ROIAct), followed by their respective SE, where applicable. 

Drift (27.894, 3.892)

Physio (10.927) Other (61.179)

2D

RETR (4.965, 0.824)

CR (3.503, 1.031)

RVT (2.459, 0.891)

2D - Physiological

Drift (34.329, 7.414)

Physio (20.101)

Other (45.57)

3D

RETR (18.737, 4.875)

CR (1.098, 0.403)
RVT (0.267, 0.16)

3D - Physiological



 

 

10 

 

 

number of active voxels (similar in 2D and 3D with base 

models, but higher in 3D with PCA). SNR results, although 

partly compromised by the already-described limitations of 

the adopted resizing method, lead to similar conclusions, as 

tSNR0 vs sSNR curves saturate at quite low tSNR values for 

3D data (that is, they display a higher sensitivity to signal-

dependent fluctuations), while PCA-corrected curves are 

considerably closer to those of 2D data – hence mitigating 

these saturation tendencies, even if only partially. 

Apart from these considerations, both acquisition methods 

displayed specific advantages and disadvantages: despite 

being the most effective, PCA-based methods can only be 

adopted for studies based on externally-induced activation 

paradigms, where the component of interest in fMRI signals 

is well modeled a priori and distinct from resting-state 

activity; furthermore, this approach also requires the 

acquisition of Rest data, and despite not depending on as 

strict assumptions as PR methods regarding the influences of 

physiological processes on fMRI time courses, PCA-based 

methods do not allow for the discrimination between 

different correlated-noise contributions (such as the different 

physiological noise components and spontaneous neural 

activity) – even if they do assume the presence of multiple 

linearly-combined noise components. PR-based methods, on 

the other hand, although depending on more specific 

assumptions and requiring physiological data acquisition 

simultaneously with fMRI acquisition (and therefore 

depending on the quality of those recordings), are the only 

approach suitable for resting-state studies. 

D. Concluding remarks 

Taking into account the results obtained in this work and 

the above considerations, it can be concluded that the 3D 

segmented EVI technique under study has the potential to 

become a useful and reliable tool for high-field fMRI, as 

long as its physiological noise-related disadvantages are 

adequately dealt with. Future work ought to be dedicated to 

a better understanding of physiological noise characteristics 

of the human brain (namely inter-subject variability and 

differences across distinct anatomical structures), together 

with the improvement of correction approaches to be applied 

in post-acquisition data analysis or to be included in the 

acquisition technique itself. 
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