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Chapter 1

General introduction

Chapter 1. General introduction
How much do sounds affect our daily life? Weekdays start with the repetitive
tone of the alarm going off, weekend days with a pleasant tweeting of the birds
outside your window. The rough gurgle coming from the kitchen is telling you
that coffee is brewed and the bright ring of the toaster is the final invitation for
breakfast. While you are biking to work, the rattling sound of the chain reminds
you that it’s time for some maintenance and a car horn can warn you from an
unseen danger. After a long day, you are finally back home listening to some
relaxing music when the doorbell suddenly rings. Answering to the intercom, a
voice says “It’s me!” and you immediately recognize your best friend voice: “Hi
Joy, come on in!”
This brief collection of daily moments illustrates how much impact sounds
have on our lives. It also powerfully shows how sounds are promptly and automatically analyzed by our brain. Somehow, we are able to appreciate not only differences in loudness and pitch, but also to infer more complex information such
as, for instance, the identity of the person who is talking to us from the other side
of the intercom. Hearing (or auditory perception or audition) is traditionally defined
as one of the five senses and, witnessing its ecological relevance, it has been object
of study for centuries in the medical context of hearing loss cases. Recently, noninvasive neuroimaging techniques have allowed studying the neural correlates
of auditory mechanisms in both the healthy and diseased brain. However, still
today, little is known about the complex processing that the auditory system performs in order to extract relevant acoustic features and form meaningful sound
representations.
Similarly, many other cognitive neuroscience questions have been addressed
using neuroimaging and (functional) magnetic resonance imaging (fMRI) has
become one of the most important methods to study the living brain. Besides
its non-invasiveness, (f)MRI is attractive for both clinical and research purposes
due to the wide range of structural to functional information that it can provide.
(F)MRI data are gathered with a continuously increasing spatial and temporal
resolution, sensitivity, specificity and robustness, combined with other experimental methods, and analyzed with a variety of processing methods in the attempt to grasp the complexity of the brain and its cognitive processes. Despite
the outstanding progress done in the past years, fundamental questions still remain concerning the biophysical mechanisms contributing to the (f)MRI signal
itself and their implications for the analysis and interpretation of the results.
The present thesis employed and combined advanced fMRI methods, namely
11
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arterial spin labeling, ultra-high field fMRI and multivariate pattern analysis, to
shed further light on the physiological underpinnings of the methods themselves
and their application in the context of auditory research. This introductory chapter will present the state-of-the-art of fMRI methods and auditory research focusing on the aspects relevant for the projects included in this thesis.

1.1

FMRI: state-of-the-art

FMRI is a non-invasive neuroimaging technique and represents one of the core
methods used in cognitive neuroscience research. FMRI based on the blood oxygenation level-dependent (BOLD) contrast is currently the predominant method
used for activation studies (Logothetis, 2008; Bandettini, 2009) as it provides (indirect) measure of neuronal activity with (relatively) high spatial and temporal
resolution (Logothetis et al., 2001). An increase in neuronal activity causes a localized change in cerebral metabolic rate of oxygen (CMRO2 ), cerebral blood flow
(CBF) and cerebral blood volume (CBV). Consequently, the concentration ratio
of oxygenated and deoxygenated hemoglobin changes and, due to their different magnetic properties (dia- and paramagnetic, respectively), gives rise to the
measurable BOLD effect (Ogawa et al., 1992). BOLD signal reflects, therefore,
the combined effect of several physiological changes (namely, CMRO2 , CBF and
CBV), which are linked to neuronal activity through neurovascular coupling (see
Figure 1.1).
The typical hemodynamic response function (HRF) is characterized by an elusive initial small dip, which might or might not be present, a rapid increase of the
signal which peaks around 4-8 s followed by a slower decrease and, in most cases,
an undershoot before returning to baseline. Although there is a wide variability
in HRF shape (latency, amplitude, width, initial dip, undershoot, etc.) between
different brain areas, subjects, subject populations and experimental tasks, the
overall behavior is highly consistent (Handwerker et al., 2012) (see Figure 1.2).
Therefore, in most standard activation fMRI studies, the HRF shape is assumed
fixed and is modeled with the so called canonical HRF resulting by the convolution of a box-car function (representing the stimulus) with a double gamma
function (Friston et al., 1998). This model is used within a General Linear Model
(GLM) analysis to statistically infer activation voxel-by-voxel. Finally, functional
contrast maps (t-statistics) are then used to evaluate activation differences across

12
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F IGURE 1.1: Schematic illustration of the many physiological changes that follow an external (auditory) stimulus and lead to the BOLD response usually measured in fMRI. Adapted from Havlicek et al. (2015).

different experimental conditions. Such voxel-by-voxel analysis is the most used
analysis technique in task-based fMRI studies and is also known as univariate
or mass-univariate analysis. Because of the large number of voxels in a brain
(typically on the order of hundreds of thousands of voxels in typical 3T fMRI
datasets), multiple comparison corrections (e.g., Bonferroni, false discovery rate,
cluster thresholding, etc.) are necessary in order to account for false positives at
the global level.

1.1.1

Limitations of “standard” fMRI techniques

Due to the nature of the fMRI signal, the ultimate limit of both temporal and spatial resolution is imposed by the temporal and spatial extent of the hemodynamic
response. However, spatial and temporal resolutions are further limited by the
hardware (scanners and coils) and software implementations (pulse sequences,
reconstruction algorithms) used. Currently, standard fMRI studies performed at
3T MR scanners using gradient-echo echoplanar imaging (GE-EPI), are characterized by a temporal resolution of 2-3 s and a voxel size around 3x3x3 mm3 . Such a
relatively large voxel size is necessary to guarantee enough signal-to-noise ratio
(SNR) while maintaining a reasonable temporal resolution and brain coverage.
Nevertheless, considering that the cerebral cortex has a thickness of 1.0-4.5 mm
13
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F IGURE 1.2: Hemodynamic responses from 20 subjects averaged across a ROI in
primary sensorimotor cortex in response to a single button press. From Handwerker et al. (2012).

(Fischl and Dale, 2000), the measured signal is affected by partial volume effects
between gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF).
Additionally, although changes in the BOLD signal should ideally be localized
at the site of neuronal activity, changes in the oxy-deoxyhemoglobin ratio and
blood volume propagates through the vasculature giving rise to poorly spatially
specific signal at the level of draining veins. In the case of GE-EPI, the BOLD
signal is dominated by draining veins contribution, thus its spatial specificity is
degraded (Olman et al., 2007; Ugurbil et al., 2003; Uludag et al., 2009).
Finally, the complex nature of the BOLD signal, which results by the combined
effect of CMRO2 , CBF and CBV, complicates the interpretation of its changes.
BOLD signal is measured in arbitrary units and its absolute values are influenced
by many different factors, dependent both on physiological and acquisition parameters. Thus, BOLD baseline shifts are usually ignored and only percent signal
changes are considered.

14
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The effort of overcoming these limitations and opening the possibilities for
new research questions, has, therefore, driven the fMRI community to the development of new technologies and methods. Among these, a selection composed
by non-BOLD techniques (arterial spin labeling), ultra-high field fMRI, and advanced statistical analyses (multivariate pattern analysis) will be described in the
next paragraphs.

1.1.2

Arterial Spin Labeling

Arterial Spin Labeling (ASL) is a non-invasive fMRI technique that measures
cerebral blood flow (CBF) using arterial water as an endogenous tracer (Borogovac and Asllani, 2012).
The ASL principle
The proton spins of the arterial water are inverted (or saturated) by a radiofrequency (RF) pulse in a region proximal to the region we want to image (i.e., the
entire brain or a part of it; see Figure 1.3). A time delay (typically between 700 ms
and 2000 ms) is introduced in the sequence scheme to allow such inverted spins
to flow through the arterial tree till the imaging slab. After this time interval, a
so-called label or tag image is acquired. Moreover, for each label image a control
image is acquired, for which no inversion (or saturation) RF pulse is applied to the

F IGURE 1.3: Scheme illustrating the ASL acquisition geometry. The labeling
plane or slab represents the location where the magnetization of the arterial water protons is inverted (termed magnetically labeled). The imaging volume might
be the entire brain (as depicted here) or a part of it. From Alsop et al. (2015).

15
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F IGURE 1.4: Schematic representation of the principle of ASL signal. The subtraction of the label from the control image yields the CBF of the imaging volume. CBF values are expressed in ml/100g/min and are higher in gray matter
compared to white matter. From Borogovac and Asllani (2012).

spins. The difference between control and label image is therefore proportional to
the blood delivered into each voxel (see Figure 1.4). A calibration image together
with a model of physiological and MR parameters allow calculating at voxel level
the quantitative value of CBF in ml/100g/min (typical physiological units).
(Dis)advantages of ASL versus BOLD fMRI
Measuring CBF offers some important advantages with respect to the BOLD contrast. First, CBF is quantitative and physiologically meaningful, while BOLD is
measured in arbitrary units and is the complex result of interplaying variations in
CBF, CBV and CMRO2 . Thus, CBF is more suitable for longitudinal studies and
its absolute values can be directly used for inter-session and inter-centers comparisons. The interpretation of CBF changes are straightforward, whilst more
complex for BOLD (i.e., percent signal) changes. Second, CBF changes are more
closely related to neuronal activity and therefore better spatially localized and
more spatially specific than BOLD changes whose spatial specificity is degraded
by draining vein bias (Aguirre et al., 2005). Third, CBF power spectrum is essentially frequency independent because perfusion is calculated as a pairwise comparison of consecutive temporal points. CBF is therefore suitable for detecting
slow changes (e.g., emotional changes, drug therapies, . . . ), while BOLD contrast
suffers from temporal autocorrelation and is not suitable for detecting changes
that are more than 90s apart (Aguirre et al., 2002). Finally, typical ASL techniques
allow the simultaneous measure of both CBF and BOLD contrast. The latter is
indeed obtained from the same ASL fMRI time series by averaging (instead of

16
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subtracting) label-control pairs. Besides the evident advantage of acquiring simultaneous and already co-registered CBF and BOLD time series for comparison
purposes, a recent study has tried to exploit this characteristic to improve the estimation of the hemodynamic response to stimuli which cannot be easily repeated
or averaged (Simon et al., 2013).
Some challenging limitations of current ASL techniques are low SNR compared to BOLD techniques, relatively slow temporal resolution (due to both the
time delay necessary for the spins to reach the imaging slab and the need of acquiring label-control pairs), transit time confounds (i.e., differences in blood transit time between brain areas (MacIntosh et al., 2010; Mildner et al., 2014)), and
partial volume effects (relatively large voxels are needed to compensate for the
low SNR). In the following section, describing the different ASL implementations, some other and sequence specific drawbacks will be pointed out.
Implementation techniques
Based on the same principle, several ASL implementations were developed differing in how spin labeling is achieved and how artifacts, such as magnetization
transfer (MT) effects, are controlled. Historically, the two major categories of arterial spin labeling are: 1) Continuous ASL (CASL) in which a long (a few seconds)
labeling pulse is applied on a thin labeling plane; 2) Pulsed ASL (PASL) in which
a short (a few ms) labeling pulse is applied on an extended (several cm) labeling
slab (see Figure 1.3). Moreover, within each category, several variants are possible
and, more recently, a third category has been developed: pseudo-continuous ASL
(pCASL), which tries to profit from the benefits of both continuous and pulsed
ASL.
Continuous ASL
In CASL techniques, spin labeling is achieved by adiabatic inversion, which requires a long labeling pulse. This requirement has two major disadvantages.
Firstly, a long off-resonance RF pulse causes signal loss in label images due to
MT effect. In contrast, control images do not require a labeling pulse and therefore are not affected by MT. Thus, label and control images differ not only because
of the inflowing of magnetically inverted blood but also due to the MT effect. The
estimation of CBF is therefore confounded. This problem was reduced by the introduction of an amplitude-modulated RF pulse for the control images inducing a
double inversion (i.e., no net magnetization) with a MT similar to the labeling one
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(Alsop and Detre, 1998). Secondly, long pulses are very demanding on the hardware and most often not supported from commercially available MR scanners. In
these cases, the use of a second coil applying the inversion pulse becomes necessary (Zhang et al., 1995; Zaharchuk et al., 1999). Such dual-coil techniques allow
solving both major disadvantages of CASL, however, it is difficult to implement
and requires extra-hardware.
Pulsed ASL
PASL techniques use short RF pulses (usually 10-15 ms), thus they suffer less
from the MT effect, however, at the cost of lower SNR (typically 30-50% lower
SNR than CASL). One of the most used PASL scheme is the flow-sensitive alternating inversion recovery (FAIR) sequence by (Kim, 1995; Schwarzbauer et al.,
1996). Both label and control images are achieved by inversion recovery scan:
the label image with a slice-selective inversion and the control image with a nonslice-selective inversion. The difference between the two scans is proportional to
the amount of inflowing blood because only in the case of slice-selective inversion “new” uninverted blood can flow into the imaging slab. One of the greatest
advantages of FAIR is, therefore, its easy implementation, although its extension
to multi-slice capability was not trivial due to imperfections in the slice profile
(Kwong et al., 1995; Golay et al., 2004).
PASL schemes are therefore advantageous because of the absence of MT effects, no need of extra-hardware, high labeling efficiency and their (relatively)
easy implementation. However, they offer lower SNR (with respect to CASL
schemes) and they are sensitive to transit time delays and slice profile artifacts.
Pseudo-continuous ASL
PCASL is a technique (Silva and Kim, 1999; Dai et al., 2008) which was developed
to combine the advantages of both continuous and pulsed approaches, namely
the high SNR from CASL and the high labeling efficiency without requirement
of extra hardware from PASL (Wu et al., 2007). Such performances are achieved
by labeling the blood in the feeding arteries via flow-driven adiabatic inversion:
equally spaced selective Hanning shape RF pulses and rapid repeated gradients
result in a continuous labeling with high efficiency. Albeit the labeling duration is
quite long (typically ∼1.8 s), the absence of MT effects is guaranteed because the
same RF pulses scheme is used for both labeling and control images. The latter,
however, is characterized by an alternating sign of the RF pulses and a zero mean
average gradient between each pair of pulses, which cause no net magnetization
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whilst equivalent RF power, spatially equal to the labeling condition. Moreover,
pCASL was demonstrated to outperform CASL and PASL in term of reliability
in repeated measures (Xu et al., 2010; Gevers et al., 2011). Because of all these
advantages, pCASL was chosen by the ASL community as the recommended
ASL acquisition scheme for clinical applications (Alsop et al., 2015).
Nevertheless, it is worth noting that in the context of functional studies it is
still not clear which is the preferable ASL technique (especially between pCASL
and PASL schemes) because of the critical importance of short TR acquisition.
While pCASL sampling rate is limited by the necessity of (relatively) long labeling duration (1.8 s labeling duration is recommended, resulting in a usual TR of
∼4-5 s (Alsop et al., 2015), PASL schemes can offer shorter TRs (up to ∼2 s) and
therefore higher sampling rate. The method of choice, therefore, is determined by
a trade-off between sampling rate and SNR, and its optimization depends on the
specific study. In the fourth chapter of this thesis, we will address this issue comparing different ASL schemes and their performances in the context of functional
studies.

1.1.3

Ultra-high field fMRI

The term ultra-high field MRI commonly refers to field strengths larger than 4T
and, nowadays, in most cases of human MRI studies, it refers to 7T MRI.
Ultra-high field strengths provide the opportunity for higher spatial resolution and specificity of the BOLD signal. The higher SNR, due to the stronger static
magnetic field and thus to the increased susceptibility difference between oxyand deoxy-hemoglobin, allows higher spatial resolution (∼0.7-1.0 mm isotropic)
and, therefore, lower partial volume effects. Thanks to voxels sizes below 1 mm
isotropic, it is now possible to investigate the organization of the cortex in layers
and columns (Yacoub et al., 2008; Polimeni et al., 2010). Moreover, the SNR benefit allows to employ low SNR techniques such as spin echo (SE) sequences, which
were demonstrated having higher spatial specificity to neuronal activity due to
dominant contribution of the signal originating from the micro-vasculature (Yacoub et al., 2003; Uludag et al., 2009).
While ultra-high field fMRI offers the benefits of increased spatial SNR and
BOLD contrast, smaller voxel sizes, reduced partial-volume effects, and increased
sensitivity to microvasculature, it also presents several challenges. With the increase of the magnetic field strength the field inhomogeneities (both B0 and B1 )
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become more severe and their correction more critical. Macroscopic B0 inhomogeneities (i.e., inhomogeneity of the static field) are mainly caused by tissue/air
interfaces (Truong et al., 2006) and result in signal loss and geometrical distortions. Moreover, B1 inhomogeneities result in variable flip angles within the
imaging slab and, therefore, in locally variable SNR and signal contrast. Because
of the increased susceptibility effects, the sensitivity to head motion is also increased. Higher magnetic field strength also means need of higher frequency for
RF pulses and, thus, higher energy deposition in the tissue. The specific absorption rate (SAR) is, therefore, a more stringent constraint in ultra-high field than
in lower field MRI. Finally, the imaged volume being equal, higher spatial resolution translates into larger number of voxels and, therefore, slower performance
in data (pre)processing, more severe multiple comparison problem in univariate
analyses and higher dimensionality in multivariate analyses.
Many efforts have been made in the last years to improve field homogeneity,
correct image artifacts and optimize (pre)processing algorithms and, today, it is
commonly accepted that 7T BOLD fMRI outperforms 3T BOLD fMRI. This is indeed witnessed by the rapid increase of the number of 7T fMRI studies as well as
by the growing number of imaging center acquiring 7T MR scanners.
The special case of ASL at ultra-high field
The benefit of measuring ASL at higher field strength is two-fold: with the increase of the static magnetic field strength 1) the overall SNR increases (SNR ∼
B0 , as true for BOLD techniques as well) and 2) the longitudinal relaxation time
1/3

(T1 ) increases (T1 ∼ B0 ) leading to a slower decay of the labeling. One would,
thus, expect that 7T is the field of choice for ASL research. However, there is not
yet sufficient evidence of 7T ASL outperforming 3T ASL and part of the ASL community is skeptical about ultra-high field ASL (e.g., Teeuwisse et al., 2010). The
reason of such skepticism is that the above-mentioned challenges of ultra-high
field MRI are particularly concerning in the case of ASL techniques. B0 inhomogeneities due to susceptibility effects are present at the level of both the imaging volume and the labeling plane/slab (i.e., the proximal part of the brain or
neck where the labeling pulse is applied). Moreover, RF pulse delivery efficiency
rapidly drops off toward the lower part of the head coil, i.e., again in a critical
region for ASL labeling. For these reasons, the labeling efficiency is importantly
reduced and actual flip angles are reduced by at least 50% with respect to the
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nominal flip angles (Teeuwisse et al., 2010). One possibility to compensate for
low B1 efficiency would be using higher RF pulse amplitude, but this is practically not feasible because some ASL schemes are already close to the upper limit
of SAR. For these reasons, the FAIR scheme seems to be the most promising ASL
sequence at 7T as it is a pulsed scheme with relatively low SAR demand and the
labeling slab is centered on the imaging slab, i.e. at level of the brain (and not of
the neck), where the RF coil has high B+
1 efficiency (Gardener et al., 2009).
In the fourth chapter of this thesis, we will also address this open question
comparing the performances of the FAIR scheme implemented at 7T and at 3T.
Moreover, the comparison will be extended to other PASL and pCASL implementations at 3T.

1.1.4

Multivariate pattern analysis

In the recent years, machine learning and pattern recognition algorithms have
been increasingly employed in neuroimaging studies under the name of multivariate pattern analysis (MVPA), multi-voxel pattern analysis, brain decoding or brain
reading. In contrast to univariate analysis (where the fMRI signal of each voxel
is analyzed independently), MVPA is based on the simultaneous analysis of the
fMRI signal measured from all voxels in the brain (or in pre-selected ROI(s)).
Building such a multi-dimensional space, the algorithm is able to learn a functional relationship between activation patterns and cognitive states or perceptual representations. The use of MVPA instead of univariate analysis represents,
therefore, a switch from activation-based to information-based analysis (Kriegeskorte and Bandettini, 2007). Furthermore, MVPA allows overcoming the idea of a
necessarily spatially localized activation by allowing for detection of spread (nonlocal) activation patterns. Finally, by considering all voxels simultaneously in a
multi-dimensional space, it implicitly solves the multiple comparison problem
typical for standard univariate analysis. Importantly, MVPA was demonstrated
to be able to detect subtle effects even in absence of detectable univariate effects
leading, hence, to the recent great interest of the neuroimaging community in this
technique. However, little is known about the physical and physiological underpinnings of MVPA in fMRI. In the second chapter of this thesis, we tackled this
issue by combining MVPA and high-resolution fMRI at ultra-high field.
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F IGURE 1.5: Scheme of the main steps in a generic pattern recognition algorithm
as used in fMRI analysis. From Formisano et al. (2008b).

Figure 1.5 schematically illustrates the steps generally performed in machine
learning algorithms applied to fMRI data. In the following paragraphs, each of
these steps will be briefly described.
Preprocessing of functional data for MVPA
FMRI experiments usually consist of several functional runs acquired while participants are performing a certain task. Within the same experiment session one
high-resolution anatomical image is also acquired. Standard preprocessing includes slice time correction, motion correction of the functional runs and coregistration between functional and anatomical images. Transformation to a standardized space (e.g., MNI space) is usually avoided unless decoding is performed
across subjects, but this latter case is not considered here. High-pass temporal filtering is applied in order to increase SNR and remove slow “scanner drifts” from
the fMRI signal. Spatial smoothing might or might not be applied (in Chapter 2
of this thesis we will investigate this choice).
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Feature selection
In machine learning, feature selection means to select those features in the data that
are most relevant for the predictive model one wishes the algorithm to learn. In
the particular case of fMRI MVPA, the features to consider are the voxels. One
straightforward approach would be considering all the brain voxels. However,
this choice is usually suboptimal because it results in an extremely high dimensional space (the number of voxels in a brain is on the order of hundred thousand
voxels or more), and including voxels which are not informative for the predictive model under question is known to degrade MVPA performance. Moreover,
restricting the large number of features is particularly important in fMRI MVPA
because the number of observations (examples) is usually very limited (in the order of tens of observations), a problem called curse of dimensionality (i.e., number
of observations  number of features). If a priori knowledge is available, it is
possible to select features on the basis of ROIs. Otherwise, both univariate and
multivariate selection approaches have been proposed. Univariate approaches
consist in selecting voxels that show stimulus related BOLD responses or univariate contrast effects (e.g., as assessed by t-statistics). These selection methods offer
the advantage of simplifying the interpretation of the MVPA results. However,
they do not consider the multivariate nature of the model that the algorithm is
trying to learn and may, thus, result in suboptimal feature selection. Multivariate
approaches were, therefore, introduced to take into account the multivariate nature of the problem already during the voxel selection step. One potential drawback of such approaches is that they are highly time consuming and suffer from
high computational complexity (for more details about multivariate approaches,
see Guyon and Elisseeff, 2003; Formisano et al., 2008b, and references therein).
Feature extraction
In machine learning, the feature extraction step consists in transforming the input
data (which could be also text or images) of each feature in a numerical value,
which can be handled by the algorithm. In fMRI MVPA, the feature extraction
step consists in summarizing each trial of each voxel with a single numerical
value. A common procedure is to perform a GLM with a predictor for each class
of stimuli and for each trial and extract the resulting β- or t-values as features
for the classifier. Alternatively, the mean or the maximum amplitude of the HRF
response of each trial have been used as features. The choice of the summarizing
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variable depends strongly on the design of the experiment (e.g., mean amplitude
of the HRF response is more suitable for block designs than for event related
designs), but it remains arbitrary and there is not yet definitive consensus on the
optimal choice.
Training
Once the feature selection and extraction are performed, the resulting feature set
is used as input data for training the machine learning algorithm. In case of supervised learning, each training example is completed by a label defining its class
(cognitive state). The algorithm can therefore learn the relationship between feature patterns and cognitive states of interest. The output of this learning process
is a weight value for each feature such that the weight of highly informative voxels is maximized and that of irrelevant ones is minimized. The weight vector
obtained allows to divide the multidimensional space by means of hyperplanes,
which best differentiate the classes of interest.
Testing and score
In order to evaluate whether the machine learning algorithm has correctly learned
to classify the different classes (cognitive states), it is necessary to test the predictive model with a new (unseen) dataset of examples. The test dataset undergoes
the same preprocessing, feature selection and extraction performed on the training dataset. Finally, the learned model is applied to the new examples and the
predicted labels are compared with the true (unseen by the algorithm) labels.
The accuracy of these predictions (i.e., the percentage of correct label prediction)
is generally used as the performance measure of the machine learning algorithm.
Note that, in order to be a valid test, the dataset used for testing must be completely independent from the training dataset. In most cases, the test dataset is
represented by a functional run acquired during the same session and not used
in the training of the algorithm, or by an ensemble of single trials left out from
the runs used for the training. While in the first case there might only be a suspicion of optimistic bias, in the latter case the assumption of independence does
not hold. Therefore, it is important to test the significance of the results through
an unbiased statistical test: the permutation test. The permutation test is a nonparametric statistical test, which provides an unbiased estimate of the chance
level without requiring independence of the training and testing dataset. Under
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the null hypothesis, there is no class information in the data. Thus, the labels can
be randomly permuted without altering the expected accuracy. The test consists
in randomly permuting the labels of the training and/or testing dataset many
times and using such permuted labels to train and test the classifier. Repeating
this operation many times yields an unbiased estimate of the null distribution.
The p-value of the “true” decoding corresponds to the fraction of occurrences for
which the accuracy with the permuted labels is higher than the original one. The
permutation test offers, therefore, the important advantage of providing an unbiased estimate of the chance level, but at the expense of long computation times.
In this section FMRI: state-of-the-art, we have illustrated the methodological
framework of the studies included in the present thesis. Neuroimaging and analysis methods here described were applied to investigate the human auditory
cortex. The following section will briefly introduce the current neuroscientific
knowledge on sound processing and auditory cortex.

1.2

Auditory cortex: state-of-the-art

In everyday life, we are able to discriminate different sounds by effortlessly processing their acoustic properties. One main property of sounds is frequency and
previous studies have shown that the processing of frequencies happens all along
the auditory system from the cochlea till the auditory cortex (AC; see Figure 1.6).
The first processing step starts already in the ears where sounds, i.e. a pressure
wave travelling through the air, are transformed into vibrations and, finally, into
electrical impulses by the cochlea. This spiral-shaped organ is composed by several components. Among these, the basilar membrane (BM) has an important role
in sound processing. BM progressively varies in thickness and stiffness along the
cochlea and, therefore, resonates at different location depending on the frequency
of the incoming sound. In this way, the cochlea spatially segregates the frequency
components of incoming sounds: high frequencies are represented near its base
and low frequencies near its apex. This spatially ordered representation of frequencies is called tonotopy (from Greek tono = frequency and topos = place) and is
a functional organization which is preserved at later stages of the auditory pathways till the auditory cortex.
In addition to such frequency analysis, more complex analyses of the sounds
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F IGURE 1.6: Cochlea and auditory pathway. Sounds reach the inner ear as air
pressure waves and are transformed into mechanical vibration and finally in
neural impulses by the cochlea. The neural signal travels through the vestibulocochlear nerve to the cochlear nuclei, the superior olivary complex, the inferior colliculus in the midbrain, the medial geniculate nucleus, and finally the
auditory cortex. The resulting sound information is therefore the result of the
processing at each stage of the auditory pathway. From Tortora and Derrickson
(2008).

are performed at the cortex level. It is indeed commonly accepted that complex sounds are processed in a hierarchical way from low- to high-level features, but there is no consensus yet on the specific acoustic features used and
the location of each processing stage. In analogy with the visual system, an
auditory “what/where model” has been proposed, in which the “what” corresponds to processes in a temporal pathway (antero-ventral stream) and the
“where” to those in a parietal pathway (postero-dorsal stream) (Rauschecker,
1998; Romanski et al., 1999; Rauschecker and Tian, 2000). Other studies suggested
that the “where” pathway may be responsible for spectral motion (Belin and Zatorre, 2000) and action related (Warren et al., 2005) processing, therefore the terms
“how” and “do” stream were proposed instead.
In this thesis, we will focus on low-level sound processing, namely tonotopy
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(in Chapter 3), and high-level sound processing, namely speech and voice (in
Chapter 2), both at the level of the auditory cortex. Thus, the following two paragraphs will briefly describe these two topics.

1.2.1

Tonotopy in auditory cortex

Imaging studies have investigated the representation of frequencies in AC and
have consistently found a map of preferred frequencies both in animals (Merzenich and Brugge, 1973; Merzenich et al., 1975; Reale and Imig, 1980) and in humans
(Formisano et al., 2003; Humphries et al., 2010; Da Costa et al., 2011; Moerel et al.,
2012). The fundamental characteristic of the tonotopic map in human auditory
cortex is generally described as two main gradients going from high-to-low and
from low-to-high preferred frequency. This reversal gradient is located on Heschl’s gyrus (HG) and its surrounding areas in planum temporale (PT) and planum
polare (PP). However, there is not yet consensus on the extension and the orientation of the gradients with respect to their correspondence with the core and belt
areas of AC (see Figure 1.7, Panel B and C). One interpretation, called classical, locates the auditory core along HG in agreement with cytoarchitectonic evidences
(1.5T: Seifritz et al. (2006); 3T: Schonwiesner et al. (2002); 7T: Formisano et al.
(2003)). Another interpretation, called orthogonal, locates the core across HG including also the neighboring areas in PP and PT and bases its foundations in
across-species consistency as the long axis of monkey auditory core runs parallel
to the superior temporal gyrus (STG) (1.5 T: Talavage et al. (2004); Woods et al.
(2010); 3 T: Humphries et al. (2010); Striem-Amit et al. (2011); Langers and van
Dijk (2012); 7 T: Da Costa et al. (2011)).
Exploring auditory cortex outside its primary core, several other tonotopic
gradients are generally observed (see Figure 1.7, Panel D), although they are
rarely interpreted because highly variable across subjects. Nevertheless, they
might provide useful information for functional parcellation of the auditory cortex and additional studies are needed to better understand their topological and
functional properties (Moerel et al., 2014).
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F IGURE 1.7: Tonotopy in human auditory cortex. Panel A shows the anatomical location and components of the auditory cortex on an inflated representation
of the left hemisphere: first transverse sulcus (FTS), Heschl’s gyrus and sulcus
(HG, HS), planum temporale (PT), planum polare (PP), superior temporal gyrus
and sulcus (STG, STS). Panel B and C illustrate the classical and orthogonal interpretation of tonotopic maps with primary auditory cortex running along or
orthogonal HG, respectively. Panel D depicts additional tonotopic gradients that
may be found in AC. From Moerel et al. (2014).

1.2.2

Speech and voice processing

Proceeding along the temporal pathway, studies have shown an increasing complexity of preferred stimuli and, therefore, a hierarchical processing from lowlevel characteristics (e.g., loudness, pitch, . . . ) to more abstract categories (e.g.,
animal cries, tool noises, . . . ). Speech is a particular case of the abstract categories
and its investigation is ecologically of particular relevance. FMRI studies have
reliably found that, in certain temporal areas, the BOLD response to vocal human sounds is larger than for other sound categories. These areas consist in three
clusters located in STG and STS posterior to HS, lateral portion of HG/HS, and
(mainly in the right hemisphere) anteriorly along STG/STS. There are different
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interpretations of this finding. One possible interpretation is that these regions
are highly functionally specialized and selective for human voices. Hence, they
have been termed voice areas (Belin et al., 2000). An alternative interpretation is
that human voices are particular rich in specific low-level acoustic features that
happen to be processed in that specific area of the cortex. Supporting this interpretation is the finding that auditory cortex was comparably activated (i.e.,
no significant univariate contrast was found) in a study where human and nonhuman sounds (female voice, cat and guitar) were finely matched in terms of
acoustical and physical properties (duration, root mean square power, temporal profile, . . . ) (Staeren et al., 2009). Interestingly, information about the sound
categories, as assessed through multivariate analysis (please see the section 1.1.4
Multivariate pattern analysis for details about this type of statistical analysis), was
present and spread over the entire auditory cortex, including early areas commonly attributed to low-level processing. These findings strengthened those by
(Formisano et al., 2008a) who showed the involvement of early auditory regions,
in addition to commonly called high-level regions, in the abstract representation of speech content (vowels) and speaker identity. Importantly, these studies
demonstrated the presence of relevant decoding information despite the absence
of an univariate effect.
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1.3

Outline of the thesis

In Chapter 2, multivariate pattern analysis was combined with ultra-high field
fMRI and reconstruction of the data at different spatial resolutions in order to
investigate the effect of spatial resolution and smoothing on decoding of speech
content and speaker identity from the auditory cortex. It was shown that the
high spatial frequencies are informative for vowel decoding, while the informative pattern for speaker identity resides at lower spatial frequencies. These findings suggest that the optimal spatial resolution of acquisition and preprocessing
scheme for MVPA depend on the decoding task and brain area investigated.
In Chapter 3, the tonotopic organization of the human auditory cortex was
investigated using arterial spin labeling fMRI. The feasibility of CBF-based tonotopy was demonstrated for the first time and its good agreement with BOLDbased tonotopy represents a reciprocal validation. In addition, primary auditory
cortex was shown to be characterized by higher baseline perfusion with respect to
the rest of the cortex. We, therefore, proposed baseline perfusion as an additional
biomarker for primary auditory cortex and its parcellation.
In Chapter 4, different ASL MRI approaches implemented at different spatial
resolutions and different field strengths (3T and 7T) were compared for baseline
perfusion mapping and functional purposes. In the case of low resolution and no
use of parallel imaging, 3T ASL implementations yielded the highest SNR and are
therefore recommended over 7T PASL. In contrast, in the case of high resolution
and/or use of parallel imaging, 7T PASL is preferable over 3T ASL.
In Chapter 5, the findings of the empirical chapters of this thesis were summarized and discussed. On the basis of the outcomes and limitations of our studies,
we speculate about future directions of investigation and possible methods allowing such explorations.
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2.1

Abstract

Multivariate pattern analysis (MVPA) in fMRI has been used to extract information from distributed cortical activation patterns, which may go undetected in
conventional univariate analysis. However, little is known about the physical
and physiological underpinnings of MVPA in fMRI as well as about the effect
of spatial smoothing on its performance. Several studies have addressed these
issues, but their investigation was limited to the visual cortex at 3T with conflicting results. Here, we used ultra-high field (7T) fMRI to investigate the effect
of spatial resolution and smoothing on decoding of speech content (vowels) and
speaker identity from auditory cortical responses. To that end, we acquired highresolution (1.1 mm isotropic) fMRI data and additionally reconstructed them at
2.2 and 3.3 mm in-plane spatial resolutions from the original k-space data. Furthermore, the data at each resolution were spatially smoothed with different 3D
Gaussian kernel sizes (i.e., no smoothing or 1.1, 2.2, 3.3, 4.4, or 8.8 mm kernels).
For all spatial resolutions and smoothing kernels, we demonstrate the feasibility of decoding speech content (vowel) and speaker identity at 7T using Support
Vector Machine (SVM) MVPA. In addition, we found that high spatial frequencies are informative for vowel decoding and that the relative contribution of high
and low spatial frequencies is different across the two decoding tasks. Moderate
smoothing (up to 2.2 mm) improved the accuracies for both decoding of vowels
and speakers, possibly due to reduction of noise (e.g., residual motion artifacts
or instrument noise) whilst still preserving information at high spatial frequency.
In summary, our results show that - even with the same stimuli and within the
same brain areas - the optimal spatial resolution for MVPA in fMRI depends on
the specific decoding task of interest.
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2.2

Introduction

Functional magnetic resonance imaging (fMRI) is currently the most popular
non-invasive method to investigate human brain structure and function. It indirectly measures neural activity primarily via the blood oxygenation level-dependent (BOLD) effect. Standard univariate statistical analysis (i.e., general linear model (GLM) analysis) of the task-based fMRI data has been utilized to detect voxel-wise differences of BOLD activation levels and, thus, to infer which
brain areas are involved in a certain task. In recent years, multivariate pattern
analysis (MVPA) has been used in fMRI to extract information from spatially distributed activation patterns, which may go undetected in conventional univariate analysis. Reliable decoding of information from fMRI data acquired at 3T has
been demonstrated from activation patterns in different brain areas (Haxby et al.,
2001; Cox and Savoy, 2003; Haynes and Rees, 2005; Kamitani and Tong, 2005;
Kriegeskorte and Bandettini, 2007; Formisano et al., 2008). Different biophysical hypotheses have been proposed to explain the ability of MVPA on fMRI data
to detect information inaccessible with GLM. It has been suggested that MVPA
is sensitive to information encoded at the sub-millimeter scale of neuronal functional columns. Such information, even if sampled at the lower resolution of
standard fMRI voxel sizes (e.g., 3x3x3 mm3 ), may be accessible by MVPA due
to local variations and irregularities in the columnar organization, resulting in
weak but consistent biases in fMRI responses of the different voxels (Boynton,
2005; Kamitani and Tong, 2005; Haynes and Rees, 2006; Kamitani and Tong, 2006;
Kriegeskorte and Bandettini, 2007); this mechanism is, therefore, named hyperacuity or voxel biased sampling. Alternatively, the transposition from high spatial frequency components of columns preferences to lower spatial frequency of
the fMRI signal may be attributed to the cortical vasculature. This hypothesis is
based on the fact that, using the standard gradient echo (GE) MRI sequences, the
fMRI signal stems mostly from veins draining blood from a given tissue volume
(see Uludag et al., 2009). Thus, a specific vein could be more sensitive to one
neuronal population than another introducing a spatial bias. Hence, this hypothesis is known as biased draining regions (Kamitani and Tong, 2005; Gardner et al.,
2006; Kamitani and Tong, 2006; Kriegeskorte and Bandettini, 2007; Gardner, 2010;
Kamitani and Sawahata, 2010; Kriegeskorte et al., 2010; Shmuel et al., 2010).
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According to another hypothesis, MVPA may rely on large spatial scale noncolumnar organization (Op de Beeck, 2010), such as radial preference maps (Freeman et al., 2011). Since MVPA represents a computational scheme to non-locally
average the fMRI signal, in this framework, MVPA would be able to detect low
spatial frequency information too weak to be detected with univariate analysis.
Note that these hypotheses are not mutually exclusive (see Shmuel et al.,
2010; Swisher et al., 2010). Nevertheless, they do predict testable effects of spatial smoothing on decoding performance. Op de Beeck has shown that spatial smoothing does not deteriorate decoding performance of objects and orientations from activation patterns in lateral occipital cortex and V1, respectively
(Op de Beeck, 2010). He interpreted these results as an argument against hyperacuity and in favor of large-scale organization. Further support for this hypothesis comes from the finding that it is possible to decode across experimental
sessions performed in different days (Freeman et al., 2011). In contrast, several
studies (Swisher et al., 2010; Alink et al., 2013; Misaki et al., 2013) demonstrated
that spatial smoothing decreases decoding accuracies for orientation and ocular
dominance from V1 data, suggesting relevant information content at the individual voxel level. The few investigations so far on the underlying mechanisms
of MVPA on fMRI data and the effect of spatial smoothing have been limited to
the early visual cortex. In addition, they have been restricted to a small set of
stimuli and decoding tasks (e.g., decoding of orientation, ocular dominance and
direction of motion) and have yielded conflicting evidence.
The main goal of the current study is to investigate how information at different spatial resolutions contributes to MVPA decoding. We employed ultra-high
field (7T) fMRI to acquire high-resolution data (1.1 mm isotropic), which were
then reconstructed at different effective spatial resolutions from original k-space
data to evaluate the effects of spatial resolution on MVPA decoding performance.
Based on an experimental paradigm and on stimuli that were used in a previous
fMRI study at 3 T (Formisano et al., 2008), we presented speech stimuli (vowels) from different speakers and considered the single-trial decoding of vowels
and speakers from auditory cortical response patterns. Compared to conventional 3T fMRI, 7T fMRI presents several advantages, such as higher signal-tonoise ratio (SNR) and contrast-to-noise ratio (CNR), and therefore the possibility
of higher spatial resolution with lower partial volume effects and greater spatial
specificity (Yacoub et al., 2005; Uludag et al., 2009; Polimeni et al., 2010). On the
other hand, it presents challenges such as larger distortions, sensitivity to motion,
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and larger number of voxels to be handled by the decoding algorithm (Formisano
and Kriegeskorte, 2012). Therefore, we also investigated the effects of temporal
SNR, CNR, head motion, and of typical noise-reduction steps (spatial smoothing)
on MVPA performances.

2.3

Material and methods

2.3.1

Subjects

Ten healthy volunteers (seven females, age range 25–32) with normal hearing
took part in this experiment. Informed consent was obtained from all participants
according to the approval by the Ethical Committee of the Faculty of Psychology
and Neuroscience, University of Maastricht.

2.3.2

Stimuli and task

We used the same auditory stimuli as in the study by Formisano et al. (2008) consisting of three vowels (/a/, /i/, /u/) spoken by three different speakers (sp1: female, sp2: male, sp3: male). For each of these 9 conditions, three different tokens
were included in order to introduce acoustic variability. All stimuli were equated
in length to 230 ms and in sound intensity by matching their root mean square
amplitude. For more details about the stimulus properties, please see (Formisano
et al., 2008). Prior to the functional experiment, participants were familiarized
with the stimuli and were able to recognize the corresponding vowels and speakers. During the fMRI experiment, subjects were instructed to attentively listen to
the stimuli while fixating a white cross in the center of the screen. The stimuli
were presented in the silent gap between two subsequent image acquisitions (see
below).
In order to ensure the engagement of the participants in both listening and fixating tasks, the participants performed a one back-task on the speaker dimension
irrespectively of the spoken vowel: 10% of the total number of trials were catchtrials (signaled to the participants by the fixation cross turning red for 100 ms),
in which the subjects were asked to report whether the speaker of the last heard
sound was the same as the previous one. Subjects performed the task by pressing
a button with either the index (“Yes”-answer) or the middle (“No”-answer) finger
of the right hand. Catch-trials were excluded from all subsequent analyses.
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The sounds were played according to a slow-event related design with a variable interstimulus interval (ISI) of 6 to 8 TRs (TR = 2500 ms, average ISI 17.5 s).
At the beginning of the fMRI session, the volume of the stimuli was adjusted to a
comfortable intensity level. The stimuli were presented in the 500 ms silent gap
via MR-compatible earphones (Sensimetrics S14, Malden, MA, USA). After the
experiment, all subjects reported a clear hearing of the stimuli. Every run consisted of 5 trials for each of the 9 stimulus conditions and 5 catch-trials, resulting
in a total of 50 trials and a run duration of approximately 15 min. The order of
stimulus presentation was randomized within and across runs. Four functional
runs were acquired, leading to a total of 200 trials in the whole experiment.

2.3.3

Data acquisition

Functional and anatomical images were acquired with a 7T Siemens Magnetom
scanner using a 32-channel Nova Medical head coil. Four high-resolution (1.1
mm isotropic voxel size) functional runs were acquired using a gradient-echo
(GE) EPI sequence (Moeller et al., 2010) with the following parameters: TR 2500
ms, TE 22 ms, Partial Fourier 5/8, GRAPPA 2, delay in TR 500 ms, multi-band
acceleration factor 2 with blipped-CAIPIRINHA (1/FOV shift 4; Setsompop et al.,
2012). The sequence was optimized to maximize tSNR in the auditory cortex.
In two separate pilot runs of 140 volumes (∼6min, resting-state), we acquired
the sequence with these parameters and additionally a variant with GRAPPA 3,
Partial Fourier 6/8 and TE 24.4 ms. The latter showed less distortions and signal
dropout only in the anterior and posterior parts of the brain albeit with a lower
tSNR in the auditory cortex (23.27 versus 34.02, respectively).
In addition to the magnitude images, phase images were collected in order to
allow image reconstruction with lower voxel resolution (see below for details).
48 slices were acquired centered approximately on the superior temporal gyrus,
covering the auditory cortex. One high-resolution (0.7 mm isotropic voxel size)
anatomical image covering the whole brain was collected using MP2RAGE sequence (Marques et al., 2010).
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2.3.4

Data analysis: preprocessing and univariate analysis

Functional and anatomical data were preprocessed and analyzed in BrainVoyager QX 2.8.2 (Brain Innovation). The four functional runs were 3D motion corrected and coregistered to the first volume of the first run through rigid-body
transformation (3 translational and 3 rotational parameters). Neither nonlinear
transformation nor distortion correction algorithm were applied to avoid interpolation confounds in our comparison across resolutions. We visually inspected
every coregistered run and no large motion was observed. Linear and low frequency non-linear drifts up to 7 cycles per time course were removed via temporal high-pass filtering. This cut-off frequency, corresponding to a cut-off period
of ∼128 s, was adequate to the stimulus design and analyses here employed (as
estimated through spectral analysis of the class stimulus design). For each subject, the anatomical image was segmented at the gray-white matter boundary via
an automatic procedure. The obtained segmentation was visually inspected and
manually corrected where necessary. Then, the anatomy was realigned in the
subject-specific native space of the functional data in order to avoid any additional resampling and/or interpolation of the functional data. Finally, the segmented anatomical image was inflated to create an individual cortex mesh for
each subject. The obtained inflated cortices were used for mask creation and displaying purposes.
Standard univariate statistical analysis of the fMRI data was performed for
each subject using general linear modelling of the time series. Voxels with a
mean EPI value lower than 100 a.u. were excluded in order to prevent inclusion of cerebrospinal fluid (CSF) voxels in the ROI. The design matrix consisted
of a predictor for each vowel and speaker combination convolved with a canonical (double gamma) hemodynamic response function (HRF) in order to account
for the hemodynamic response delay. Contrast analysis was performed for each
binary comparison of vowels and speakers.

2.3.5

Data analysis: multivariate analysis

Multivariate analysis was performed on a single-subject basis in anatomically
defined masks including the superior temporal gyrus (STG), Heschl’s gyrus (HG)
and superior temporal sulcus (STS). The masks were delineated on the inflated
cortex mesh in the native space of each subject.
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A linear Support Vector Machine (SVM) (see below) was trained to decode
either the vowels (/a/ vs /i/, /a/ vs /u/, /i/ vs /u/) or the speakers (/sp1/ vs
/sp2/, /sp1/ vs /sp3/, /sp2/ vs /sp3/). In case of vowel decoding, the trials
were grouped according to the vowel irrespectively of the speaker dimension
(e.g., the class /a/ contained all the trials corresponding to /sp1_a/, /sp2_a/,
and /sp3_a/). In case of speaker decoding, trials were grouped according to the
speaker irrespectively of the vowel dimension (e.g., the class /sp1/ contained
all the trials corresponding to /sp1_a/, /sp1_i/, and /sp1_u/). Three classes
of 60 trials were obtained in both cases. For each comparison, the classification
was performed in leave-one-run-out cross-validation. At each fold of the crossvalidation 3 runs were used for feature selection, feature extraction and training
of the classifier and 1 run to test the performance. The details of each of these
stages are explained in the following paragraphs.
Feature selection
For the purpose of algorithm efficiency and interpretability of the results, we further restricted the selection of voxels entering the classification by univariately
choosing the n most active voxels per class. As MVPA classification accuracy
may depend on number of selected voxels (Cox and Savoy, 2003), we let n vary
between 50 and 10000 voxels in discrete steps (n = [50, 100, 200, 300, 400, 500, 600,
700, 800, 900, 1000, 1500, 2000, 3000, 4000, 5000, 6000, 8000, 10000]) for a total of 19
levels of feature selection. The n most active voxels per class were defined as the n
voxels with highest t-values resulting from the GLM of the training set. Note that
the training set of a specific binary comparison and a specific cross-validation fold
contained the trials corresponding to the two classes of that comparison and the 3
training runs of that fold. Considering for example the binary comparison /sp1/
vs /sp2/ and the 1st cross-validation fold (in which run #1 is used for testing), all
the trials corresponding to the stimuli /sp1_a/, /sp1_i/ and /sp1_u/ from the
run #2, #3 and #4 were included in the predictor of /sp1/ and all the trials corresponding to the stimuli /sp2_a/, /sp2_i/ and /sp2_u/ from the run #2, #3 and
#4 were included in the predictor of /sp2/. Once the GLM was performed, we
selected the voxels having the n highest t-value for the predictor /sp1/ and those
having the n highest t-value for the predictor /sp2/. The union of these two
ensemble of voxels, which was ranging between n and 2 ∗ n depending on the
amount of overlap between the two ensembles, represented the voxels selected
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for that specific level of feature selection n and was passed to the feature extraction
stage.
Feature extraction
The preprocessed time courses of the selected voxels were divided into singletrials according to the time of presentation of each stimulus. Each trial was normalized to the averaged value of the signal at 2500 ms (1 TR) and 0 ms before the
stimulus onset to avoid biases due to global changes in the baseline signal across
runs or signal drifts within and across runs. The obtained percent BOLD signal
change was fitted with an optimized model of hemodynamic response function
resulting in a β-value for each trial and each voxels which was then used as a
feature in the classifier.
The HRF model used here was optimized to take into account potential differences in the temporal delay of the BOLD response. The optimal delay for each
voxel was calculated by averaging the hemodynamic response across all trials
and fitting it with a canonical HRF model whose time-to-peak parameter was
varied between 4.0 s and 6.0 s in step of 0.5 s: the time-to-peak giving the best fit
(as estimated by F -statistics of the regression) was chosen as optimal HRF delay
of that voxel.
Classification
We used the linear SVM implemented in the Spider toolbox (http://people.
kyb.tuebingen.mpg.de/spider/) as supervised classification algorithm with
a fixed regularization parameter (C = 1; see Cortes and Vapnik, 1995, for details
of the algorithm). Training and testing of the algorithm were performed in leaveone-run-out cross-validation: 3 runs (i.e., 45 trials per class) were used to train the
classifier and 1 run (i.e., 15 trials per class) to test the performance. Voxel selection, feature extraction, training and testing were repeated 4 times for all possible
training and testing run combinations. The decoding performance (generalization score) was assessed by averaging the classification accuracies across the 4
folds of the cross-validation.
Finally, the entire classification procedure (including voxel selection, feature
extraction, training and testing of the classification in cross-validation) was repeated for each of the nineteen levels of feature selection.
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Statistical testing
The statistical significance of the decoding accuracies was assessed at group level
using non-parametric statistics. For each subject, we estimated the mean accuracy under the null hypothesis by performing a permutation test with 200 permutations. Note that this limited number of permutations does not allow reliable
testing for significance at the single-subject level; however, it provides a stable estimate of the mean of the null distribution, which is then used in the second level
analysis. For each permutation, the labels of the training dataset were scrambled using the randperm function of MATLAB (MathWorks, Natick, MA, USA)
and the classification procedure repeated at the different feature selection levels.
Using the same labels at different feature selection levels allows correctly taking
into account the correlations of decoding performance among different levels of
feature selection.
In the second level analyses, the accuracy curve (i.e., the set of accuracy values at all nineteen levels of feature selection) was considered in a permutation
test. In each permutation, we randomly swapped the accuracy curve of one (or
more) subject(s) between the tested model and its null distribution mean and
we counted the number of occurrences where the distance between the newly
obtained group average curves was larger than the original one. The test was
performed with an exact number of permutations nr_perm = 2N = 1024 (with
N standing for number of subjects), which allowed to assess a minimum p-value
of 2−10 . For details of the permutation test at group level, please, see the Supplementary material 2.7.

2.3.6

Effect of spatial smoothing

In order to assess the effect of spatial smoothing of fMRI data on the decoding
performance, we spatially smoothed the data with a three-dimensional Gaussian
kernel of full-width-half-maximum (FWHM) of 1.1 mm, 2.2 mm, 3.3 mm, 4.4 mm
and 8.8 mm. We performed the multivariate analysis on the unsmoothed data
and after smoothing with each kernel size.

2.3.7

Reconstruction of data at lower effective spatial resolution

The raw data of the EPI images are acquired in the k-space where each k-value
represents a sinusoidal spatial frequency. The inverse discrete Fourier transform
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F IGURE 2.1: Pipeline of the reconstruction of the fMRI data at different spatial
resolutions (see text for details).

(DFT) of the k-space data yields a complex image with both real and imagery
components. These complex components are generally converted into a magnitude and phase image. Typical fMRI studies analyze only the magnitude image,
while the phase image is usually discarded (but see Balla et al., 2014, and references therein). The original k-space data can be recovered by applying DFT on
the combined information of the magnitude and phase data. The spatial resolution in the image space corresponds to the field-of-view (FOV) in the k-space and
vice versa.
In order to determine the influence of spatial resolution on the decoding performance, we reconstructed the data at different lower effective resolutions, as
follows (see Figure 2.1): First, for each slice, we used both the magnitude and
phase images collected at the original high resolution (1.1 mm isotropic) to reconstruct the complex k-space via 2-dimensional fast-Fourier transform (FFT).
Second, we retained a central submatrix of the k-space and we substituted the
rest of the k-values with zero. In this way, we effectively removed the high spatial frequency information while leaving the low spatial frequency information
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unaffected. Finally, we applied the inverse 2D FFT to obtain an image with the
same nominal resolution albeit with high spatial frequency information removed,
i.e., lower effective resolution.
The original matrix size was 182x182 and the reconstructed ones had non-zero
k-space information in the central 91x91 and 61x61 submatrices leading to an effective in-plane resolution of 2.2x2.2 mm2 and 3.3x3.3 mm2 , respectively. This approach mimics the acquisition of fMRI data at different in-plane resolutions since
the downsampling of the data is performed in the complex k-space. However,
zeroing the external part of the k-space matrix, instead of cropping it, allowed us
to preserve the same matrix size and, therefore, the same number of voxels in all
analyses.
Note that the downsampling approach here presented is different from smoothing techniques in the image space (such as Gaussian smoothing), although both
are filtering techniques. Gaussian smoothing is an invertible operation, which
attenuates high spatial frequency components, but it does not eliminate them entirely (Kamitani and Sawahata, 2010; Swisher et al., 2010). Our downsampling
methodology is a non-invertible operation, which directly manipulates the information in the spatial frequency space by complete cut-off of the high frequency
components. As a control analysis, the effect of resolution was tested also using
downsampling of the complex data through cropping (see supplementary material for details and results). Importantly, not only the smoothing kernel is different for both approaches but also the data on which these operations are applied
(magnitude vs. magnitude and phase data). Fourier transforming the magnitude data would not yield the complex k-space sampled during fMRI acquisition
and would, therefore, not allow mimicking acquisition at lower (effective) spatial
resolutions via zeroing/cropping its external part.
We preprocessed (motion correction, high-pass filtering and spatial smoothing) and analyzed the datasets at lower effective resolutions following the same
procedures as described above for the original data. The effects of resolution
and smoothing on decoding accuracies were tested via a two-way repeated measures analysis of variance using R (package ez, http://CRAN.R-project.
org/package=ez).
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2.3.8

Influence of tSNR, CNR and head motion on MVPA

Standard machine learning techniques rely on estimating features from a training set in order to predict labels in an unseen testing set. In fMRI MVPA, this
translates in the assumption that the experimental stimuli drive the same pattern
of activation through the entire duration of the experiment from which training
and testing dataset are extracted. However, stimulus related signal is modulated
by instrumental noise and subject-related noise, such as physiological fluctuations and motion artifacts. In order to assess the influence of these factors on
MVPA performances, we investigated the relationship between decoding accuracies and a) temporal signal-to-noise ratio (tSNR), a measure of both instrumental
and physiological noise; b) functional contrast-to-noise ratio (CNR), a measure of
the strength of the activation signal with respect to noise and c) head motion.
TSNR of the fMRI signal in the auditory cortex was calculated as the ratio
between the mean fMRI signal and its temporal standard deviation and averaged across all voxels in the mask. CNR was calculated as the ratio between the
standard deviation of the fMRI signal response and the standard deviation of the
baseline (Welvaert and Rosseel, 2013). CNR was calculated only on the active
voxels as defined in the feature selection step of the decoding procedure. Head
motion was quantified on the basis of the rotation and translation parameters obtained from the motion correction algorithm: each motion parameter was linearly
detrended; then, its standard deviation was calculated; finally, the average of the
standard deviations of all parameters was taken as motion index.

2.3.9

Voxel-wise tissue type ranking

To characterize the physiological origin of multivariate information in fMRI, voxels were ranked according to their likelihood of containing gray matter (i.e., microvasculature) or large blood vessels (i.e., macro-vasculature). Such likelihood was
calculated following the method introduced by Shmuel et al. (2010). First, voxels were ranked separately according to two different quantities: their EPI value
and their BOLD percent signal change. Both lower EPI values (with no apparent
field distortions and susceptibility artifacts in the ROI) and higher BOLD percent
changes indicate large veins (see Uludag et al., 2009). Then, a global rank was
built by averaging the “BOLD percent change rank” and the inverse of the “EPI
value rank”. Voxels were, thus, sorted according to their most likely tissue type:
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F IGURE 2.2: BOLD activation in response to speech sounds as resulting from
GLM analysis of unsmoothed data (single-subject, statistical parametric F-map,
Q[FDR] <0.05 and cluster size threshold of 4 voxels). Top row, transversal (TRA)
and coronal (COR) view; bottom row, projection of the F-map on the inflated
cortex (light and dark gray represents gyri and sulci, respectively).

from gray matter (low global rank) to large vessels (high global rank) regions. For
the rest of the paper, we will call this global rank blood vessels (BV) likelihood.

2.4
2.4.1

Results
Univariate analysis

Univariate analysis showed significant BOLD signal activation (Q[FDR] <0.05
and cluster size threshold of 4 voxels; FDR stands for false discovery rate) in
the auditory cortex in response to the stimulus sounds (Figure 2.2), similar to
(Formisano et al., 2008). Outside the temporal lobe, significant activation was observed in the frontal (Broca’s area) and parietal lobe. Pair-wise contrast analysis
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F IGURE 2.3: Examples of mean BOLD response for different areas of the auditory cortex: left Heschl’s gyrus (green ROI) and superior temporal sulcus (violet
ROI). Curves of different colors represent the mean BOLD response activated by
the 9 different stimuli.

between speakers and/or vowels did not show significant effects for any comparison (data not shown).
Locally averaged BOLD responses to the sound stimuli exhibit large variability in the shape and latency of the hemodynamic response in different areas of
the auditory cortex. In general, the fMRI responses from the Heschl’s gyrus and
proximities have narrower response width than the responses from the auditory
belt areas (see Figure 2.3).

2.4.2

Vowel and speaker decoding from the original data

Multivariate analysis was performed on the original fMRI data (1.1 mm isotropic
spatial resolution) after preprocessing with 2.2 mm Gaussian smoothing. In the
Section 2.4.3 Effects of spatial resolution and smoothing on decoding, we will motivate
this choice demonstrating that smoothing using a kernel size of 2.2 mm yields
optimal preprocessing of the data.
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F IGURE 2.4: Group level decoding accuracy for the data at the original resolution of 1.1 mm isotropic after smoothing with 2.2 mm Gaussian kernel. Accuracies are plotted as a function of the number of voxels selected. Each line
represents the mean accuracy averaged across all the subjects and error bars
represent the standard error of the mean. Thinner lines around 0.5 represent the
corresponding results for the decoding with scrambled labels.

Figure 2.4 shows the group level results of vowel and speaker decoding (left
and right, respectively) performed on the data with resolution of 1.1 mm isotropic.
For each binary comparison, we plotted the average accuracy as a function of the
number of voxels selected. The accuracy curves of all models show a similar
dependency on the number of voxels selected: accuracy first increases with the
number of voxels and then reaches a plateau. In some cases, accuracy decreases
for extremely large number of voxels.
Every model was decoded above chance level as verified with permutation
tests at group level (chance level is represented in the plots with thinner lines).
Vowels could be robustly decoded reaching an average accuracy of 64%, 62%,
and 63% for /a/ vs /i/, /a/ vs /u/ and /i/ vs /u/, respectively (p < 0.001
for all comparisons, permutation test). Speakers were decoded with a lower but
significant average accuracy of 57% for Sp1 vs Sp2 (p = 0.0029), 56% for Sp1 vs
Sp3 (p < 0.001) and 53% for Sp2 vs Sp3 (p = 0.0049).
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All vowels were decoded with comparable performances, while decoding between the female speaker (Sp1) versus one male speaker (Sp2 and Sp3) resulted
in significantly higher accuracy than decoding between the two male speakers:
‘Sp1 vs Sp2’ >‘Sp2 vs Sp3’ with p-value = 0.0137, ‘Sp1 vs Sp3’ >‘Sp2 vs Sp3’ with
p-value = 0.0059 (as assessed via permutation test).

2.4.3

Effects of spatial resolution and smoothing on decoding

For each combination of spatial resolution and Gaussian smoothing preprocessing, we repeated the entire multivariate procedure including all levels of feature
selection. For display purposes, we averaged the group accuracies across the levels of feature selection and present them in Figure 2.5 by a surface as a function
of spatial resolution and smoothing kernel size.
The effects of resolution and smoothing on decoding accuracies were tested
via a two-way repeated measures analysis of variance. In the vowel decoding
case, both main effects and their interaction were significant (main effect of resolution: F (2, 18) = 10.14, p = 0.001; main effect of smoothing: F (5, 45) = 13.65,
p < 0.001; interaction effect between resolution and smoothing: F (10, 90) = 2.67,
p = 0.007). In the speaker decoding case, only the main effect of smoothing was
significant (main effect of resolution: F (2, 18) = 1.58, p = 0.233; main effect of
smoothing: F (5, 45) = 4.45, p = 0.002; interaction effect between resolution and
smoothing: F (10, 90) = 1.02, p = 0.433). Control analyses (see Supplementary
material 2.6) were performed to assure that these results were not biased by considering the average accuracy across the levels of features selection, as they do
not depend on the specific level of feature selection considered.
For both vowel and speaker decoding, the spatial smoothing improved the
decoding accuracies in case of moderate smoothing (up to 2.2 mm), while more
smoothing decreased them. This suggests that the optimal preprocessing of the
fMRI data for decoding analysis, at least for the present data set, is obtained with
a spatial smoothing of 2.2 mm FWHM 3D Gaussian kernel. For this reason, analyses in the rest of the paper were performed on data preprocessed with 2.2 mm
FWHM Gaussian smoothing, unless otherwise specified.
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F IGURE 2.5: Resolution and smoothing effect on decoding performances. Each
point of the surface reports the group level accuracy of vowel (left plot) and
speaker (right plot) decoding as a function of the spatial resolution of the data
(from back to front: 1.1x1.1, 2.2x2.2 and 3.3x3.3 mm2 in-plane) and the kernel
size of spatial smoothing applied them (from right to left: unsmoothed and
smoothed with Gaussian kernel size 1.1, 2.2, 3.3, 4.4, 8.8 mm). For display purposes, the accuracy is shown as the result of averaging across all levels of feature
selection.

2.4.4

Effect of spatial resolution on decoding

Figure 2.6 illustrates in more detail the impact of acquiring fMRI data at different spatial resolutions on decoding performances. Each curve of the plots represents the group level decoding accuracy for each spatial resolution, calculated
as the average across the three models of vowel or speaker decoding (left and
right panel, respectively) and subjects. The stimuli were decoded significantly
above chance level (p < 0.01, permutation test) at every resolution for both vowels and speakers. However, the decoding performances for vowels and speakers
showed a different dependency on the effective spatial resolution of the analyzed
data. Vowel decoding accuracies significantly increased with the increase in effective spatial resolution (OR1>ER2 p = 0.0078, OR1>ER3 p = 0.0020, ER2>ER3
p = 0.0498; permutation test; OR1 stands for original resolution 1.1 mm, ER2
for effective resolution 2.2 mm and ER3 for effective resolution 3.3 mm). In contrast, speaker decoding showed no significant accuracy differences between the
tested resolutions, although a tendency of higher accuracies was observed for
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F IGURE 2.6: Resolution effect on decoding accuracy. Each line represents the decoding accuracy averaged across all models of vowel or speaker decoding and
all subjects for a certain resolution. Thinner lines around 0.5 represent the corresponding results for the decoding with scrambled labels. Error bars represent
the standard error of the mean across the subjects. Both vowels and speakers
are decoded above chance for all resolutions. In the left panel, vowel decoding performance significantly increases with increasing resolution: OR1>ER2
p = 0.0078, OR1>ER3 p = 0.0020, ER2>ER3 p = 0.0498 (OR1 stands for
original resolution 1.1 mm, ER2 for effective resolution 2.2 mm and ER3 for effective resolution 3.3 mm). In the right panel, speaker decoding performance
was almost significantly better for the effective resolution of 2.2 mm with respect to the effective resolution of 3.3 mm: OR1>ER2 p = 0.6777, OR1>ER3
p = 0.1748, ER2>ER3 p = 0.0508. p-values were calculated via permutation test
as explained in the Section 2.3.5 Statistical testing with the only difference that in
this case we randomly swapped accuracy curves between the tested resolutions
(instead of between “real” accuracy curve and “chance” accuracy curve).

the effective resolution of 2.2 mm with respect of the 3.3 mm dataset (ER2>ER3
p = 0.0508; permutation test).
The different resolution dependency for vowel and speaker decoding was
confirmed by a permutation test (nr_perm = 210 ) on the differences between
accuracy curves at the investigated resolutions. Note that considering the difference between accuracy curves allows to account for a potential confound due to
global performance differences in vowel and speaker decoding. The resolution
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effect on vowel decoding was significantly larger than that on speaker decoding
for the difference between original and 2.2 mm in-plane resolution (p = 0.0088),
close to significance for the difference between 1.1 and 3.3 mm in-plane resolution (p = 0.0762), and not significant for the difference between 2.2 and 3.3 mm
in-plane resolution (p > 0.1).
Accuracy curves for the two lower effective resolutions showed a dependency
on the number of voxels selected similar to the one of the original resolution
(described in the Section 2.4.2 Vowel and speaker decoding from the original data and
depicted in Figure 2.6 by the blue line).

2.4.5

Influence of tSNR, CNR, and head motion on MVPA

We studied the relationship between averaged accuracies and temporal signalto-noise ratio (tSNR), functional contrast-to-noise ratio (CNR) and head motion.
Although no correlation was significant, we found that in the case of vowel decoding (and similarly for the speaker decoding case) the averaged accuracy tends
to be positively correlated with tSNR (r = 0.55, p = 0.09) and CNR (r = 0.37,
p > 0.1) while negatively correlated with head movement (r = −0.34, p > 0.1).
Note that both increasing spatial smoothing and lowering spatial resolution of
the fMRI data resulted in a monotonous increase of tSNR and CNR (data not
shown).

2.4.6

Influence of tissue type on decoding

Figure 2.7 shows the weights given by the classifier to each voxel as a function of
BV likelihood (from 0% indicating most likely gray matter voxels to 100% indicating most likely large blood vessel voxels) for the case of vowel decoding. Weights
are on average slightly, but significantly, higher for the 10% “more GM” voxels
than for the 10% “more large BV” voxels (0.040 ± 0.006 versus 0.034 ± 0.007, respectively; t-test, p-value = 0.0044). Similar results are obtained in case of speaker
decoding (0.036±0.005 versus 0.031±0.007, respectively; t-test, p-value = 0.0035).
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F IGURE 2.7: Distribution of classification weights versus BV likelihood for each
subject in the case of vowel decoding. Each gray dot represents one voxel and
the black line the moving average of the weights calculated excluding the 5%
more extreme values in order to avoid boundary effects. The bottom right plot
shows the group moving average (black line) and its standard deviation (light
gray shadow).

2.5

Discussion

In this study, we used high-resolution 7T fMRI data and their reconstruction at
different effective spatial resolutions to investigate the relevant spatial scale of information content of the fMRI signal in the auditory cortex for vowel and speaker
identity. To the best of our knowledge, this work is the first investigating the relation between spatial resolution and MVPA with fMRI at ultra-high magnetic
field strength. Instead of acquiring additional data at lower spatial resolutions,
we simulated their acquisition starting from the high-resolution dataset. This allowed us to compare decoding performance for the very same dataset as a function of effective spatial resolution. In this way, we could exclude variability across
runs and sessions related to subject performance (e.g., attention to the stimuli,
movement) and acquisition differences (e.g., coil sensitivity, scanner drift).
57

Chapter 2. The effect of spatial resolution on decoding accuracy in fMRI MVPA
We performed multivariate analysis of the original high-resolution data (1.1
mm isotropic) and demonstrated the feasibility of decoding speech content and
speaker identity from 7T fMRI data in the auditory cortex. These results are in
agreement with the findings by (Formisano et al., 2008), which demonstrated at
3T the feasibility to decode vowels and speakers from auditory cortical response
patterns. Note that a direct comparison of accuracies as obtained in this study
with those in (Formisano et al., 2008) is difficult due to the different methods
of cross-validation and feature selection employed. Formisano and colleagues
used a leave-k-stimulus-pair-out cross-validation (see Formisano et al., 2008, for
details), while we employed a leave-one-run-out cross-validation. This latter approach is more conservative because it controls for false-positive rate at the nominal level; thus, it may result in lower accuracy values (Misaki et al., 2010). Moreover, Formisano and colleagues used a combination of univariate and multivariate feature selection strategies to improve sensitivity (see De Martino et al., 2008;
Formisano et al., 2008, for details). Here, we chose a univariate only feature selection method because of computational complexity, which is of particular concern
for high-resolution data and large number of features (voxels).
To overcome an arbitrary choice of number of features selected, the multivariate analysis was repeated for several feature selection levels (from 50 to 10000
voxels) and decoding accuracies of different models were compared by considering the resulting decoding accuracy curves. The accuracy curves consistently
showed a dependency on the number of voxels selected: accuracy increased with
the number of voxels, reached a plateau, and generally decreased for extremely
high number of voxels. This observation is in agreement with previous studies
(Cox and Savoy, 2003; Fan et al., 2007; De Martino et al., 2008) and highlights
that our results do not critically depend on a specific feature selection level. In
general, the optimal number of voxels to be included in the MVPA analysis may
depend on the spatial resolution, the decoding task and image characteristics.
Additionally, we observed that speaker decoding was performed with higher accuracy for comparison between the female and a male speaker than between the
two male speakers. These results reflect the smaller difference in fundamental
frequency among the two male speakers (compared to the female speaker, see
also Formisano et al., 2008, cfr. Figure 2b).
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The comparison of MVPA performances at different spatial resolutions showed that decoding accuracies increased with increasing resolution in case of vowel decoding. In case of speaker decoding, however, such behavior was not observed. Instead, there was a tendency to observe the highest accuracy for the
intermediate spatial resolution. These results show that high spatial frequencies
are informative for vowel decoding and that the relative contribution of high and
low spatial frequencies is different across the two decoding tasks. In turn, this
suggests a distinct spatial arrangement of the distributed neural/neuro-vascular
sources underlying vowel and speaker representation and processing in auditory
cortex.
These outcomes are consistent with previous observations that informative
voxels in the auditory cortex are widely distributed for vowel decoding, while
more clustered for speaker decoding (Formisano et al., 2008; Bonte et al., 2014).
In addition, they support the hypothesis that the brain response patterns enabling
the decoding of vowels and speakers reflect the representation and processing of
distinct type of acoustic information (e.g., the representation of “formants combination” for vowel decoding and of “fundamental frequency” for speaker decoding, see Formisano et al., 2008). Furthermore, the finding that the maximum
information (MVPA accuracy) is decoded optimally at different resolutions for
vowels than for speakers provides a clear example of the complex dependency
of MVPA results on the underlying physiological basis and thus of the need to
address the issue of optimal acquisition strategy case-by-case through empirical
studies (Formisano and Kriegeskorte, 2012).
In contrast to the resolution effect, we noted that the effect of smoothing is
similar for vowel and speaker decoding and for different resolutions. This result
suggests that the optimal smoothing kernel depends mainly on intrinsic noise
properties of the data. This is in agreement with previous findings by Kamitani
and Sawahata (2010). They showed that smoothing (e.g., with a Gaussian kernel)
and more generally spatial convolution does not remove information content as
it is an invertible transformation. However, such equivalence between original
and smoothed data in terms of information content, and therefore classification
results, holds only in ideal cases where the signal from neighboring voxels is
entirely independent, no selection of voxels is made and no motion (or other
sources of) artifacts are present. Thus, in experimental fMRI data, the influence
of smoothing on decoding might be attributed to the attenuation of (thermal)
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noise due to the signal correlation among neighboring voxels. Moreover, we observed that tSNR and CNR monotonously increased with larger smoothing kernels, while the decoding accuracies peaked at 2.2 mm 3D Gaussian kernel size.
Therefore, the smoothing effect cannot be explained only on the basis of these two
factors. Interestingly, such optimal spatial smoothing was reached for a kernel
size of 2.2 mm which is similar to the experimentally-determined point spread
function at 7T (Shmuel et al., 2007). Another reason why moderate smoothing
is beneficial for MVPA could be the residual head motion present in the data
even after motion correction. This hypothesis is consistent with previous studies showing that head motion reduces MVPA performances (Kriegeskorte et al.,
2010; Swisher et al., 2010; Alink et al., 2013; Misaki et al., 2013). On the other
hand, smoothing with large kernel sizes results in poorer MVPA performances
due to partial volume effects with white matter and CSF or gray matter on an
opposing sulcal bank (Andrade et al., 2001). For this reason, smoothing along the
2D cortical sheet may be more beneficial than performing spatial smoothing in
the volume. Our results showing that large smoothing kernels are detrimental
for MVPA decoding are in line with previous studies (Kriegeskorte et al., 2010;
Swisher et al., 2010; Alink et al., 2013; Misaki et al., 2013). However, Op de Beeck
(2010) reported no influence of spatial smoothing on decoding performances. A
possible explanation of these different outcomes may be the different preprocessing of the functional data. In Op de Beeck (2010), data were coregistered in the
anatomical space of the subject and then normalized to MNI template (Montreal
Neurological Institute). These two transformations are achieved via re-sampling
and interpolation of the original functional data. Therefore, the smoothness introduced in the transformed data could make the manipulation through different
spatial smoothing kernels less sensitive, especially in experiments where decoding accuracies are at ceiling level (100% decoding accuracy for the object decoding
experiment).
One of the advantages of using a linear SVM algorithm is the possibility to
interpret the weights attributed to each voxel in terms of discriminability power.
In order to shed further light on the physiological origin of the multivariate information in fMRI, we ranked the voxels according to their tissue properties. We
showed that discriminability power is distributed over the continuum of tissue
type ranging from gray matter to large blood vessels regions, with a slightly
higher contribution from gray matter than from blood vessel voxels. This result suggests that decodable information resides both in the tissue and large
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veins. Future studies, possibly including venograms and/or using different type
of functional contrast such as spin echo, arterial spin labeling, or vascular space
occupancy, are needed to understand the role of tissue types in fMRI MVPA.
Another factor that could influence MVPA performance in fMRI, is HRF variability. In this study, we observed important changes in the HRF shape in different regions. However, a systematic investigation of this phenomenon and its
influence on MVPA is beyond the scope of this paper and needs to be addressed
in future developments.
In summary, in this study, we investigated MVPA in fMRI at 7T. Our results
suggest that different features of complex (auditory) stimuli are spatially distributed in the brain and may be represented at different spatial scales. As a
general consequence, there is no optimal spatial resolution for all decoding tasks
but the acquisition needs to be tailored to the stimuli and brain area investigated.
However, our findings for vowel decoding are compatible with the hypothesis
that MVPA information partly originates from spatial arrangements of neuronal
populations at a spatial scale below fMRI resolution (< 1 mm). This spatial information may become available at resolutions accessible for fMRI due to local
irregularities and/or transposition by hemodynamic filtering (Chaimow et al.,
2011). Under this hypothesis and in the absence of precise knowledge of the spatial scale of interest, we recommend acquisition of data at high spatial resolution
(1 mm or below). This enables the detection of stimulus-related information at all
measurable spatial frequencies, which is required for inferring the spatial organization of the underlying neuronal architecture.
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2.6

Supplementary material 1

2.6.1

Changing resolution by cropping the k-space and its influence on decoding

In this study, we reconstructed the original high-resolution (1.1 mm isotropic)
data at lower resolutions in order to investigate the influence of spatial resolution
on decoding performances. Here, we therefore compared MVPA performances
across different resolution also in the case of lower nominal resolutions (i.e., characterized by smaller matrix sizes and total number of voxels). Downsampling of
the original high-resolution data at lower nominal resolutions was achieved with
the same procedure described in the paper (see Figure 2.1), but cropping the external part of the k-space instead of zeroing it. The original 182x182 matrix size
was cropped retaining the central 91x91 and 61x61 submatrices and the lower
resolutions of 2.2x2.2x1.1 mm3 and 3.3x3.3x1.1 mm3 were respectively obtained.
Voxels had a volume 4 or 9 times larger than the original voxels size, respectively.
Note that the non-zero k-space values are identical for zero-filling and cropping,
but the images reconstructed have different nominal resolutions.
We performed the preprocessing and the multivariate analysis pipeline as described for the original and zero-padded data, with the only difference that the
number of selected voxels was matched in volume to the number of voxel selected in the original resolution (i.e., the number of voxels selected was divided
by 4 or 9 for each feature selection level for the 2.2 mm and 3.3 mm resolution,
respectively). Figure 2.8 shows that increasing the resolution led to a significant
increase of decoding accuracies in case of vowel decoding, while no significant
improvement of decoding accuracies was observed for speaker decoding. The
p-values for the across-resolution comparison are reported in Table 2.1. These
results are in agreement with those of the zero-padded datasets reported in the
main text and therefore further support the conclusions of our study.

2.6.2

Control analyses for resolution and smoothing effects

In the ANOVA analysis testing the resolution and smoothing effect, we averaged
the group accuracies across the levels of feature selection, therefore explicitly including the factors of resolution and smoothing, but not that of feature selection
level. Although the accuracy values depend on the level of feature selection (i.e.,
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the number of voxels), such dependency is similar for all accuracy curves as described in the discussion section. For this reason, averaging across the levels of
feature selection does not introduce a bias. However, to directly address this
issue, we performed two additional analyses: As a first control analysis, we performed a two-way repeated measures ANOVA separately for each level of feature selection. In Figure 2.9, we plot the resulting p-values for vowel and speaker
decoding (left and right panel, respectively).
Note that the p-values were not corrected for multiple comparisons because
the tests at different levels of feature selection are not independent, making such
a correction not possible.
We observe that for both decoding dimensions, the main effect of smoothing is
consistently below significance threshold for all levels of feature selection except
for extremely low number of voxels. The main effect of resolution is consistently
below significance threshold only for vowel decoding (excluding again extreme

F IGURE 2.8: Resolution effect for lower nominal resolutions. Decoding accuracies are plotted as function of the feature selection levels for vowel and speaker
decoding (left and right panel, respectively). The blue line represents the group
level results for the original resolution, the green and red lines those for the
lower resolutions (of 2.2x2.2x1.1 mm3 and 3.3x3.3x1.1 mm3 , respectively). Error
bars represent the standard errors.
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TABLE 2.1: P -values of resolution effect for lower nominal resolution. The reported p-values refer to the comparison across resolutions illustrated in Figure
2.8. OR1 stands for original resolution at 1.1 mm isotropic, NR2 for nominal
resolution at 2.2x2.2 mm2 in-plane, NR3 for nominal resolution at 3.3x3.3 mm2
in-plane. P -values were calculated via exact permutation test with N = 10 subjects; significant p-values are reported in bold.

OR1 >NR2
OR1 >NR3
NR2 >NR3

Vowel decoding
0.0059
0.0020
0.0039

Speaker decoding
0.1670
0.1729
0.0928

F IGURE 2.9: ANOVA separately for each level of feature selection. Main effect of
resolution is in blue, main effect of smoothing in green and interaction between
resolution and smoothing effect in red; the gray line represents the threshold of
0.05.
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values of number of voxels selected). Finally, the interaction between resolution
and smoothing effect is significant for the majority of the feature selection levels
for only the vowel decoding. These results are therefore qualitatively confirming
our findings.
As a second control analysis, we performed a three-way repeated measures
ANOVA specifying the feature selection levels as 3rd factor in addition to resolution and smoothing factors. We report the resulting F - and p-values in Table
2.2.
TABLE 2.2: Three-way repeated measures ANOVA. Significant p-values are reported in bold.

Effect
Resolution
Smoothing
FeatureSelection
Resolution:Smoothing
Resolution:FeatureSelection
Smoothing:FeatureSelection
Resolution:Smoothing:FeatureSelection

Vowel decoding
F
p

Speaker decoding
F
p

10.14
13.65
15.44
2.67
3.14
7.00
2.22

1.58
4.45
23.78
1.02
1.57
1.47
0.93

0.001
<0.001
<0.001
0.007
<0.001
<0.001
<0.001

0.233
0.002
<0.001
0.433
0.023
0.004
0.721

We observe that the main effect of resolution and smoothing as well as their
interaction is confirmed. Moreover, the main effect of feature selection as well as
its interaction with the other two factors is significant for both vowel and speaker
decoding.

2.6.3

Validation of the BV likelihood method

In order to study the physiological origin of multivariate information in fMRI,
we investigated the relationship between tissue type of voxels and their SVM
weights. Tissue type classification was based on a ranking procedure that determines the likelihood of each voxel to belong to a gray matter or a large blood
vessels region (therefore, here called BV likelihood). This procedure was based
on the method introduced by Shmuel et al. (2010) and we further validated it by
visually inspecting the obtained tissue type classification.
We built maps of the BV likelihood color-coding voxels from orange to yellow
according to their rank (i.e., from low to high values indicating from “more gray
matter” to “more large blood vessels”, respectively).
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F IGURE 2.10: BV likelihood maps. Maps are thresholded to show only the 10%
“more gray matter” voxels (in orange) and the 10% “more blood vessel” voxels
(in yellow). Please, note that the maps included only the voxels that entered the
classifier (because only for those voxels SVM weights were available), hence the
very sparse appearance of the labelled voxels.

In Figure 2.10, we present the map of the BV likelihood values for three representative subjects thresholded to show only the 10% “more gray matter” voxels
(in orange) and the 10% “more blood vessel” voxels (in yellow). BV likelihood
maps are superimposed on the original EPI images, which offers clear structural
contrast (with the gray matter being brighter than the white matter) thanks to the
acquisition at ultra-high field. From this coronal view, we can observe that voxels
labeled as “more blood vessels” are mainly localized on the surface of the cortex,
while those labeled as “more gray matter” are localized more deeply in the cortex. Previous studies demonstrated that GE-BOLD changes in the surface layers
are associated with extravascular BOLD effects due to superficial cortical vessels,
while signal changes in deeper layers have microvasculature origin (Harel et al.,
2006). The differential localization for the voxels classified at the two extremes of
the BV likelihood is therefore in agreement with Harel et al. (2006) and confirms
the validity of the used method.
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2.7
2.7.1

Supplementary material 2
Statistical testing by permutation at group level

Statistical testing at group level was performed by means of a permutation test.
Although several comparisons were tested, the same algorithm was employed. In
this section, therefore, we describe, using pseudocode, the general permutation
procedure and subsequently illustrate how it was applied to each specific case
tested in our study.
With this permutation test we compare two sets of decoding results, namely
V 1 and V 0, each of them consisting of one accuracy curve (i.e., set of accuracy
values at all nineteen feature selection levels) for each subject. The null hypothesis H0 is that the mean accuracy curves of V 1 and V 0 are the same, while the
alternative is that the mean accuracy curve of V 1 is larger than that of V 0.
This non-parametric procedure was adopted in order to effectively account
for the presence of correlation between accuracy values at different feature selection levels, as it is based on a distance measure that considers all the levels
together. The rationale behind the procedure is to compare the observed distance
between V 0 and V 1 with an empirical null distribution of such distance, obtained
by exchanging, in all possible ways, the accuracy curves of each subject between
the two sets V 1 and V 0.
The pseudocode below describes the algorithm used for the permutation test
at group level.
% Variable definition
V 1(s) = accuracy curve 1 of subject s, considering all the feature
selection steps f , therefore consists of 19 elements
V 0(s) = accuracy curve 0 of subject s, considering all the feature
selection steps f , therefore consists of 19 elements
N umSubject = number of subjects (N umSubject = 10 in our study)
P ermV ectori = i-th permutation (across all the possible 2N umSubject
permutations), consisting of 0s and 1s
% Group accuracy curves
hV 1i =
hV 0i =
hV 1(f )i
hV 0(f )i

mean of V 1 across
mean of V 0 across
= hV 1i at feature
= hV 0i at feature

subjects,
subjects,
selection
selection

consisting of 19 elements in our study
consisting of 19 elements in our study
level f
level f
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% Metric to quantify the distance between the two group accuracy curves
% (where # counts the number of feature selection levels for which the
expression between brackets is true and the logistic sigmoidal
function remaps its argument between 0 and 1)


Distance(V 1, V 0) = # (hV 1i > hV 0i) + logistic

19
P


(hV 1(f )i − hV 0(f )i)

f =1

% Distance between the ‘‘real’’ group accuracy curves
Dreal = Distance(V 1, V 0)
% Permutations
for perm = 1 : 2N umSubject
for s = 1 : N umSubject
(s)

if P ermV ectorperm == 1
% swap accuracy curves for subject s
P ermV 1(s) = V 0(s)
P ermV 0(s) = V 1(s)
else
% do not swap accuracy curves for subject s
P ermV 1(s) = V 1(s)
P ermV 0(s) = V 0(s)
end
end
hP ermV 1i = mean
elements in
hP ermV 0i = mean
elements in

of P ermV 1 across subjects, consisting of 19
our study
of P ermV 0 across subjects, consisting of 19
our study

% Distance between the permuted group accuracy curves
D(perm) = Distance (P ermV 1, P ermV 0)
end
% p-value of the ‘‘real’’ group accuracy curves
pvalue =

#(D≥Dreal)
2N umSubject

The function Distance consists of two terms, where the first can be an integer
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between 0 and 19 (centered on 9.5 under the null hypothesis H0), while the second is bound between 0 and 1 (centered on 0.5 under H0). Therefore, Distance
ranges between 0 and 20, and its expected value under H0 is 10. The first term
reflects on how many feature selection levels V 1 is higher than V 0, whereas the
second term weights the actual difference in mean between V 1 and V 0 across all
the feature selection levels. Since the logistic function remaps these differences to
the interval (0,1), the second term becomes relevant in the comparison between
observed values and permuted values only when the first term is equal in both
cases.
Importantly, the requirement of exchangeability under the null hypothesis,
which is needed for the permutation test to be valid (Good, 2006), is satisfied
since the subjects are independent and the metric defined by the function Distance is symmetrical under the null hypothesis (both terms in the summation are
symmetric with respect to their expected values, under H0).
This algorithm was used for all group level permutation tests of our study,
namely:
1. Permutation test to assess significance of a given curve versus chance, where:
V 1(s) = accuracy curve for vowel (speaker) decoding at resolution r (r = 1.1,
2.2 or 3.3 mm in our study) for subject s
V 0(s) = mean accuracy curve under the null hypothesis (obtained with singlesubject permutation tests) for vowel (speaker) decoding at resolution r for
subject s
2. Effects of resolution, where:
V 1(s) = accuracy curve for vowel (speaker) decoding at resolution r1 for
subject s
V 0(s) = accuracy curve for vowel (speaker) decoding at resolution r2 (with
r2 > r1) for subject s
3. Difference of effect of resolution across decoding tasks, where:
V 1(s) = difference between accuracy curves at resolutions r1 and r2 (with
r2 > r1) for vowel decoding for subject s
V 0(s) = difference between accuracy curves at resolutions r1 and r2 (with
r2, r1 same resolutions as in V 1(s) definition) for speaker decoding for subject s
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Chapter 3. Tonotopic maps in human auditory cortex using ASL

3.1

Abstract

A tonotopic organization of the human auditory cortex (AC) has been reliably
found by neuroimaging studies. However, a full characterization and parcellation of the AC is still lacking. In this study, we employed pseudo-continuous arterial spin labeling (pCASL) to map tonotopy and voice selective regions using, for
the first time, cerebral blood flow (CBF). We demonstrated the feasibility of CBFbased tonotopy and found a good agreement with BOLD signal-based tonotopy,
despite the lower contrast-to-noise ratio of CBF. Quantitative perfusion mapping
of baseline CBF showed a region of high perfusion centered on Heschl’s gyrus
and corresponding to the main high-low-high frequency gradients, co-located
to the presumed primary auditory core and suggesting baseline CBF as a novel
marker for AC parcellation. Furthermore, susceptibility weighted imaging was
employed to investigate the tissue specificity of CBF and BOLD signal and the
possible venous bias of BOLD-based tonotopy. For BOLD only active voxels, we
found a higher percentage of vein contamination than for CBF only active voxels.
Taken together, we demonstrated that both baseline and stimulus-induced CBF
are an alternative fMRI approach to the standard BOLD signal to study auditory
processing and delineate the functional organization of the auditory cortex.
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3.2

Introduction

Neuroimaging techniques allow for the non-invasive investigation of the functional organization of the auditory cortex (AC) in the human brain: In agreement
with previous animal studies (e.g., cats and primates; Merzenich and Brugge,
1973; Merzenich et al., 1973), functional magnetic resonance imaging (fMRI) studies have found a tonotopic organization of the human early AC (Formisano et al.,
2003; Talavage et al., 2004; Humphries et al., 2010; Woods et al., 2010; Da Costa
et al., 2011; Langers and van Dijk, 2012). Human early AC tonotopy has been consistently described as two frequency gradients composing a high-low-high preferred frequency pattern located in and around the Heschl’s gyrus (HG). However, its extent, orientation, and finer details are still a matter of debate. In the
visual cortex, the early visual areas are parcellated by means of stimuli varying
within the two dimensional extent of the visual field, called retinotopy. In contrast, in the auditory domain, a second stimulus dimension is so far missing that
would enable delineation of the borders of early auditory areas.
Within the high-low-high frequency map, the more posterior/medial frequency gradient is considered the human homolog of monkey area A1, while the more
anterior/lateral frequency gradient is considered the human homolog of monkey area R. These two areas (gradients) together are considered to define the
human primary auditory cortex (PAC, also called auditory core) (Baumann et al.,
2013; Moerel et al., 2014; Saenz and Langers, 2014). However, the exact extent of
the PAC remains ambiguous: Some studies consider the main high-low-high frequency gradients to be entirely included in the PAC (Da Costa et al., 2011), while
other studies attribute part of them to auditory belt regions (Talavage et al., 2004;
Humphries et al., 2010). Moreover, three main theories about the orientation of
the PAC coexist: The classical interpretation locates the PAC along HG and finds
its foundations in cytoarchitectonic studies. The orthogonal interpretation locates
the PAC across HG assuming in between-species homology with monkeys (for
which PAC was shown to run parallel to the superior temporal gyrus, STG). The
oblique interpretation is a more recent theory proposing an oblique orientation of
PAC with respect to HG (Baumann et al., 2013). Finally, additional tonotopic gradients outside of the HG are often observed, especially at high spatial resolution
and single-subject level (Da Costa et al., 2011; Herdener et al., 2013; Moerel et al.,
2013).
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Besides tonotopy, other functional organizations of AC related to sound properties have been investigated, such as tuning width and periodicity preference
(Barton et al., 2012; Moerel et al., 2012; Herdener et al., 2013; Moerel et al., 2013).
Moreover, also higher order functional areas have been studied: Specifically, regions showing differential response for vocalizations with respect to other sound
categories (tones, objects, environmental noises, etc.) have been reliably observed
and are typically referred to as voice sensitive areas (Belin et al., 2000).
In addition to tonotopic gradients, anatomical landmarks are utilized to identify PAC. Recently, “myelin” imaging using MRI has been proposed for that purpose (De Martino et al., 2015). Primary sensory areas, such as early visual, somatosensory and auditory cortex, have been hypothesized to have higher myelin
content than the surrounding brain areas, and they are detectable with T1 and T2*
MRI contrasts (Sigalovsky et al., 2006; Bock et al., 2009; Geyer et al., 2011; Glasser
and Van Essen, 2011; Cohen-Adad et al., 2012; Dick et al., 2012; Sereno et al., 2013;
De Martino et al., 2015). Alternatively, susceptibility weighted imaging (SWI)
can be used to probe iron and myelin differences in the cortex and, additionally,
to locate veins. SWI is a recent MR technique detecting susceptibility differences
in the brain (Reichenbach et al., 1997; Haacke et al., 2004). SWI combines magnitude and phase information of the complex T2* weighted images to enhance
the contrast of paramagnetic substances, such as deoxygenated hemoglobin and
iron, with respect to the surrounding diamagnetic tissue.
FMRI studies investigating the functional organization of AC have so far employed the blood oxygenation level-dependent (BOLD) effect as an indirect measure of neural activity. Although the BOLD signal is the standard contrast for
fMRI, it has some limitations in terms of spatial specificity and of being a quantitative marker of neuronal activity. The BOLD signal arises from the combined
changes of oxygen metabolism (CMRO2 ), cerebral blood flow (CBF), and cerebral blood volume (CBV) in response to neural activity modulations (Logothetis,
2008). It has been shown that the overall changes in the oxygenation spread from
the location of the neural activity into the draining veins. At low magnetic field
strength (e.g., 1.5 and 3 T) and for both gradient-echo and spin-echo sequences,
the measured BOLD signal mostly originates from draining veins (Uludag et al.,
2009). Consequently, the spatial specificity of the BOLD signal is biased by the
presence of draining veins causing signal blurring and possible displacement
from the actual site of neural activity (Ugurbil et al., 2003).
Besides the BOLD signal, alternative fMRI acquisition techniques exist to study
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brain function. For example, arterial spin labeling (ASL) techniques measure absolute cerebral blood flow (CBF) in addition to the BOLD signal. ASL allows to
quantify both stimulation-induced and baseline CBF as an absolute marker of the
physiological state of the tissue and its changes. Studies have shown that CBF,
compared to the BOLD signal, is more spatially localized to neural activity, has
lower intersubject variability and is more reproducible over time (Aguirre et al.,
2002; Wang et al., 2003; Tjandra et al., 2005). However, CBF signal has a lower
SNR and its quantitative estimation is challenged by MRI acquisition confounds
such as transit delay, magnetization transfer and relaxation time effects. Nevertheless, the post-labeling delay (PLD) interval (i.e., the time interval occurring
between blood labeling and image acquisition, which is necessary for the labeled
blood to flow from the tagging location to the imaging slab) represents an inherently silent gap in the ASL MR sequence, allowing therefore auditory stimulation
in the absence of scanner noise and making ASL particularly attractive for auditory fMRI studies.
In this paper, we aim to assess — for the first time — the feasibility of tonotopic mapping of the human auditory cortex with ASL fMRI, and to compare
BOLD and CBF based tonotopies. Additionally, we evaluate whether baseline
quantitative CBF and SWI provide information on the location of the PAC in addition to anatomical landmarks and myelination.

3.3
3.3.1

Material and methods
Subjects

Twelve healthy volunteers (six females, age range 25–33) with normal hearing
took part in this experiment. Written informed consent was obtained from all
participants according to the approval of the study protocol by the Ethical Committee of the Faculty of Psychology and Neuroscience, Maastricht University.

3.3.2

Stimulus design and presentation

The stimulus design employed in this work (if not stated otherwise) was adapted
from the study by De Martino et al. (2013, cfr. Experiment 3), which investigated
tonotopy in the inferior colliculus and auditory cortex using BOLD fMRI. The
stimuli consisted of amplitude modulated (8 Hz, modulation depth 0.95, length
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0.8 s, sample rate 44.1 kHz) tones created in MATLAB with 8 carrier frequencies
logarithmically spaced between 0.180 and 7.091 kHz (see Figure 3.1B). Each of
these 8 frequencies represents one stimulus condition and, for the rest of the paper, we will refer to them as center frequencies. In order to introduce variability
within each stimulus condition, for each center frequency two additional sounds
were created with a frequency difference of ±10% in logarithmic scale. A total of 24 tones were therefore created (center frequencies are highlighted in bold):
168,180,193, 284,304,326, 480,514,551, 811,869,931, 1370,1469,1574, 2316,2482,2661,
3915,4196,4497, 6616,7091,7600 Hz. Sound onset and offset were ramped with a
10 ms linear slope and the sound energy (calculated as root mean square) was
equalized.
In one set of experiments (subjects nr 1 to 6), stimulus conditions were presented in blocks of six TRs with one sound per TR (= 3 s) (same as in De Martino et al., 2013). Each stimulus block was followed by a resting block of six TRs
with no auditory stimulation. In another set of experiments (subjects nr 7 to 12),
the stimulus duration was reduced to four TRs and the rest condition increased
to eight TRs. Stimulus conditions were presented in randomized order and repeated twice per run. Six runs were acquired for each subject, for a total of 96
stimulus blocks.
An additional voice localizer run was acquired (except for subject 1) using the
same block design as above. For this run, however, the auditory stimuli used
(adapted from Bonte et al., 2013) were 1.0 s long and consisted of vocal sounds
(both speech and non-speech), other natural sounds (musical instruments, environmental and tool noises, and animal cries), or amplitude-modulated tones (8
Hz, frequency between 0.3 and 3.0 kHz). The run included 8 blocks of each of
these 3 categories for a total of 304 TRs and ∼15 min duration.
During all functional runs, subjects were asked to fixate a cross in the center
of the screen and passively listen to the sounds.

3.3.3

MRI acquisition

Measurements were performed on a 3T Prisma Siemens scanner using a 64-channel head coil. The functional runs were acquired using pseudo-continuous ASL
(pCASL) with 2D single-shot echo-planar imaging (EPI) readout (TR 3 s, TE 13
ms, voxel size 2.5 mm isotropic, 19 slices, labeling duration 1.2 s, post labeling
delay 1.2 s, partial Fourier 7/8, GRAPPA 2; Dai et al., 2008). Labeling duration
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and PLD were deliberately chosen shorter than recommended by the ASL white
paper (Alsop et al., 2015), whose recommendations are tailored in view of whole
brain baseline perfusion measures. These choices allow us shorter TR and thus
improved sampling of the hemodynamic response. At the same time, PLD was
chosen long enough to allow CBF quantification in the auditory cortex, which is
adequately perfused by the labeled blood after a PLD of 1.0 s (Donahue et al.,
2014; Mezue et al., 2014).
This sequence is acoustically characterized by a tagging module and EPI-train
presenting a power spectrum with contribution mostly from frequencies below 34 kHz (peak frequencies were 990.5, 1981.0, and 2993.0 Hz for the tagging module
and 925.9, 1163.0, 1809.0, and 2713.0 Hz for the EPI-train; see Figure 3.1) and relative loudness (estimated as the ratio between the RMS values of the tagging module and the EPI readout waveforms) of 0.57. Functional images were acquired
while participants passively listened to the tones presented in a block design.
During the stimulus blocks, the sounds were presented in the 1.2 s PLD interval
(see Figure 3.1A). At the beginning of the fMRI session, the stimuli were subjectively equalized for loudness, and the overall volume of the stimuli was adjusted
to a comfortable intensity level. The stimuli were presented via MR-compatible
earphones (Sensimetrics S14, Malden, MA, USA). After the experiment, all subjects reported a clear hearing of the stimuli.
In order to allow absolute quantification of CBF (see below), an M0 image
was acquired using the same pCASL sequence as described above but with the
TR value increased to 20.0 s.
A susceptibility weighted image was acquired with an in-plane resolution
of 0.5x0.5 mm2 and a slice thickness of 1.0 mm (TR 28 ms, TE 20 ms, Flip angle 15deg, GRAPPA 2, matrix size 384x312x52; Reichenbach et al., 1997; Haacke
et al., 2004). Finally, a high-resolution (1.0 mm isotropic) anatomical image was
acquired using an MPRAGE sequence (TR 2.4 s, TE 2.18 ms, TI 1040 ms, Flip angle
8deg, GRAPPA 2, matrix size 224x224x192; Mugler and Brookeman, 1990).

3.3.4

Preprocessing

Functional data were preprocessed in BrainVoyager QX (Version 2.8.4.2645, 64bit, Brain Innovation, Maastricht, The Netherlands): The functional runs were
motion corrected and realigned to the first volume of the fourth functional run
(i.e., the image approximately at the midpoint of the session and closest in terms
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F IGURE 3.1: Sound waveform (A) and frequency spectrum (B) of pCASL with
2D single-shot EPI acquisition. In Panel A, the different components of a pCASL
TR are illustrated: the tagging module, the silent gap (PLD; in which a stimulus sound may occur following the experimental design), and then the EPI-train
readout. In Panel B, the gray and black lines show the frequency spectrum of the
tagging module and the EPI-train readout, respectively. The vertical bars indicate the central frequencies of the stimuli and are color-coded in the same manner as the tonotopic maps (i.e., from red-to-green-to-blue for low-to-medium-tohigh frequency).
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of acquisition order to the SWI image, which was acquired between the third and
fourth functional run). 3D motion correction was performed using the ‘Trilinear/sinc interpolation’ option, i.e., trilinear interpolation is used during the motion detection step and sinc interpolation for the actual motion correction (spatial
transformation) step. Functional ASL, M0 and SWI image were coregistered to
the anatomical image using a gradient-based alignment with six-parameter (i.e.,
three translation and three rotation parameters) rigid body transformation.
The anatomical image was transformed into Talairach space in order to employ the automatic segmentation implemented in BrainVoyager. The results of
the automatic segmentation were visually inspected and manually corrected, whenever necessary. The obtained white-gray matter boundary was reconstructed to
produce a 3D folded cortical surface for each subject. This 3D cortical representation was used for group alignment purposes to the aim of both computation and
visualization (after inflation) of group maps. The group cortical surfaces were
produced taking into account the individual subject’s cortical curvature via the
‘moving target group averaging approach’ of the cortex-based alignment (CBA)
procedure (Fischl et al., 1999; Goebel et al., 2006). Anatomical masks of the temporal lobe and the primary auditory cortex were manually drawn in the common
CBA space based on (Baumann et al., 2013; Bonte et al., 2013; Kim et al., 2000, see
Figure 3.2A).

3.3.5

BOLD and CBF time courses

The BOLD and CBF time courses were calculated from the motion corrected ASL
time course using the BrainVoyager ASL Perfusion Volume Data Processing plugin performing surround averaging and subtraction: The ASL time course is separated in a control and label time-series. Each time-series is temporally interpolated to obtain BOLD and CBF data points at each original TR. The subtraction of the interpolated label from the interpolated control time-series yields the
CBF time course, while the addition of the two interpolated time-series yields the
BOLD time course (Liu and Wong, 2005).
Both BOLD and CBF time-series were transformed from the functional space
to the anatomical space of each individual subject by applying the coregistration
transformation previously calculated and the data was slightly upsampled to an
isotropic resolution of 2 mm (i.e., half the anatomical resolution). Finally, both
time-series were spatially smoothed in the volume space with a 2 mm FWHM 3D
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Gaussian kernel (Gardumi et al., 2016) and temporally high-pass filtered removing linear and low frequency non-linear drifts up to 3 cycles per time course.
In order to evaluate the signal quality of the CBF and BOLD time-series, two
measures of signal-to-noise ratio (SNR) were employed: the temporal signal-tonoise ratio (tSNR) and the contrast-to-noise ratio (CNR). The tSNR was calculated
as the mean of the time course divided by its standard deviation and averaged
across all the voxels in the temporal mask of AC (see Figure 3.2A). The CNR,
which represents a quantity more closely linked to the functional sensitivity of the
data, was calculated as the ratio between the standard deviation of the activation
response and the standard deviation of the noise (Welvaert and Rosseel, 2013). In
the CNR calculation, only active (as defined via a GLM analysis, see following
section) voxels were included. The CNR was computed for all center frequencies
together and for each of them separately. A two-way repeated measure ANOVA,
performed with contrast (CBF or BOLD signal) and center frequency (i.e., the
eight stimulus conditions) as factors and a significance level α of 0.05, was used
to assess differences in CNR.
In order to investigate the consistency of CBF and BOLD signal changes across
subjects, we computed the coefficient-of-variation (COV), defined as the standard
deviation divided by the mean of the percent signal change across the subjects
and expressed in percentage. For each subject, the percent signal change was
calculated as the ratio between the amplitude of the mean evoked response and
the temporal mean of the time course using the same number of active voxels for
CBF and BOLD signal.

3.3.6

Computation of the BOLD- and CBF-based tonotopic maps

BOLD- and CBF-based tonotopic maps were independently calculated following
the same two-step procedure:
First, a general linear model (GLM) analysis was performed using one predictor for each of the eight stimulus conditions (i.e., each of the eight center frequencies) to model the respective BOLD/CBF response. The predictors were built
convolving a box car function representing the stimulus block with a canonical
(double gamma) hemodynamic response function (HRF) in order to account for
the hemodynamic response delay. For each run, one constant predictor and the
six parameters estimated by the motion correction algorithm were included in
the GLM as confound predictors. The obtained BOLD/CBF statistical maps were
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thresholded (uncorrected t-value > 2 for the contrast: all center frequencies >
baseline) to select only active voxels entering the 2nd step.
Second, for each active voxel, its BOLD signal/CBF preferred frequency was
defined as the one having the highest β-value among the BOLD signal/CBF predictors. The final single-subject BOLD signal/CBF tonotopy was obtained by
color-coding each voxel according to its preferred frequency: with red-to-greento-blue coding for low-to-medium-to-high frequencies taking into account the
logarithmic spacing of frequency in the stimuli. For visualization, the maps were
projected on the inflated cortical surfaces. The color-coded single-subject maps
were transformed into the common CBA space and averaged to obtain a group
tonotopic map (Formisano et al., 2003; Langers et al., 2007; Humphries et al., 2010;
Da Costa et al., 2011; Moerel et al., 2012; De Martino et al., 2013; Herdener et al.,
2013).
Results from the GLM analysis performed as first step of the tonotopy computation were used also to assess the overall response to the sound stimuli as
measured by CBF and BOLD signal. To evaluate the extension of activation in
the auditory cortex and its spatial consistency across subjects, probabilistic maps
were computed by calculating at each vertex of the common CBA space the relative number of subjects having significant activity at that spatial location. For
this analysis, a threshold of Q(F DR) < 0.05 (contrast: all center frequencies >
baseline; FDR standing for false discovery rate) was used. The difference in number of voxels significantly active for CBF and BOLD signal was tested using a
two-tailed t-test (with significance level α of 0.05).

3.3.7

Comparison of BOLD- vs CBF-based tonotopic maps

BOLD and CBF tonotopies were compared by calculating their spatial correlation
at the single-subject level in the native anatomical space of each subject and at
group level in the CBA surface space. The significance of the correlation at singlesubject level was evaluated by estimating the null-distribution via permutation
test (N _perm = 1000). For each iteration of the permutation test, the spatial correlation was computed between the original BOLD tonotopy and the permuted
CBF tonotopy obtained by randomly permuting the preferred frequencies across
the voxels in the tonotopic map. Here and in the rest of the paper, unless specified, by the term correlation, we refer to Pearson’s correlation calculated between
the two maps represented in vectors.
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3.3.8

Baseline CBF quantification

A quantitative perfusion (CBF) map was estimated from the ASL data using the
model proposed by the ASL white paper (Alsop et al., 2015). The assumption
of this model are: complete bolus delivery to the target tissue (i.e., PLD > ATT
for pCASL, where ATT stands for arterial transit time); no venous outflow of labeled blood water (which is generally valid in humans); and T1 relaxation time
of labeled spins to be the same as T1 of blood (at 3T, these values are similar and
therefore errors are negligible (Cavusoglu et al., 2009)). Given that the assumptions are satisfied in our study, quantitative CBF was calculated in each voxel
using the following equation:
P LD

qCBF =

6000 · λ · β · e T 1blood
 [ml/100g/min]

τ
−
2 · α · T 1blood · M0 · 1 − e T 1blood

(3.1)

where β is obtained by estimating the full GLM ASL model (for details see
Mumford et al., 2006; Hernandez-Garcia et al., 2010). In this model, β is a scaling parameter of the baseline CBF predictor (constructed as an alternation of -0.5
and 0.5) and is proportional to the label and control signal difference. Since CBF
and BOLD signal changes related to activation are also modeled in this GLM approach, the β estimate of baseline CBF is not biased by signal changes induced
by the task auditory stimulation. Other parameters in Equation 3.1 are: M0 representing the signal intensity of the M0 image; P LD the post labeling delay (adjusted for each slice according to the slice acquisition order); τ the label duration;
T 1blood the longitudinal relaxation time of blood in seconds (T 1blood = 1.650 s at
3T; Lu et al. (2004), Zhang et al. (2013)); λ the brain/blood partition coefficient
in ml/g (λ = 0.9 ml/g); and α the labeling efficiency (α = 0.85 for pCASL). Finally, the factor 6000 converts the units from 1/s to ml/100g/min, which is the
commonly used physiological unit for quantitative CBF.
The resulting quantitative CBF map was used to calculate single-subject gray
matter (GM) perfusion values by averaging the CBF values across all voxels included in a GM mask defined on the base of the individual anatomical segmentation and intersected with the ASL imaging slab. The group perfusion map was
obtained as the average of the single-subject perfusion maps after registration in
the CBA space.
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3.3.9

Voice selective regions

The BOLD and CBF time-series calculated from the ASL voice localizer run were
projected on the individual surface space and, independently, analyzed with a
GLM including one predictor for each category (vocal sounds, other natural sounds and tones). The predictor was built as the convolution of the box car representing the stimulus block with a canonical (double gamma) HRF. β estimates
of all predictors were calculated at each vertex of the cortical surfaces. Then, the
individual β estimates were projected in the CBA surface space and a second
level (i.e., multi-subject) GLM was performed taking into account the variability across the subjects (random effects group analysis, RFX). The obtained CBF
and BOLD statistical maps were thresholded (uncorrected t-value > 2; contrast:
all voice localizer sounds > baseline) to select only vertices showing stimulusinduced activity. Such vertices were included in the computation of the contrast
vocal sounds > (other natural sounds + tones)/2. In this manner CBF and BOLD
unthresholded voice selective maps were obtained. Their (dis)agreement was assessed computing the correlation between the two maps. The approach presented
here intentionally avoids to statistically threshold the maps at significance level in
order to compare CBF and BOLD-based voice selective maps circumventing the
issue of lower SNR for CBF compared to BOLD signal. Their comparison through
correlation is a valid approach, but unthresholded maps have to be interpreted
with caution. In the Supporting Information, the comparison of CBF and BOLD
voice selective regions was performed also using statistically thresholded maps,
with qualitatively similar results (see Supporting Information 3.7.6 and 3.7.7).
In order to quantitatively compare our results with previous findings using
standard BOLD fMRI, we computed the correlation between the BOLD unthresholded voice selective map obtained in this study and that made available at http:
//neurovault.org/collections/33/ by Pernet et al. (2015). The correlation was calculated after transforming the latter from MNI space to our groupspecific CBA space and considering only the common vertices between the two
maps.

3.3.10

Vein masks from susceptibility weighted images

Vein masks were generated from SWI in order to assess the tissue specificity of the
BOLD and CBF activation signal. SWI takes advantage of the complementary information of T2* weighted magnitude and phase images (Reichenbach et al., 1997;
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Haacke et al., 2004; Rauscher et al., 2006). Because of their paramagnetic properties, venous vessels look dark on magnitude images and take negative values in
the phase image. SWI uses the phase information to further suppress the magnitude intensity of venous vessels and therefore enhance their detection in the final
SW image. A sliding minimum intensity projection (mIP) over two subsequent
slices of the SW image was performed in order to profit from vessel connectivity
while preserving the local information across the slice direction to the level of
the resolution of the functional maps (i.e., 2 mm). Vein masks were created by
binarising the mIP-SW image with the value 1 assigned to voxels having a SWI
value lower than 1/5 of the maximum SWI value and the value 0 otherwise. The
vein mask was coregistered to the individual anatomy applying the coregistration parameters estimated between magnitude image of the SWI and MPRAGE
image of the anatomy. Finally, the coregistered vein mask was downsampled to
an isotropic resolution of 2.0 mm to match the resolution of the functional data
(Harmer et al., 2012). The resulting vein mask (see Supporting Information Figure 3.5) was visually inspected by overlaying it on the original SW image and the
T1 weighted anatomy. Note that the obtained vein mask may include CSF voxels
given that also CSF signal is suppressed in SWI images; however, this does not
represent a concern for our analyses since we used SWI information only for voxels detected as active by GLM of CBF and/or BOLD signal and therefore most
likely consisting of tissue, vessels and/or CSF containing vessels.
The fraction of active voxels, as previously defined by a GLM analysis of the
BOLD and CBF signal, labelled as vein voxels in the vein mask was determined.
Then, we investigated whether the presence of a vein biasing more strongly the
BOLD signal than the CBF signal could explain the partial mismatch between
the BOLD and CBF tonotopies. To that end, we calculated the correlation between BOLD and CBF tonotopies splitting the voxels according to the vein mask
labelling.

3.4
3.4.1

Results
Activation in auditory cortex

Figure 3.2A shows the two anatomically defined masks used in this study: in light
blue, the temporal cortex mask including the superior temporal plane (STP), STG,
superior temporal sulcus (STS) and middle temporal gyrus (MTG); in pink the
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F IGURE 3.2: Anatomical masks and probabilistic maps of activation. Panel A
shows the anatomically defined temporal (in light blue) and primary auditory
cortex (in pink, overlapped on it) masks. Panel B shows the probabilistic map
(from 10 to 100% overlap across subjects) of activation in response to tones. Activation maps from the CBF time-series are shown in red (top row), while those
from the BOLD time-series in blue (bottom row).

primary auditory cortex mask including HG and the areas immediately anterior
and posterior to it. Masks were drawn in the common CBA space based on (Kim
et al., 2000; Baumann et al., 2013; Bonte et al., 2013).
Tones elicited a robust activation in the auditory cortex as measured by both
BOLD and CBF signals and shown in Figure 3.2B by a probabilistic map of the
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contrast between all stimulus conditions and baseline. The activated areas included HG, planum temporale (PT), planum polare (PP), STG, and STS. BOLD
activation clusters were more widespread than CBF ones, as expected because
of the lower SNR of CBF signal compared to the BOLD signal. Thresholding
each single-subject statistical map with Q(F DR) < 0.05, the resulting number
of active voxels was significantly higher for the BOLD signal with respect to CBF
signal (2036±274 [range 414-3303] for BOLD signal and 729±108 [range 140-1458]
for CBF, reported as mean ± standard error across the subjects and [range minmax value]; p < 0.001, two-tailed t-test; see Supporting Information Figure 3.6 for
a boxplot of the value distributions). The tSNR, calculated averaging across all
the voxels in the temporal cortex mask of AC, was 57.6 ± 1.4 for BOLD signal and
2.3 ± 0.1 for CBF (where the tSNR values are reported as mean ± standard error
calculated across the subjects). More closely linked to the functional sensitivity
of the data, the CNR of the two time-series resulted in a value of 0.206 ± 0.014
for the BOLD signal and 0.130 ± 0.004 for CBF (reported as mean ± standard
error across the subjects). CNR was also calculated separately for each center frequency and a two-way repeated measure ANOVA was performed with contrast
(CBF or BOLD signal) and center frequency (i.e., the eight stimulus conditions) as
factors. Results showed a significant main effect for the contrast (p < 0.001), but
no significant effect for the center frequency nor significant interaction between
the two factors.
The average percent signal change was 1.53 ± 0.12% for the BOLD signal and
16.50±1.19% for CBF signal (reported as mean ± standard error calculated across
the subjects), resulting in a COV of 27.73% and 24.99%, respectively.

3.4.2

CBF and BOLD tonotopies

Tonotopic maps for CBF and BOLD signal are shown in Figure 3.3A (top and
bottom row, respectively). The CBF tonotopy presented two reversed spatial gradients of preferred frequencies located on HG: preferred low frequencies (in red)
were located on the central part of HG and preferred high frequency (in blue)
medially and posteriorly to it, forming a gradient pattern of high-low-high frequency. Additional gradients were located in the surrounding areas. More specifically, clusters of low frequencies were identifiable on the middle part of the STG
lateral and anterior to HG, and on the posterior STG. The tonotopic patterns are
similar across the left and right hemispheres. The overall layout and the spatial
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arrangement of the tonotopic gradients described for the CBF tonotopy is in good
(qualitative) agreement with those in the BOLD tonotopy (in the corresponding
panel of Figure 3.3A, the two reversed gradients forming the high-low-high frequency pattern are indicated by white double arrows and the additional low frequency clusters by black single arrows), and similar to maps shown in previously
published BOLD signal studies (see e.g., Formisano et al., 2003; Humphries et al.,
2010; Da Costa et al., 2011; Moerel et al., 2012). However, in the CBF tonotopy,
extreme low or high preferred frequency values are less represented than in the
BOLD tonotopy. A few limited mismatches between CBF and BOLD signal tonotopy are highlighted in Figure 3.3A by white single arrows.
The correlation between the CBF and BOLD tonotopic maps in the individual
volume space was significantly above chance for all subjects but one (i.e., 11 out
of 12 subjects; p < 0.01 as assessed by permutation test) resulting in a mean
correlation of 0.15 ± 0.06.
The spatial correlation between the BOLD and CBF group tonotopic maps was
calculated in the group-aligned surface space and resulted in a value of 0.45. Such
correlation increased to a value of 0.67 when restricting the computation to the
vertices within an anatomically defined mask of primary auditory cortex (PAC;
see Figure 3.2A, pink mask). In this ROI, the right hemisphere showed a slightly
higher correlation value than the left one (0.72 and 0.65, respectively).

3.4.3

Perfusion map and parcellation of the primary auditory cortex

A gray matter baseline perfusion value of 54 ± 2 ml/100g/min was obtained as
mean and standard error across the subjects. Supporting Information Figure 3.7
shows a multi-slice view of the quantitative perfusion map for each subject. Figure 3.3B shows the group perfusion map, the histograms of the gray matter perfusion values at vertex level in the left and right hemisphere, and a zoomed view
of the temporal lobes after thresholding (value > 68 ml/100g/min) in order to
highlight the region(s) with higher baseline perfusion. (Note that due to the limited brain coverage of the ASL acquisition, there are no CBF values detected for
the top part of the cortex.) In left and right AC, a relatively homogeneous region
with high perfusion was centered on HG and extended posteriorly and medially
to it. These areas corresponded in both hemispheres to the main high-low-high
frequency pattern observed in the previously computed tonotopic maps and to
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F IGURE 3.3: (A) Group tonotopy and (B) quantitative baseline perfusion maps.

92

3.4. Results
Panel A shows the group tonotopy obtained from CBF (top row) and the BOLD
signal (bottom row). Overlaid to the right BOLD map, two white double arrows
show the main gradients composing the V-shaped frequency pattern of PAC and
the black single arrows show clusters of low frequencies, which might belong to
additional gradients outside PAC. Given the symmetry between hemispheres
and the good agreement between CBF and BOLD tonotopy, such guiding symbols are presented only in one panel. In both CBF and BOLD tonotopic maps,
regions presenting a mismatch between the two maps are indicated by white
single arrows. Panel B shows the group quantitative perfusion map and the histograms of the perfusion values separately for the two hemispheres (LH and RH
stand for left and right hemisphere, respectively). In the plots, the green bar indicates the threshold of 68 ml/100g/min (corresponding to the 80th percentile
of the baseline perfusion in the temporal mask). The white rectangle overlaid
to the hemispheres shows the region of the close-up view used for Panel A and
the inserts in the histogram plots below. The inserts show a close-up view of
the thresholded perfusion map (CBF > 68 ml/100g/min; masked with the
anatomically defined temporal mask (Figure 3.2A, blue mask) and 25 mm2 cluster size threshold), in which one can observe a homogeneous high perfusion
region centered on HG. The contour of this bilateral region of high perfusion in
AC was outlined in black on all other maps.

the presumed location of the PAC. The correspondence is appreciable by contouring the high perfusion region and superimposing such contour to the tonotopy
(Figure 3.3A): the perfusion-based contour “segments” the V-shaped gradient of
high-low-high frequency cutting through the low frequency region.
The overlap between this high perfusion region and the anatomically defined
PAC was 72.15% (see Supporting Information, Figure 3.8).

3.4.4

Voice selective regions

Figure 3.4 shows the unthresholded voice selective maps in the CBA surface
space obtained from CBF and BOLD time courses using RFX GLM and computing the contrast vocal sounds > (other natural sounds + tones)/2. The overlaid
black contours and the Supporting Information Figure 3.9A show the voice selective regions defined as those regions showing significantly higher activation
to vocal sounds compared to other natural sounds and tones. BOLD signal voice
selective regions presented several peaks of voice sensitivity, and in particular,
on mid STS (lateral to HG), posterior STS and STG, and anterior STS for the left
hemisphere only. Outside the temporal lobe, a significant cluster was detected
bilaterally on the inferior frontal gyrus by both CBF and BOLD voice sensitive
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F IGURE 3.4: Unthresholded voice selective maps. Unthresholded CBF and
BOLD voice selective maps (top and bottom row, respectively) were obtained
using an RFX multi-subject GLM and computing the contrast vocal sounds
> (other natural sounds + tones)/2 for the vertices which showed stimulusinduced activity for both CBF and BOLD signal (uncorrected t-value>2; contrast: all voice localizer sounds > baseline). The black contours indicate the
voice selective regions obtained in the statistically thresholded maps computed
in the Supporting Information (see Supporting Information Figure 3.9).

mapping (see Supporting Information Figures 3.10 and 3.11). This configuration
is in agreement with previous studies, although an additional cluster on anterior
STS in the right hemisphere is sometimes found (Belin et al., 2000; Moerel et al.,
2012; Bonte et al., 2013, 2014; Pernet et al., 2015). In contrast, the extension of
CBF voice selective regions was very limited, probably due to the lower CNR
as suggested by below-threshold effects (see Supporting Information Figure 3.9B
and Section 3.7.7 Voice selective regions for a large range of initial vertex-level threshold in the Supporting Information). To overcome the limitation of low SNR for
CBF, the agreement between CBF and BOLD signal voice selectivity was assessed
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calculating the Pearson’s correlation between the two corresponding unthresholded maps. A correlation of 0.3815 (p < 0.001, two-tailed t-test) was found. Finally, good agreement was found between the BOLD signal voice selective map
obtained in this study with that obtained by Pernet et al. (2015) using standard
BOLD fMRI (Pearson’s correlation of 0.4810; p < 0.001, two-tailed t-test).

3.4.5

Vein masks from susceptibility weighted images

We found no significant difference in the fraction of vein voxels when considering
the whole ROI of BOLD versus CBF active voxels. However, considering the
active voxels non-overlapping between the BOLD and the CBF active ROIs, we
found a significantly higher fraction of vein voxels for BOLD exclusively active
voxels versus CBF exclusively active voxels (35%±2% and 27%±2%, respectively;
t-test(11) = 3.6114; p = 0.0041).
Hypothesizing a relationship between vein biasing and BOLD-CBF tonotopy
mismatch, we calculated the correlation between BOLD and CBF tonotopy splitting the voxels according to the vein mask labelling. Vein voxels had a BOLD-CBF
tonotopy correlation of 0.142±0.039 and non-vein voxels of 0.163±0.046 resulting
in a non-significant difference (t-test(11) = 0.5169; p = 0.3077).

3.5

Discussion

The present study investigated the tonotopic organization of the human auditory cortex using ASL fMRI. In contrast to standard BOLD fMRI, ASL allows
to simultaneously measuring CBF and BOLD signal. CBF has the advantage of
being quantitative and physiologically meaningful, having higher spatial specificity and reproducibility, albeit with lower SNR compared to the BOLD signal.
ASL has been previously employed to map the topography of a sensory system,
namely retinotopy in visual cortex (Cavusoglu et al., 2012), while the current
study, to the best of our knowledge, is the first to employ the ASL technique
to perform tonotopic mapping in the auditory cortex.
As expected, the passive listening of the stimulus tones activated the auditory cortex bilaterally in a wide range of areas, such as HG, PT, PP, STG and STS.
The extent of the activated areas was significantly larger when estimated from
the BOLD signal than from CBF. Such difference was primarily most likely due
to the different inherent SNR of the two contrasts, which is (for typical 3T human
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imaging parameters) 3-5 times lower for CBF than for BOLD signal (Cavusoglu
et al., 2012). In the current study, CNR of the BOLD signal was approximately
twice as large as the CNR of CBF. These numbers are in agreement with the number of voxels detected as significantly active in this study. Despite the lower SNR,
we observed a lower coefficient of variation for CBF percent signal change compared to BOLD, implying a higher reproducibility of CBF values, in agreement
with previous studies (Tjandra et al., 2005; Leontiev and Buxton, 2007).
We demonstrated the feasibility of tonotopic mapping using CBF signal measured with ASL technique, specifically pCASL at 3T. The CBF tonotopy clearly
showed a main V-shaped gradient of high frequencies around a low frequency
region centered on HG and additional gradients in surrounding areas. The overall pattern of the tonotopic map was similar across the two hemispheres. The CBF
tonotopy was in good agreement with the BOLD tonotopy obtained by the BOLD
time course extracted from the same ASL signal. The BOLD tonotopy obtained
from the ASL sequence, in turn, agreed very well with those of previous studies employing GE-EPI BOLD sequences (e.g., Formisano et al., 2003; Humphries
et al., 2010; Da Costa et al., 2011; Moerel et al., 2012; Saenz and Langers, 2014).
Although acquired simultaneously and therefore susceptible to the same correlated artifacts (e.g., physical noise, motion, . . . ), ideally, the BOLD signal and CBF
represent physically independent modulation of the ASL signal. That is, the presence of tonotopy in both the BOLD signal and CBF provides reciprocal validation
of the utility of both parameters for probing the human AC.
Despite the good correspondence between the spatial locations of the gradients between BOLD and CBF tonotopy, we observed a less steep gradient between the two extremes of the frequency scale using CBF, resulting in smaller areas activated preferentially by the lowest or highest frequencies. We attribute this
discrepancy to the inherently lower SNR of CBF resulting in noisier single-subject
maps and therefore favoring intermediate frequency range due to the averaging
of best frequency values involved in the calculation of group maps.
To focus our analysis on the auditory core, we defined a mask including HG
and the areas immediately surrounding HG anteriorly and posteriorly (see Figure
3.2A). The mask was anatomically defined in the CBA group space on the basis
of previous literature and current best practice (Humphries et al., 2010; Langers
and van Dijk, 2012; Moerel et al., 2014). The rationale of focusing on the auditory
core is that this is the area of AC that, despite the debate about the orientation
of PAC, is most consistently described and reliably interpreted across different
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studies at different field strength, using different stimuli, and at single-subject
and group level (Moerel et al., 2014). Interestingly, restricting the analysis to the
anatomically defined PAC increased the spatial correlation between BOLD and
CBF group tonotopic maps. This result confirms that human tonotopic maps —
as obtained with tones — are more reliable and more consistent across subjects
in PAC than in the whole AC. In future studies, it would be interesting to see
whether combining CBF-based tonotopic mapping and natural sounds, which
engage the whole auditory cortex in an ecologically valid manner (Moerel et al.,
2012), increases consistency also outside PAC.
Additionally to the functional ASL runs, an M0 image was acquired to allow
the quantification of brain perfusion. On the basis of the quantification formula
proposed by the ASL white paper (Equation 3.1; Alsop et al., 2015), we estimated
the quantitative baseline CBF voxel-by-voxel using the full ASL model to obtain
a perfusion estimate unbiased by the auditory activation due to the tone presentation. In the auditory cortex, we observed a region characterized by higher
baseline perfusion values in the location of HG and immediate surroundings for
both hemispheres. This finding is in agreement with the values of regional CBF
reported by (Chen et al., 2011, cfr. Table 2 “Transverse temporal - young adults”
and Figure 2), although in the cited paper no specific comment was done on this
regard. At least two alternative explanations of the observed higher CBF in the
presumed auditory core are possible: One possible cause is the noise of the MR
gradients during image acquisition. Alternatively, relatively higher CBF is due
to higher vascularization in the auditory core and thus independent of the MRI
acquisition. In other words, even though the MR gradient noise is a stimulus for
the auditory cortex, the spatial distribution of relative CBF can be preserved under the MRI conditions. Regardless of the underlying cause, we suggest that such
high localized perfusion area detected bilaterally in the auditory cortex identifies
the primary auditory core (the homologues of monkey areas A1 and R). This interpretation is supported by previous findings that primary (visual, auditory, and
somatosensory) areas have higher vascular density and steady-state metabolic
demands than secondary areas (Weber et al., 2008), and by the correspondence
between the location of the high perfusion area and that of the main high-lowhigh frequency gradients of both BOLD and CBF tonotopies. Interestingly, the
anterior border of the high perfusion area cuts through the low preferred frequency area of the gradient. This offers a possible distinction between primary
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and non-primary auditory regions otherwise not possible on the basis of the tonotopic information alone. In conclusion, independently from its cause, we suggest
that the observed higher perfusion is spatially restricted to early auditory areas,
thus, allowing the parcellation of the auditory cortex.
We investigated the tissue specificity of BOLD and CBF signals and found
a significantly higher number of vein voxels among BOLD signal active voxels,
compared to when using CBF. Vein voxels were defined using vein masks created
from SWI images optimized to enhance venous vessels from the surrounding tissue. Our results are in agreement with previous studies reporting a venous bias
of the BOLD signal whilst a higher specificity to the capillary beds for CBF signal
(Aguirre et al., 2002; Wang et al., 2003; Tjandra et al., 2005). We hypothesized that
such venous bias of the BOLD signal could explain the observed BOLD signalCBF tonotopy mismatches, but no significance difference was found between the
BOLD signal-CBF tonotopy correlations of vein versus non-vein voxels. Further investigations are needed to shed light on the origin(s) of the observed mismatches between BOLD signal- and CBF-based tonotopy possibly using higher
spatial resolution reducing partial volume effects between tissue, veins and CSF,
in particular outside of the PAC.
To further characterize the human auditory cortex, we investigated a higher
order functional property such as voice sensitivity. Voice selective regions were
investigated by contrasting responses to vocal sounds versus those to other natural sounds and tones as measured by CBF and BOLD signal computed from the
ASL signal of the voice localizer run. BOLD signal defined voice selective regions
were mainly located on STG and STS and presented five peaks of voice sensitivity, namely posterior and mid STS for both hemispheres and anterior STS for the
left hemisphere in good agreement with previous studies (Belin et al., 2000; Moerel et al., 2012; Bonte et al., 2013, 2014; Pernet et al., 2015). CBF defined voice
selective regions, although showing a more limited extent, successfully detected
three peaks corresponding to the bilateral posterior and the left mid STS clusters.
The correlation analysis between the unthresholded BOLD- and CBF-based voice
selective maps showed their relatively good agreement and further supported
the hypothesis that differences in extent and number of detected peaks was most
likely due to the different CNR of the BOLD and CBF signal.
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3.5. Discussion

3.5.1

Limitations and benefits of tonotopy using ASL

The most stringent limitation of using CBF signal is its low SNR (compared to
the standard BOLD signal). In this study, we assessed the CNR as a measure
of the functional sensitivity of the data and we found a CNR 1.6 times lower
for CBF than BOLD signal. Thus, differences between auditory processing as
detected using CBF and BOLD signal can either be attributed to the differences in
the biophysical origins of both signals or to differences in their CNRs. In future
studies, an adequately larger number of trials could be used to overcome the ASL
CNR penalty. Moreover, the labeling duration and PLD used in this study were
shorter than those recommended by (Alsop et al., 2015). Using a pCASL sequence
with longer labeling duration and PLD might have resulted in higher SNR of the
baseline CBF. Note, however, even though some of the quantitative results on
image SNR and tSNR of CBF are affected by the choice of ASL parameters, the
results on CBF tonotopic maps and their comparison with BOLD signal tonotopic
maps are qualitatively insensitive for a wide range of these parameters.
Another limitation of using ASL techniques is the need of acquiring tag-control
pairs of images, which results in an effective temporal resolution lower than the
nominal TR. Moreover, the TR itself cannot be as short as in BOLD imaging because of the post-labeling delay to allow the blood to reach the imaging slab. Such
transit time constitutes a time constraint of the order of ∼700-2800 ms depending
of the region of interest (Mildner et al., 2014), which, however, enables presenting
the auditory stimuli within the silent period of the delay.
On the other hand, CBF offers some important advantages such as quantification, physiological unit of measure, reproducibility and spatial specificity. Moreover, our results show that the baseline perfusion signal offers additional information to characterize AC. Most importantly, delineating the primary auditory
core on the basis of the perfusion baseline map alone provides complementary
and independent information to anatomical landmarks or myelin delineations.
ASL perfusion baseline measurements can be performed without sound presentation and with a run duration of 3-10 minutes (depending on the spatial resolution), therefore in a much shorter acquisition time than usual tonotopy protocols.
FMRI studies interested in PAC localization, but not in tonotopic information
per se, could therefore greatly benefit from perfusion baseline PAC delineation
as they could invest the spared time in the effect/task of interest. In addition,
differences in baseline perfusion between populations (e.g., healthy subjects vs
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Tinnitus patients) may be detected and be meaningful in characterizing the state
of the auditory processing in these populations. Furthermore, venous biases potentially confounding BOLD signal maps (such as detected in V4 in the visual
cortex; see Winawer et al., 2010) may be absent in CBF maps, which therefore
may yield a more faithful representation of the underlying neuronal functional
architecture.

3.6

Conclusions

In this study, we demonstrated the feasibility of tonotopy and voice area mapping in human auditory cortex using CBF obtained with an ASL MRI sequence.
We described the limitations and benefits of this approach compared to standard
BOLD fMRI: CBF is characterized by a lower CNR and temporal resolution, but
is a quantifiable physiological measure, has higher reproducibility, higher spatial specificity, and ASL sequences allow the simultaneous acquisition of CBF
and BOLD signal and sound presentation during the silent PLD. Interpreting the
perfusion baseline map and tonotopy together, we propose quantitative baseline
perfusion as a novel marker to identify the primary auditory cortex.
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Supporting Information

3.7.1

Vein masks

F IGURE 3.5: Vein mask creation for a representative subject. (A) Original SW
image. (B) mIP-SW image. (C) Thresholded and binarised mIP-SW image. (D)
Final vein mask obtained after coregistration in the native anatomical space of
the subject and downsampling to 2.0 mm isotropic voxel size. Note that CSF
is included in this mask, which, however, is not expected to affect the results
obtained from the cortical surface.

3.7.2

Power spectrum of 3T pCASL with 2D single-shot readout

The noise produced by the 3T scanner during the pCASL acquisition with 2D
single-shot EPI readout was measured using an optical microphone positioned
inside the MR coil at the approximate location of the head of the participants. In
Figure 3.1 of the manuscript, Panel A shows the sound waveform for one TR of
the used sequence and Panel B the frequency spectrum for the tagging module
and the EPI-train readout.

3.7.3

Activation in auditory cortex

As reported in the main manuscript, the boxplots in Figure 3.6 show the distributions across the subjects of the number of active voxels for BOLD signal and
CBF.

3.7.4

CBF quantification

Baseline perfusion was quantified according to Equation 3.1 (Alsop et al., 2015)
and the resulting quantitative perfusion maps are shown in Figure 3.7 as singlesubject multi-slice view.
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F IGURE 3.6: Number of active voxels for BOLD and CBF signal. Boxplot describing the distribution of active voxels across the subjects (“active” here means
surviving a statistical threshold of Q(F DR) < 0.05 (for the contrast: sound vs
baseline) and “**” indicates a significant difference of p < 0.001 (two-tailed t-test
with N = 12 subjects)).

3.7.5

Anatomically defined and baseline CBF based PAC

Figure 3.8 shows in pink the anatomically defined primary auditory mask (same
as in Figure 3.2A of the main text) and, overlaid on it, the black contour of the
high perfusion region identified using the baseline CBF measure.

3.7.6

Voice selective regions

In the manuscript, unthresholded CBF and BOLD statistical maps were used to
compute their spatial correlation as measure of their agreement. Here, we follow
more standard processing and threshold them in order to obtain voice selective
regions defined as those regions showing significantly higher activation to vocal sounds compared to other natural sounds and tones. To this aim, the statistics obtained from the RFX GLM analysis were contrasted using vocal sounds >
(other natural sounds + tones)/2 and the resulting maps were corrected for multiple comparisons using a cluster size thresholding approach (Forman et al., 1995;
Goebel et al., 2006; Hagler et al., 2006). The initial vertex-level threshold was set
to p < 0.05 (t-value(10) > 2.22) and a surface-based cluster size threshold was estimated with a false-positive rate (α) of 0.05: The estimated cluster size threshold
for CBF was 20 mm2 for both left and right hemispheres (LH and RH), while for
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F IGURE 3.7: Single-subject quantitative perfusion maps. Each row shows a
single-subject multi-slice view of the quantitative perfusion maps. All subjects
show clear high gray matter perfusion and low white matter perfusion.
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F IGURE 3.8: Comparison of the baseline CBF based definition of PAC (solid
black line) and its anatomical definition (pink region).

the BOLD signal it was 48 and 49 mm2 for LH and RH, respectively. Given the
arbitrary choice of the initial vertex-level threshold and its large influence on the
resulting maps, we additionally explored the resulting voice selectivity maps for
a large range of initial vertex-level thresholds (for details, please see following
section in the Supporting Information).
Figure 3.9A shows the group voice selective maps in the CBA surface space,
masked with the anatomically defined temporal cortex mask (see blue mask in
Figure 3.2A). Voice selective regions are mainly located on STG and STS in both
hemispheres. BOLD signal voice selective regions presented several peaks of
voice sensitivity, and in particular, on mid STS (lateral to HG), posterior STS and
STG, and anterior STS for the left hemisphere only. In contrast, the extension of
CBF voice selective regions was very limited, probably due to the lower CNR as
suggested by below-threshold effects (see Figure 3.9B and following section in
the Supporting Information). Nevertheless, when detected, the location of the
CBF-based voice selective regions was in agreement with the peak of the BOLDbased voice selective regions. Specifically, the detected locations were: the mid
STS peak in the left hemisphere and the posterior STS/STG in both hemispheres.
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F IGURE 3.9: Group voice selective regions as estimated by the RFX multi-subject
GLM. Panel A shows the CBF and BOLD voice selective regions (top and bottom row, respectively) estimated using the same initial threshold of t-value(10)
> 2.22. Panel B shows the CBF voice selective map resulting from an initial
threshold lowered proportionally to the ratio between BOLD and CBF CNR (see
following section in the Supporting Information for further details about this explanatory analysis). Maps were masked with the anatomically defined temporal
cortex mask.
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3.7.7

Voice selective regions for a large range of initial vertexlevel threshold

In the previous section, voice selective regions were defined as those regions
showing significantly higher activation to vocal sounds compared to other natural sounds and tones. The maps were corrected for multiple comparisons using
a cluster size thresholding approach (Forman et al., 1995; Goebel et al., 2006; Hagler et al., 2006). Here, we explore a large range of initial vertex-level thresholds
adequately chosen for CBF and BOLD signal CNR. In Figure 3.10 and 3.11, maps
are reported without anatomical masking and, as reference, a dashed rectangle
highlights the map corresponding to the standard threshold chosen in the previous section (i.e., p < 0.05 corresponding to t-value(10) > 2.22). Note that the
case “t > 1.38 CBF map” corresponds to lowering the initial t-value thresholding
proportionally to the ratio between BOLD and CBF CNR.
As expected, for both CBF and BOLD signal the extension of voice selective regions increased for lower thresholds and, vice versa, decreased for higher thresholds. Lowering the initial threshold for the CBF-based map yielded results more
similar to the BOLD-based “reference (i.e., the p < 0.05, t > 2.22) map”: for low
thresholds all five voice sensitive clusters (i.e., anterior STG in the left hemisphere
and mid and posterior STG in both hemispheres) were detected; however, some
additional clusters on HG and posteriorly to it also survived this milder threshold
although they were not present in the BOLD-based reference map and previous
studies (Belin et al., 2000; Moerel et al., 2012; Bonte et al., 2013, 2014). Similarly,
increasing the threshold for the BOLD-based map yielded results more similar to
the CBF-based “reference (i.e., the p < 0.05, t > 2.22) map”. Qualitatively, the
“t > 2.22 CBF map” was similar to the “t > 3.00 BOLD map” for the left hemisphere and the “t > 3.75 BOLD map” for the right hemisphere; the “t > 2.22
BOLD map” was similar to the “t > 1.20 CBF map” for both hemispheres. This
explorative analysis had the qualitative purpose to exemplify the influence of the
different CNR between CBF and BOLD signal on the resulting voice selective regions. Importantly, these observations allowed us to attribute (main part of) the
differences in the voice selective clusters detected by CBF and BOLD signal to
their different CNR.
Voice selective maps are reported in Figure 3.10 and 3.11 without any anatomical mask, showing the presence of a bilateral extra-temporal cluster on the inferior frontal gyrus detected in agreement with (Pernet et al., 2015).
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F IGURE 3.10: CBF voice selective regions for a large range of initial vertex-level
threshold. The dashed rectangle indicates the standard threshold taken as reference (p < 0.05, t > 2.22).
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F IGURE 3.11: BOLD signal voice selective regions for a large range of initial
vertex-level threshold. The dashed rectangle indicates the standard threshold
taken as reference (p < 0.05, t > 2.22).
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4.1

Abstract

Arterial spin labeling (ASL) is the primary non-invasive MRI approach to measure baseline cerebral blood flow (CBF) in healthy subjects and patients. ASL also
allows concurrent functional BOLD signal and CBF measurements, but the latter
typically suffers from low contrast-to-noise (CNR) ratio. Ultra-high field imaging
significantly boosts BOLD signal CNR and has the potential to also improve CBF
CNR. However, it is contested whether also CBF CNR benefits from increasing
magnetic field strength, especially given that technical challenges exist related to
field inhomogeneities and power deposition constraints. Recently, we presented
an optimized PASL technique that utilizes tr-FOCI inversion pulses and dielectric
pads to overcome the temporal resolution limitations of previous 7T ASL implementations (Ivanov et al., 2016a). The primary goal of this study was to compare its performance to that of 3T ASL approaches — both pulsed and pseudocontinuous ASL (PASL and pCASL, respectively) — concerning functional studies using simultaneous CBF and BOLD signal acquisition. To this aim, we investigated a wide range of parameters that can influence CBF and BOLD signal
sensitivities: spatial resolution, labeling scheme, parallel imaging and echo time.
We found that 7T ASL is superior in terms of CBF and BOLD temporal signalto-noise ratio (SNR) and activation volume compared to all 3T ASL variants, in
particular at high spatial resolution. Our results show that the advantages of
7T for ASL stem from increased image SNR and improved parallel imaging performance. The gray matter baseline CBF was in good agreement for all 3T ASL
variants, but a significantly lower value was obtained at 7T, possibly due to reduced intra-vascular MRI signal. The labeling scheme utilized was also found
to significantly influence the measured perfusion territory CBF. In conclusion, a
single-echo accelerated 7T PASL is recommended for high spatial and temporal
resolution CBF and BOLD imaging, while a 3T dual-echo pCASL approach without parallel imaging may be preferred for low (i.e., 3 mm isotropic and lower)
resolution functional perfusion and BOLD applications.
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4.2

Introduction

Cerebral blood flow (CBF) can be measured and quantified using arterial spin
labeling (ASL) — a non-invasive MRI method, which employs magnetically labeled arterial blood water as an endogenous tracer (Detre et al., 1992; Williams
et al., 1992). ASL time-series consist of pairs of label (or tag) and control (i.e.,
non-labeled) images, whose subtraction produces a signal proportional to the local tissue perfusion while their average represents the BOLD signal (Luh et al.,
2000). The non-invasive nature of ASL and its ability to dynamically and quantitatively measure CBF make it an attractive approach for both neuroscience research and clinical applications (Detre et al., 1998; Detre and Wang, 2002). Baseline CBF has been used to study longitudinal intra-subject changes due to, for
example, learning, experience and plasticity, and also to examine inter-subject
differences in baseline brain physiology in healthy subjects and patients (Detre
and Wang, 2002; Krieger et al., 2014). Functional ASL changes have been shown
to be better localized to the site of neural activation than the BOLD signal and
quantitatively more directly related to neuronal activity (Duong et al., 2001; Tjandra et al., 2005; Cavusoglu et al., 2012; Havlicek et al., 2015). In addition, the
capability of ASL to concurrently measure CBF and BOLD signal has proven to
be useful for investigating the brain’s physiology in health and disease (Bulte
et al., 2012; Buxton et al., 2014).
Nevertheless, compared to BOLD fMRI, CBF measurements using ASL present
some drawbacks (Alsop et al., 2015), such as: 1) lower signal-to-noise ratio (SNR)
of the perfusion-weighted signal due to the low microvascular density (∼1–2 %
of local tissue volume); 2) reduced temporal resolution due to the necessity of a
post-labeling delay (PLD) to allow the labeled blood to reach the imaging slab
and due to the need to acquire pairs of label and control images; 3) limited brain
coverage due to T1 relaxation of the labeled blood; and 4) increased power deposition.
To overcome these limitations, different ASL approaches have been proposed.
An exhaustive overview on how to tackle these limitations, together with protocol recommendations, is given in the ASL white paper (Alsop et al., 2015). In particular, the pseudo-continuous ASL (pCASL) method (Wu et al., 2007; Dai et al.,
2008) allows prolonged labeling durations, thus raising SNR, while the use of
background suppression improves SNR by reducing the physiological noise in
the time-series (Ye et al., 2000) (although at the cost of BOLD sensitivity (Ghariq
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et al., 2014)). In addition, performing ASL at ultra-high field (UHF; i.e., 7 Tesla
and higher) promises to be advantageous (Gardener et al., 2009; Ivanov et al.,
2016a). The image SNR increases with field strength (Norris, 2003; Pohmann
et al., 2016), which, for instance, improves white matter (WM) perfusion measurements with ASL (Gardener and Jezzard, 2014). In addition, the increased longitudinal relaxation times at higher fields (Rooney et al., 2007; Wright et al., 2008)
reduce label decay during PLD and image acquisition leading to higher perfusion SNR. These advantages allow acquiring larger brain coverage and/or using
longer PLD to avoid vascular artifacts, which are due to incomplete transfer of
the labeled blood from the arterial tree to the local tissue. The advantages of UHF
for BOLD imaging, demonstrated in numerous studies (e.g., Uludag et al., 2009;
van der Zwaag et al., 2009; Donahue et al., 2011, and references therein), render
simultaneous CBF and BOLD imaging using ASL at 7T particularly attractive.
Despite the aforementioned gains, UHF ASL has not found widespread use
in humans due to significant technical challenges. First, the spatial homogeneity and efficiency of the labeling are significantly degraded at UHF due to B0 and B1+ -inhomogeneities (Teeuwisse et al., 2010; Luh et al., 2013). Second, SAR
constraints at 7T make not only spin-echo (SE) based approaches impractical, but
also constrain the utilization at 7T of some widely-used 3T ASL techniques, such
as pCASL labeling and background suppression. As a consequence, to remain
within SAR limits, many UHF ASL implementations employ poor temporal resolutions that are not compatible with the requirements of adequately sampling
the hemodynamic stimulus response in fMRI (Ghariq et al., 2012; Luh et al., 2013;
Zuo et al., 2013; Bause et al., 2016; Zimmer et al., 2016). For example, the increased
power deposition at 7T leads to doubling of the minimum achievable repetition
time (TR) of pCASL at 3T, even with low flip-angle readouts (Zuo et al., 2013;
Wang et al., 2015). Third, resolution loss along the phase-encoding direction and
blurring in echo-planar imaging (EPI) can be observed for readout lengths typically used at lower fields due to the faster T2* decay at UHF (Farzaneh et al.,
1990; de Zwart et al., 2006).
Parallel imaging addresses some of these issues by shortening the EPI readout and reducing the effective echo spacing. Thus, using parallel imaging reduces
the image blur and geometric distortions due to off-resonance effects (de Zwart
et al., 2006), while it facilitates the increase of temporal resolution or brain coverage, reducing the minimum echo time (TE) possible and/or enabling multiple
echoes. Acquisition at shorter echo time increases the perfusion-weighted signal
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(St Lawrence and Wang, 2005), while multi-echo approaches can better characterize the CBF and BOLD time-courses obtained from the ASL data. Since parallel
imaging involves data undersampling, it also leads to decreases in image SNR
and, to a smaller extent, temporal SNR (tSNR) (de Zwart et al., 2006).
The improved image SNR at 7T compared to 1.5 and 3T can also be utilized
to image the human brain at higher spatial resolution. Pfeuffer and colleagues
demonstrated at 7T in humans that functional CBF mapping has superior spatial
specificity than the typically-employed gradient-echo (GE) BOLD signal (Pfeuffer et al., 2002). Decreases in the voxel volume lead to proportional reduction in
the ASL SNR, which render high-resolution perfusion imaging particularly challenging. In practice, to obtain sufficient SNR in ASL at 3T, low spatial resolutions
(above 3 mm isotropic) are utilized. Therefore, only a few studies have shown
CBF maps with in-plane resolution below 1.5 mm (Duong et al., 2002; Pfeuffer
et al., 2002; Zuo et al., 2013). It is worth noting that these studies utilized diverse acquisition approaches — SE, GE and turbo-FLASH (TFL), but were all
performed at 7T, indicating its potential for high-resolution CBF imaging.
In this work, we explore the benefits offered by a custom 7T FAIR QUIPSS
II (Wong et al., 1998) variant with optimized labeling RF pulses and dielectric
pads (Ivanov et al., 2016a) in comparison to conventional 3T ASL techniques for
concurrent (functional) CBF and BOLD imaging. To facilitate a direct across-field
comparison, FAIR QUIPSS II was also utilized at 3T. Moreover, other commonly
employed ASL techniques, such as PICORE Q2TIPS (Luh et al., 1999) and pCASL,
were also acquired at 3T. Furthermore, 2D EPI readouts and partial brain coverage were selected for their widespread availability and temporal efficiency allowing optimal conditions for concurrent functional CBF and BOLD experiments. In
a second set of experiments, we additionally investigated the influence of spatial
resolution within the aforementioned constraints in a subset of the techniques —
pCASL and FAIR at 3T along with the optimized 7T FAIR. The in-plane resolution was varied between 3.0 mm (conventional) and 1.5 mm (high), while dualecho data was enabled using the GRAPPA (Griswold et al., 2002) parallel imaging approach. In summary, we systematically examined the influence of imaging parameters affecting the ASL signal quality, including field strength, labeling
scheme, spatial resolution, echo time, and use of parallel imaging, to determine
their utility for achieving high-quality, high-spatial resolution functional CBF and
BOLD imaging.

121

Chapter 4. 3T vs 7T ASL for concurrent CBF and BOLD imaging

4.3
4.3.1

Materials and Methods
Subjects

Nine healthy volunteers (4 females, age range 24–42) took part in Experiment 1
investigating the effects of ASL sequence choices on perfusion SNR, control SNR
and absolute CBF values. Eight healthy volunteers (4 females, age range 24–30)
took part in Experiment 2 investigating the effects of spatial resolution and echo
time on perfusion SNR, control SNR as well as on CBF and BOLD functional
sensitivity. All participants had normal or corrected-to-normal vision. Written
informed consent was obtained from all participants according to the approval
of the study protocol by the Ethical Committee of the Faculty of Psychology and
Neuroscience, Maastricht University.

4.3.2

Data Acquisition

Measurements were performed on a 3T MAGNETOM Prisma Fit and a 7T wholebody research scanner (Siemens Healthcare, Erlangen, Germany) using a 64- and
32-channel head coil (Nova Medical, Wilmington, MA, USA), respectively. In order to improve the labeling efficiency at 7T, two rectangular 18x18 cm2 dielectric
pads with 5 mm thickness (Teeuwisse et al., 2012) were placed on either side of
the head at the level of the temporal lobes. At both 3T and 7T, the eye centers were
taken as a reference for the magnet isocenter position (∼ level of pons), instead
of the typically chosen eyebrows (∼ level of basal ganglia) to minimize B0 offsets
in the labeling region. Furthermore, the brain-feeding arteries were aligned with
the B0 field by adding cushions below the necks of the participants when necessary. These measures were previously shown to improve labeling efficiency at 7T
(Ivanov et al., 2016a). Half of the participants were first scanned at the 3T scanner
and then immediately transferred to the 7T scanner, and vice versa for the other
half of the participants. The two scanners are located within the same building at
a walking distance of a few meters.

4.3.3

ASL sequences

All experiments used prototype ASL sequences written in-house. Figure 4.1 schematically shows the analysis pipeline used in this study. In Experiment 1, three
ASL schemes, namely FAIR QUIPSS II (Wong et al., 1998), PICORE Q2TIPS (Luh
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F IGURE 4.1: Schematic illustration of the analysis pipeline.

et al., 1999) and pCASL (Wu et al., 2007; Dai et al., 2008), were acquired at the 3T
and one ASL scheme, namely FAIR QUIPSS II, at the 7T. All sequences employed
a 2D EPI readout. The labeling at the 7T was achieved using a tr-FOCI inversion
pulse (Hurley et al., 2010). For the rest of the paper, we will refer to them with the
following abbreviations: 3T FAIR, 3T PQ2T, 3T pCASL and 7T FAIR, respectively.
Thirteen slices were acquired with a voxel resolution of 3.0 mm isotropic and angulated in order to cover the visual and auditory cortices. For all schemes, one
baseline perfusion run was acquired with 96 time points duration (i.e., 4 min).
Further, an additional 3T pCASL run was obtained with identical readout, but
labeling duration (τ ) and PLD of 1500 and 1580 ms, respectively, in accordance
with the ASL white paper recommendations accounting for the distribution of
arterial arrival times across the brain (Alsop et al., 2015). The duration of this
run (which in the following will be identified with the abbreviation WHITEP)
was matched to that of the others, but the TR was 3.6 s, hence resulting in 66
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time points. The order of acquisitions at the 3T was pseudo-randomized across
the participants. The acquisition parameters were matched as closely as possible
across ASL schemes and field strengths (see Table 4.1 for sequence parameters
details). At 7T, one M0 image was acquired using the same sequence but with no
magnetization preparation and TR increased to 20 s. At 3T, a separate M0 acquisition was not necessary since the M0 acquisition is implemented in the sequence
acquisition itself as 1st volume of the run (but only if no parallel imaging is used).
At each scanner, one high-resolution anatomical scan was acquired: MPRAGE
sequence at 3T with 1.0 mm isotropic resolution (TE/TI/TR = 2.18/1040/2400
ms and 8 degrees flip angle); MP2RAGE sequence at 7T with 0.9 mm isotropic
resolution (TE/TI1/TI2/TR = 2.39/900/2750/4500 ms and flip angle 1/2 = 5/3
degrees).
In Experiment 2, two ASL schemes were used at the 3T, namely FAIR QUIPSS
II and pCASL, and one ASL scheme at the 7T, namely FAIR QUIPSS II. GRAPPA
factor 3 (using the FLEET approach for reference lines acquisition (Polimeni et al.,
2016)) was employed for all variants, in order to allow the acquisition of the highest in-plane resolution and the 2nd echo (TEs = 13 and 37 ms) within the fixed TR
of 2.5 s. All imaging parameters were matched as closely as possible across ASL
schemes and field strengths (see Table 4.2 for details).
For each combination of ASL variant and in-plane resolution in Experiment
2, one functional run of 204 time points (i.e., 8.5 min) was acquired while participants attended to visual stimulation. The stimulation protocol of each run
consisted of an initial rest period (gray screen) of 30 s and 8 blocks each consisting of 25 s 8Hz-flickering-checkboard hemifield stimulation followed by 35
s rest. A white cross, always present in the center of the screen, was used as
fixation point. In order to stimulate the same portion of the visual field at the
3T and 7T scanner, the size of the projected visual stimulus was adjusted according to the scanner specific stimulus setup to yield 6.5 degrees visual angle
stimulation at both scanners. In order to avoid order effects, the acquisition order of the different resolutions was pseudo-randomized across participants as
well as that of the ASL schemes at the 3T. For each ASL implementation in Experiment 2, one M0 image was acquired with a TR increased to 20 s and no
magnetization preparation. 7T ASL runs were followed by the acquisition of 3
volumes with the same sequence but with opposite phase-encoding direction to
allow for offline distortion correction with the reversed-gradient approach. Highresolution (0.7 mm isotropic) anatomical scans were acquired at each scanner. An
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TABLE 4.1: ASL sequence parameters of Experiment 1. All sequences employed a 2D EPI readout. In the central column,
all parameter values are reported, while in the left and right column values are displayed only when different among the
sequences. The symbol ‘—’ indicates that the corresponding parameter does not apply for that sequence.
3T FAIR, PQ2T, pCASL

WHITEP

In-plane resolution [mm]

7T FAIR

3.0

Slice thickness [mm]
TR [ms]
TI1 /TI2 [ms] or
τ /PLD [ms]
Number of slices
TE [ms]
Base resolution
Echo spacing [ms]
Partial Fourier
GRAPPA
Slice time acquisition [ms]
Readout duration [ms]

3.0
3600
—
1500/1580
13
13
64
0.51
6/8
off
30.4
24.48

2500
700/1800 (FAIR, PQ2T)
975/1005 (pCASL)

0.51
30.4
24.48

2500
700/1800
—

0.53
31.6
25.44

TABLE 4.2: ASL sequence parameters of Experiment 2. In the central column, all parameter values are reported, while in
the left and right column values are displayed only when different among the sequences. Values identical across in-plane
resolutions are reported only once.
3T FAIR
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Slice thickness [mm]
TR [ms]
TI1 or τ [ms]
TI2 or PLD [ms]
Number of slices
TE1 [ms]
TE2 [ms]
Delay after 1st echo [ms]
Base resolution
Echo spacing [ms]
Partial Fourier
GRAPPA
Slice time acquisition [ms]
Readout duration [ms]

1.5

2.0

2.5

3.0

1.5

2.0

2.5

7T FAIR
3.0

1.5

3.0
2500
925
875
10
13
37

700
1800
10

0
128
0.69
6/8

6
96
0.68
6/8

7
78
0.68
7/8

8
64
0.68
off

0
128
0.69
6/8

6
96
0.68
6/8

56.8
22.1

49.6
16.3

47.8
15.6

46.0
15.0

56.8
22.1

49.6
16.3

2.0

2.5

3.0

700
1800
12

7
78
0.68
7/8

8
64
0.68
off

0
128
0.69
6/8

6
96
0.68
6/8

7
78
0.68
7/8

8
64
0.69
off

47.8
15.6

46.0
15.0

54.8
22.1

50.5
16.3

48.8
15.6

47.3
15.2

3
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In-plane resolution [mm]

3T pCASL
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MPRAGE sequence (TE/TI/TR = 2.11/1040/2400 ms and 8 degree flip angle at
3T and TE/TI/TR = 2.47/1500/3100 ms and 5 degree flip angle) was followed
by a proton-density-weighted scan with identical imaging parameters apart from
the lack of inversion pulse and shorter TR (1890 ms at 3T and 1660 ms at 7T). This
was done to allow correction for receive bias fields in a consistent manner across
both scanners (Van de Moortele et al., 2009).

4.3.4

Preprocessing

Motion correction was performed using SPM8 (http://www.fil.ion.ucl.
ac.uk/spm/software/spm8/). In order to treat all ASL runs equally, each
ASL run (and corresponding M0 image) was realigned independently from the
other runs, by realigning all volumes and the M0 image to the first volume of that
run. Also 1st and 2nd echo images of Experiment 2 were treated separately for
motion correction as well as for the rest of preprocessing described below. After
realignment, 7T ASL runs were distortion corrected using the reversed-gradient
approach (Andersson et al., 2003) as implemented in FSL (topup; Smith et al.,
2004). The temporal mean of each ASL run was computed and used to calculate
the coregistration matrix with the anatomical scan of the corresponding scanning
session. Rigid-body coregistration (i.e., using 6 parameters: 3 translation and 3
rotation parameters) between each ASL run and anatomical scan was performed
using FLIRT (Jenkinson et al., 2002). In order to align the data from the two different scanners, an affine transformation between 7T and 3T anatomical scan was
calculated using RobustRegister (mri_robust_register; Reuter et al., 2010). Prior
to that, the anatomical images from both the 3T and 7T sessions were corrected
for gradient non-linearities using the vendor-provided software routines. Finally,
a mask representing the overlap volume between all ASL slabs (both 3T and 7T
sessions, all ASL schemes, and all resolutions for Experiment 2) was computed.
The only exceptions to this pipeline were made for subject 1, 2, and 8 of Experiment 1: For subject 1 and 2, no opposite phase-encoding images were acquired
for the 7T ASL run, thus no distortion correction was performed. For subject 8,
no 3T anatomy was available due to time constraints during the scanning session. Therefore, ASL data from the 3T session were manually registered to the 7T
anatomical scan.
In both Experiment 1 and 2, automatic segmentation of the subject’s anatomy
was performed on the 3T anatomical scan (except subject 8) using FreeSurfer
126

4.3. Materials and Methods
(https://surfer.nmr.mgh.harvard.edu/) and the recon-all pipeline. The
segmentation obtained was visually inspected and no manual corrections were
needed for any subject.

4.3.5

Perfusion calculation

Each motion-corrected (and distortion-corrected, in case of 7T) ASL run was separated into control and label time-series. For Experiment 2, only the 1st echo
signal was considered. If not further specified, analyses and results concerning
Experiment 2 will refer to the 1st echo images for the rest of the paper. Subtraction of the label from the control images yielded a perfusion-weighted time-series
and its temporal mean a perfusion-weighted map.
Quantification of the perfusion map was performed according to the model
described in (Alsop et al., 2015). The formula for PASL schemes is
T I2

CBF =

6000 · λ · ∆M · e T 1blood
[ml/100g/min]
2 · α · T I1 · M0

(4.1)

while for pCASL it is
P LD

6000 · λ · ∆M · e T 1blood

 [ml/100g/min]
CBF =
τ
−
2 · α · T 1blood · M0 · 1 − e T 1blood

(4.2)

where ∆M is the (relative) perfusion value (i.e., the temporal mean of the
control-label signal intensity difference). T I2 and PLD values were calculated
for each slice, as slices were acquired using a 2D EPI readout with ascending
slice order. The constants used in the formulas were: T 1blood the longitudinal
relaxation time of blood in seconds (T 1blood = 1.650 s at 3T (Lu et al., 2004; Zhang
et al., 2013); T 1blood = 2.100 s at 7T (Dobre et al., 2007; Gardener et al., 2009; Zhang
et al., 2013)), λ the brain/blood partition coefficient in ml/g (λ = 0.9 ml/g); and
α the labeling efficiency (α = 0.98 for 3T FAIR and 3T PQ2T, α = 0.95 for 7T FAIR,
and α = 0.85 for 3T pCASL and WHITEP). Finally, the factor 6000 converts the
units from 1/s to ml/100g/min, which is the commonly used physiological unit
for CBF.
A mean gray matter (GM) perfusion value was calculated considering all voxels included in i) a CBF-based GM mask, or, alternatively, ii) an anatomically
defined GM ribbon mask. The CBF-based GM mask was generated for each
ASL acquisition by thresholding the quantitative CBF map between 20 and 120
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ml/100g/min, which are physiologically reasonable values for GM CBF (Alsop
et al., 2015). Results relative to the anatomically defined GM ribbon mask are
nearly identical. Thus, details on methods and results with this latter approach
are only reported in the Supplementary Material (section 4.7.2).
Differences in mean GM perfusion values for the different ASL implementations were tested using a one-way repeated measures ANOVA for Experiment
1 and two-way repeated measures ANOVA for Experiment 2. In the first case,
ASL scheme (i.e., 3T FAIR, 3T PQ2T, 3T pCASL, WHITEP or 7T FAIR) was the
only independent variable, in the latter also voxel volume (e.g. 1.5x1.5x3.0 mm3 ,
2.0x2.0x3.0 mm3 , . . . ) was taken into account as a second independent variable.
Repeated measures ANOVA, here and for the rest of the paper, were computed
in SPSS using the Greenhouse-Geisser correction (which accounts for unequal
variances of the differences between all factor combinations). P -values of pairwise comparisons are reported according to Fisher’s Least Significance Differences (LSD, unadjusted probabilities).
Finally, the influence of using parallel imaging (GRAPPA 3) on the baseline
perfusion values was tested using the data from Experiment 1 and 2 for the
common voxel resolution of 3.0 mm isotropic and the common ASL schemes
(3T FAIR, 3T pCASL, and 7T FAIR). A two-way repeated measure ANOVA was
computed using ASL scheme as a within-subject factor and parallel imaging as
between-subject factor.

4.3.6

SNR measures

The signal quality of the different ASL acquisitions was compared by assessing
the perfusion tSNR, control tSNR and perfusion SNR.
Voxel-wise perfusion tSNR was calculated dividing the mean of the perfusion
time-series in each voxel by its standard deviation. With the term control tSNR
we indicate the tSNR of the control time-series, which approximates the tSNR
usually measured in standard BOLD fMRI. Control tSNR was computed voxelwise by dividing the temporal mean of the control time-series by its standard
deviation. This quantity was calculated after filtering the control time-series with
a nonlinear high-pass filter of 12 TRs using the -bptf option of fslmaths (from the
FSL toolbox http://fsl.fmrib.ox.ac.uk/fsl).
The perfusion SNR was calculated from the perfusion-weighted map according to the method of (Glover and Lai, 1998; Feinberg et al., 2013), as this definition
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of SNR is well suited also for acquisitions using parallel imaging. The perfusionweighted time-series was divided into two time-series containing either its evenor odd-numbered volumes. A temporal mean was computed for each split timeseries, then a sum image and a difference image of the two temporal mean images
were calculated. The perfusion SNR is computed as the mean value across the
sum image divided by the standard deviation across the difference image. For
this calculation, only voxels included in the CBF-based GM mask (described in
the previous section 4.3.5 Perfusion calculation) were considered. For Experiment
2, all three SNR quantities were calculated also for the 2nd echo time-series.
Differences in perfusion and control tSNR, and perfusion SNR for the different
ASL implementations were tested using a one-way repeated measures ANOVA
with ASL scheme as factor for Experiment 1 and two-way repeated measures
ANOVA with ASL scheme and voxel volume as factors for Experiment 2.
The decreases in the perfusion or control tSNR due to a certain factor, such as
use of parallel imaging acceleration, TE or change in voxel volume with respect
to a given other reference setting, were obtained using the equation:
Loss =

4.3.7

tSNRRef − tSNRx
tSNRRef

(4.3)

CBF and BOLD activation

In Experiment 2, the functional sensitivities of CBF and BOLD signal were evaluated by comparing the significant activation detected using the full GLM ASL
model (Mumford et al., 2006; Hernandez-Garcia et al., 2010). In this framework,
the raw ASL signal is modeled by four predictors:
y(t) = β0 + β1 x1 (t) + β2 x2 (t) + β3 x3 (t) + (t)

(4.4)

where y(t) is the signal intensity of a particular voxel at the time point t =
1, . . . , n , the first regressor x0 (t) = 1 and its coefficient parameter β0 represent the
baseline MR signal. The second regressor x1 (t) consists of an alternation of +0.5
and −0.5 describing the ASL zig-zag signal representing the acquisition of control
and label pairs. Thus, its coefficient parameter β1 represents the relative baseline
perfusion. The third regressor x2 (t) and its coefficient β2 describe the relative CBF
signal change due to activation, while the fourth regressor x3 (t) and its coefficient
β3 the BOLD signal change. Finally, (t) is the error term. The activation BOLD
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predictor x3 is built convolving a box car function representing the stimulus block
with a gamma function in order to account for the hemodynamic response delay.
The activation CBF predictor x2 is obtained by multiplying the activation BOLD
predictor x3 with the baseline CBF predictor x1 .
GLM analysis was performed using FEAT v6.00 (from the FSL toolbox http:
//fsl.fmrib.ox.ac.uk/fsl) including a pre-processing step of high-pass filtering (60.0 s cutoff) and FILM prewhitening. Statistical results were corrected
for multiple comparisons using a cluster size approach: voxel Z-statistics was
thresholded using a Z threshold of 2.3, then the resulting clusters were thresholded using a cluster p-value threshold of 0.05. Subject 6 was excluded from this
analysis as no activation was detected for multiple acquisitions due to excessive
motion. For all other subjects, activation maps were masked projecting back into
the functional space using the binary mask representing the intersection of all
ASL slabs acquired for that subject. In this manner, we excluded that differences
in the amount of activation detected were caused by different coverage of the ASL
slabs. Thanks to careful positioning of the slices, the intersection across all ASL
runs resulted in a consistent portion of the acquired ASL slabs for all subjects
(see Figure 4.1 for illustration). Differences in the amount of activated volume
detected by the activation CBF and BOLD predictors for the different ASL implementations were tested using a three-way repeated measures ANOVA with
signal (CBF or BOLD signal), ASL scheme (3T FAIR, 3T pCASL, or 7T FAIR), and
voxel size (corresponding to 1.5, 2.0, 2.5, and 3.0 mm in-plane resolution) as factors. Each subject’s activation maps were projected on the cortical surface and
averaged for display purposes only.
The full GLM ASL analysis and subsequent statistical evaluation were repeated for the 2nd echo signal of Experiment 2.

4.3.8

Perfusion territories

To assess differences in CBF distribution across the cortex due to the different
labeling schemes, we defined perfusion territory masks corresponding to anterior, middle and posterior cerebral arteries (ACA, MCA, and PCA, respectively).
The territory definition was based on the atlas provided by (Tatu et al., 2012). To
build the territory masks in a semi-automatic way, the FreeSurfer automatic segmentation following the Desikan-Killiany’ cortical atlas (Desikan et al., 2006) was
used, with the exception of the distinction between occipital and parietal superior
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gyrus for which the Destrieux’ cortical atlas (Destrieux et al., 2010) was utilized.
The segmented GM areas were re-labeled as ACA, MCA or PCA according to the
Tatu’s atlas. Additionally, left and right distinction was made yielding 6 perfusion territory masks for each subject (see Table 4.5 in Supplementary Material for
detailed list of the included areas and Figure 4.6 for an example of the resulting
masks). Differences in CBF across perfusion territories were statistically assessed
using four-way repeated measures ANOVA with ASL scheme, voxel volume, perfusion territory and laterality as factors for Experiment 2, and three-way repeated
measures ANOVA with ASL scheme, perfusion territory and laterality as factors
for Experiment 1.

4.4
4.4.1

Results
Perfusion maps

Figure 4.2A shows an axial slice of the quantitative perfusion maps obtained for
a representative subject from each ASL acquisition in Experiment 1. Overall, the
perfusion maps look similar, however they present some local differences. A clear
contrast between GM and WM regions is visible in all maps, but the GM’s perfusion signal is generally lower in the 7T FAIR map. The sagittal sinus appears
bright for the 3T FAIR scheme, which is a well-known artifact of the labeling geometry causing tagged venous blood to inflow from superior slices (Wong et al.,
1997; Cavusoglu et al., 2009). The sparser perfusion map appearance in the posterior part of the brain and the higher values in several isolated voxels in the 3T
pCASL are the result of the short PLD used.
Figure 4.2B shows the mean GM CBF averaged across subjects (single-subject
and group values are reported in Supplementary Table 4.3). Note that the values
indicated by circles in the gray box represent the acquisitions with no parallel
imaging utilized. 7T FAIR yields always the lowest GM CBF values, whereas
3T PASL and pCASL yield very similar GM CBF value for the 3.0 mm isotropic
measurements without parallel imaging (Experiment 1: ‘7T FAIR vs 3T FAIR’
p = 0.001, ‘7T FAIR vs 3T PQ2T’ p < 0.001, ‘7T FAIR vs 3T pCASL’ p = 0.001, ‘7T
FAIR vs WHITEP’ p = 0.045), while 3T FAIR delivers the highest GM CBF values
for the acquisitions using parallel imaging (GRAPPA 3, Experiment 2: ‘3T FAIR vs
3T pCASL’ p ≤ 0.007, ‘3T FAIR vs 7T FAIR’ p ≤ 0.002, ‘3T pCASL vs 7T FAIR’ p ≤
0.018 for each voxel resolution). All ASL implementations yield mean GM CBF
131

Chapter 4. 3T vs 7T ASL for concurrent CBF and BOLD imaging

F IGURE 4.2: Quantitative perfusion maps and mean GM CBF values. A) One
slice of the perfusion maps obtained with each ASL scheme for a representative
subject from Experiment 1; B) Mean GM perfusion values plotted as a function
of the voxel volume; C) The volume of the masks (i.e., the number of voxels
multiplied by the volume of one voxel) used to compute the mean GM perfusion
values plotted as a function of the voxel volume. Shades and error bars represent
the standard deviation across the subjects. Two x-axes are shown for clarity in
(B) and (C): the first x-axis represents the voxel volume corresponding to each inplane resolution (indicated in the second x-axis) and a slice thickness of 3.0 mm.
Points connected by continuous lines represent the results from Experiment 2, in
which the voxel volume varied between 1.5x1.5x3.0 mm3 and 3.0x3.0x3.0 mm3
. Results from Experiment 1 with voxels size 3.0x3.0x3.0 mm3 are indicated by
a circle within the gray box and are slightly shifted apart from each other and
from the last point of Experiment 2 for visualization purposes.

values in good agreement with the WHITEP implementation. For Experiment 2,
the mean GM CBF was generally not influenced by the voxel size: no significant
difference was found for 7T FAIR, while a significantly higher mean GM CBF
value was found in the 3T FAIR and 3T pCASL case only for the 1.5 mm in-plane
resolution (p ≤ 0.001 for all comparisons with the other voxel resolutions). Figure
4.2C reports the mean volume of the masks used suggesting that smaller volume
was detected in the GM mask at 3T for 1.5 mm in-plane resolution due to higher
thermal noise, possibly leading to a higher average CBF value, as observed in
Figure 4.2B.
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Finally, considering the acquisitions with ASL scheme and voxel size common
between Experiment 1 and 2 (i.e., the 3T FAIR, 3T pCASL, and the 7T FAIR, all
at the 3.0 mm isotropic voxel size), we compared the GM CBF values obtained
with or without parallel imaging (i.e., Experiment 2 using GRAPPA 3 vs Experiment 1 without GRAPPA). A significant effect was found for the ASL scheme
factor (p < 0.001), but not for the parallel imaging factor and the interaction term
‘ASL scheme * Parallel imaging’ (p = 0.900 and p = 0.179, respectively). The
anatomically defined GM masks yielded nearly identical results (see Supplementary Material 4.7.2).

4.4.2

SNR measures

Temporal SNR
Figure 4.3A shows an example of the perfusion tSNR maps obtained in Experiments 1 and 2. Mean perfusion tSNRs as a function of the voxel size and the
use (or not) of parallel imaging are shown in Figure 4.3B (continuous lines and
circle symbols). As expected, perfusion tSNR increases with voxel volume and
has higher values for acquisitions without parallel imaging. No significant differences in perfusion tSNR were observed for Experiment 1. In contrast, 7T ASL
yields higher perfusion tSNR values than 3T at all voxel sizes when parallel imaging is used (p < 0.001 for all comparisons; Experiment 2). Within the 3T ASL
sequences, pCASL has higher perfusion tSNR than FAIR (p < 0.001 for all resolutions). The loss in perfusion tSNR due to the use of GRAPPA factor 3 was
largest for 3T FAIR (65%), followed by 58% for 3T pCASL and only 30% for 7T
FAIR, indicating the improved parallel imaging performance at 7T. Using the 3.0
mm isotropic resolution from Experiment 2 as a reference, the perfusion tSNR
decreased very similarly for 3T FAIR, 3T pCASL and 7T FAIR when increasing
the in-plane resolution to 2.5 and 2.0 mm. The differences between 7T and 3T
perfusion tSNR loss become large for the 1.5 mm resolution: 46% for 3T vs 33%
for 7T. Note that the 7T/3T tSNR ratio, and hence the benefit of 7T, is largest for
the highest spatial resolution.
Figure 4.3C shows the tSNR values obtained from the high-pass-filtered control time-series. A consistent trend between different ASL implementations (ASL
schemes, voxel volumes, and use or not of parallel imaging) was observed: 7T
ASL had higher control tSNR than 3T ASL when parallel imaging was employed
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F IGURE 4.3: Perfusion tSNR maps and SNR measures calculated in the CBFbased GM masks. Panel A shows perfusion tSNR maps for two representative
subjects from the two experiments. Panel B, C, and D show perfusion tSNR,
control tSNR and perfusion SNR, respectively, as functions of voxel volume.
Continuous lines and circle symbols indicate measures corresponding to TE =
13 ms for Experiment 2 and 1, respectively. Shades and error bars represent
standard deviations across the subjects.
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(p < 0.001 for ‘7T FAIR vs 3T FAIR’ and ‘7T FAIR vs 3T pCASL’), and lower control tSNR than 3T ASL for implementations without parallel imaging (p = 0.007
for ‘3T FAIR vs 7T FAIR’, p = 0.014 ‘3T PQ2T vs 7T FAIR’, and p = 0.031 for ‘3T
pCASL vs 7T FAIR’). The control tSNR loss due to the GRAPPA factor 3 used was
slightly larger for the 3T FAIR than for 3T pCASL (59% vs 56%). In comparison,
the control tSNR loss due to use of the same acceleration factor for 7T FAIR was
only 18%, further supporting the improved parallel imaging performance at 7T.
In Experiment 2, control tSNR increased significantly with increasing voxel volume (p < 0.001 for all comparisons). Taking the 3.0 mm isotropic resolution from
Experiment 2 as a reference, the control tSNR decreased by a similar amount for
all approaches when increasing the in-plane resolution to 2.5 and 2.0 mm. The
differences between 7T and 3T control tSNR loss are again largest for the 1.5 mm
resolution (30% for 7T FAIR and 46% for both 3T ASL schemes).
Perfusion SNR
Figure 4.3D illustrates the perfusion SNR values. The main findings are similar to
those for the perfusion and control tSNR: Perfusion SNR increases with the voxel
volume (p < 0.001 for the voxel volume factor), and 7T ASL yields higher perfusion SNR values than 3T ASL when parallel imaging is employed (p = 0.001 for
‘7T FAIR vs 3T FAIR’ and p = 0.009 for ‘7T FAIR vs 3T pCASL’), whilst slightly
lower values when no parallel imaging is used (not significant). Furthermore, 3T
pCASL yields higher perfusion SNR than 3T FAIR in case GRAPPA 3 is utilized
(p < 0.001 for ‘3T pCASL vs 3T FAIR’). The main difference with respect to the
behavior of perfusion and control tSNRs is the reduced difference between the
performance with and without parallel imaging: only 3T sequences slightly benefit in terms of perfusion SNR from the absence of in-plane acceleration, while
no significant difference is observed for 7T FAIR. Perfusion tSNR, control tSNR
and perfusion SNR were computed also using the 2nd echo (i.e., TE = 37 ms) acquired in Experiment 2; results show the expected decrease and are reported in
the Supplementary Material (section 4.7.4).

4.4.3

CBF and BOLD activation

The full GLM ASL analysis showed significant activation for both CBF and BOLD
signal (see Figure 4.4). The activation clusters were mainly located in the right
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F IGURE 4.4: CBF and BOLD activations. Significant activation detected by the
CBF and BOLD predictors of the full GLM ASL model for the different in-plane
resolutions: results from 3T FAIR are overlaid on the 7T FAIR ones to facilitate
across-field-strength comparison. 3T pCASL activation maps were very similar
to those from 3T FAIR and are therefore not shown. The top row shows the
CBF activation and the bottom row the BOLD activation. The z-values are colorcoded from dark to light blue for 3T FAIR and from dark to light red for 7T
FAIR. A different maximum value was chosen for CBF and BOLD (i.e., 3.0 and
10.0, respectively) to better suit their specific dynamic ranges.

early visual cortex (EVC), as expected given the visual stimulation in the left visual field. Note that due to the interpolation when projecting the statistical maps
on the cortical surface a lower statistical threshold was chosen for display purposes. The BOLD activation was more widespread and reached higher Z statistics values in line with the higher tSNR observed for the BOLD signal with respect to CBF. In CBF activation, clusters outside EVC were detected only for the
lowest resolution investigated (i.e., 3.0 mm isotropic) and 7T FAIR. On the contrary, for BOLD activation, clusters outside EVC were detected for all voxel sizes
and more strongly for 7T FAIR. The general increase in the volume activated for
increasing voxel sizes and the larger extent of activation detected for 7T FAIR
with respect to both 3T acquisitions are evident from the plots in Figure 4.5 (Panels A, and B reffering to CBF and BOLD activation, respectively). The statistical
tests resulted in p < 0.001 and p = 0.016 for the interaction terms ‘contrast *
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F IGURE 4.5: Results of the full GLM ASL model. Plots A and B show the amount
of volume detected as active by the CBF and BOLD predictors, respectively. Plot
C shows the amount of GM volume whose time-course was significantly modulated according to the baseline CBF predictor. Lines and shades represent the
mean and standard error across the subjects, respectively.

ASL scheme’ and ‘contrast * voxel volume’, respectively. Further, the significant
pairwise comparison for the simple two-way interactions were (for CBF/BOLD
signal): p = 0.026/p = 0.055 for ‘2.0 mm vs 1.5 mm’, p < 0.001/p = 0.005 for
‘2.5 mm vs 1.5 mm’, p = 0.023/p = 0.012 for ‘3.0 mm vs 1.5 mm’, p = 0.029/n.s.
for ‘3.0 mm vs 2.0 mm’; n.s./p = 0.001 for ‘7T FAIR vs 3T FAIR’, n.s./p = 0.001
for ‘7T FAIR vs 3T pCASL’, n.s./p = 0.011 for ‘3T pCASL vs 3T FAIR’, n.s. for
all other pairwise comparisons. Finally, 3T PCASL resulted in larger activated
volume than 3T FAIR for both CBF and BOLD signal (for CBF/BOLD signal:
n.s./p = 0.011).
Figure 4.5C shows the volume significantly modulated according to the baseline CBF predictor. The increase in voxel volume resulted in an increase of the
modulated volume with a significant effect observed for all comparisons (p ≤
0.001 for all comparisons). 7T FAIR surpassed both 3T ASL schemes (p < 0.001
for both comparisons), and 3T pCASL was superior to 3T FAIR (p = 0.002).
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The full GLM analysis was performed also for the 2nd echo data (see Supplementary Material 4.7.5) yielding results in agreement with the BOLD sensitivity
depencence on GM T2* at 3T and 7T.

4.4.4

Perfusion territory CBF

Figure 4.6 shows the GM quantitative perfusion values averaged within each territory (which were defined in each individual’s anatomical space) and then across
the participants to obtain mean and standard error values for all ASL schemes of
Experiment 1 and 2. The plots show that the pulsed ASL schemes (i.e., 3T FAIR,
3T PQ2T, and 7T FAIR) result in a higher mean GM CBF in the PCA with respect to ACA and MCA territory, while pCASL leads to a higher mean GM CBF
in the MCA territory with respect to the other two, although for the WHITEP
implementation the differences among territories are minimized. These different behaviors are reflected in the significance of the interaction ‘ASL scheme *
perfusion territory’ (p < 0.001 for both Experiment 1 and 2).
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F IGURE 4.6: Perfusion territory GM masks and CBF values. Anatomically-defined perfusion territories are shown (for a
representative subject) in the image above the plots: green, orange, and purple masks correspond to ACA, MCA and PCA
territories. Territory specific CBF values are shown as a function of voxel volume using the corresponding colors (continuous
lines for Experiment 2 and circles for Experiment 1). Note that in this figure, masks and values were shown without differentiating between left and right part of each territory (i.e., contributions from the left and right part of each territory were
averaged prior to the display).
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4.5

Discussion

In this study, we compared an optimized 7T PASL approach to several 3T ASL
techniques with respect to the quality and sensitivity of the concurrently measured CBF and BOLD signals. To this aim, the same labelling scheme, namely
FAIR QUIPSS II, was employed at both field strengths and a broad range of measurement parameters was considered: spatial resolution, parallel imaging and
echo time. Furthermore, the influence of labeling scheme was also investigated
by extending the comparison to alternative 3T ASL techniques, such as PICORE
Q2TIPS and pCASL. It is worth reiterating that the focus of this study has been
on techniques that allow ASL acquisitions with a short TR (2.5 s) to ensure that a
broad range of functional paradigms can be employed.

4.5.1

The influence of magnetic field strength

We observed that 7T ASL has higher perfusion tSNR than 3T ASL for all resolutions and labelling schemes investigated when parallel imaging is used. Control
tSNR, TE, bolus length and PLD are the key parameters that determine the perfusion tSNR. When using GRAPPA, the larger control tSNR at 7T with respect to 3T
is the main source of improved perfusion tSNR at 7T. In fact, the control tSNR can
serve as a metric not only for the effect of field strength, but also for that of parallel
imaging and spatial resolution. When parallel imaging is not applied, 7T control
tSNR (for 3 mm in-plane resolution) is lower than that of the 3T approaches and
the perfusion tSNR is also lower. The higher perfusion tSNR at 7T translates into
significantly larger baseline CBF modulated volume and CBF activated volume
(Figure 4.5). Figure 4.4 also illustrates the advantages of 7T over 3T for mapping
the CBF functional response across the visual areas. These results point out that
the image (control) SNR increase (when parallel imaging is used) rather than the
longer T1s at 7T plays the decisive role for the advantages of 7T ASL with respect to 3T ASL. The observed 7T benefits for functional BOLD mapping in terms
of activation volume and extent are expected and have been reported numerous
times (van der Zwaag et al., 2009; Donahue et al., 2011). The smaller portion of
the brain significantly activated using CBF than using the BOLD signal is linked
to their large difference in tSNR and consequently contrast-to-noise ratio (CNR).
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Methods to decrease this disparity in CNR between the two by boosting CBF sensitivity or reducing the BOLD signal sensitivity, like background suppression or
alternative readout approaches, are discussed below.
High-quality, high spatial resolution ASL is enabled by parallel imaging through reducing TE and shortening the readout duration to increase the perfusion
signal and reduce blurring and susceptibility artifacts. However, the undersampling used in parallel imaging leads to a tSNR decrease, especially in the center
of the brain, where the g-factor penalty is largest. This can be observed well
in Figure 4.3A, where the 3T perfusion tSNRs using GRAPPA in the subcortical
structures are lower across all resolutions in comparison to the non-accelerated
3T and all 7T images. Importantly, it is possible to observe whether this effect is
more pronounced for 3T ASL than 7T ASL. The improved parallel imaging performance at 7T has been demonstrated previously (Wiesinger et al., 2004; Keil
and Wald, 2013) and is exemplified here by both the perfusion and control tSNR.
The CBF and BOLD signal sensitivity across field strengths also depend on
the receive coil array used. In this study, coils with different number of elements
were used at the two field strengths because of availability constraints. However,
due to the use of 2D EPI, not all coil elements present in the receive array actually
contribute to image formation. Thus, we do not expect significant differences
when using coils with matching number of elements. Therefore, the influence of
the RF coils is considered here as an integral part of the field strength effect on
tSNR and parallel imaging performance.
Differences in absolute CBF values between 3T and 7T
Although perfusion quantification is typically not the main point of interest for
functional CBF studies, quantification remains a major advantage of ASL compared to BOLD techniques. The obtained quantitative CBF values were largely
independent of spatial resolution, parallel imaging, and labeling scheme, but a
significantly reduced mean GM CBF at 7T with respect to 3T was found. This
finding is in line with those from previous studies at UHF and can have several
reasons (St Lawrence and Wang, 2005; Bause et al., 2016). First, labeling efficiency is a direct scaling factor for CBF and using a wrong (overestimated) value
for it will lead to underestimation. Second, the temporal duration of the label
for PASL sequences is another scaling factor that was assumed, whose overestimation would lead to lower CBF. Both factors may influence CBF estimation
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as a function of field strength at the individual and/or group level, since they
mainly depend on the B1+ - and B0 -homogeneity in the labeling region. The field
homogeneity at 7T presumably remained lower than typical 3T values, despite
the application of dielectric pads and optimized inversion pulses. Substantial
technical developments, such as parallel transmission techniques and dedicated
labeling coils, might be necessary to achieve labeling performance similar to current 3T scanners. The third potential reason for the lower CBF at 7T relates to
the single-compartment model used for its calculation. St. Lawrence and Wang
nicely demonstrated that, due to the T2* differences between the capillary blood
and tissue compartment, CBF at 7T obtained with this model will be increasingly
underestimated with increasing TE (St Lawrence and Wang, 2005). In particular,
for the 13 ms TE used here, the underestimation would amount to 10%, which
is less than the difference between the 3T and 7T CBF, pointing to the possibility
that the two factors described above also play a role.

4.5.2

The effect of spatial resolution

The voxel size decrease is accompanied with a reduction in image (control) SNR
and tSNR. The presence of physiological noise prevents improvements in image SNR to translate into commensurate increased tSNR. Increasing the spatial
resolution reduces the physiological noise contribution to the time-series variance (Triantafyllou et al., 2011). Consequently, at high spatial resolution, the
thermal noise begins dominating the temporal variance, and the relationship between tSNR and voxel volume becomes linear. For which imaging parameters
this happens will depend on the field strength, receive coil, acceleration factor,
reconstruction approach and echo time. Figure 4.3 suggests that the slope of the
GM (t)SNR dependence on the voxel volume at 3T might change between 1.5–2.0
mm and 2.0–3.0 mm in-plane resolution, potentially indicating a change between
the thermal noise- and physiological noise-dominated regime. Another indication for this might be the larger tSNR loss between the aforementioned in-plane
resolutions at 3T than at 7T. Furthermore, due to the decrease in perfusion and
control tSNR with increasing spatial resolution, the CBF and BOLD activation
volume and the baseline CBF modulated volume continuously decreased at both
fields (Figure 4.5).
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There are two main effects that take place when the spatial resolution is increased — the image SNR and time-series tSNR decrease, while the partial voluming between WM, GM and CSF is reduced. The GM thickness across the brain
varies between 2 and 4 mm, i.e. it is comparable to the voxel sizes employed in
this study. Accordingly, significantly higher CBF at the 1.5 mm in-plane resolution compared to the other resolutions acquired was observed for 3T FAIR and
pCASL, but not for 7T FAIR (Figure 4.2B). This suggests the low perfusion tSNR
for high spatial resolutions at 3T may be the main cause of this effect: the lower
perfusion tSNR at 3T reduces the GM mask volume, eliminating mostly voxels
with low perfusion-weighted signal and thus low CBF values. The same trend of
higher CBF for the 1.5 mm in-plane resolution at 3T was observed for the values
obtained from an anatomically-defined GM mask (Supplementary Figure 4.7), indicating that the reduction of partial voluming at high spatial resolution may also
contribute to the result. In particular, the acquisition of smaller voxels leads to increased mean GM CBF, due to the fact that partial voluming with both CSF and
white matter decreases the GM voxel’s perfusion estimate. The latter effect has
been claimed to be one of the reasons for the quantitative discrepancies in CBF
observed between ASL and PET (Donahue et al., 2006).

4.5.3

Dual-echo vs single-echo ASL

The perfusion SNR measures and CBF activated volumes all decrease with increasing TE irrespective of the field strength (see Supplementary Figures 4.8 and
4.9). In contrast, the BOLD signal has highest CNR at an echo time equal to the
local T2* of tissue. Thus, the TE of the acquisition has a key influence on the
CBF and BOLD sensitivities and should be carefully chosen. In the case of a
single-echo approach, a compromise between CBF and BOLD sensitivities typically needs to be made. Dual-echo will be beneficial when the second TE is close
to the optimal TE for BOLD imaging, while the first TE is as short as possible.
Indeed, 3T BOLD activated volume significantly increased for the second TE (independently of labeling scheme and spatial resolution), while the 7T BOLD activated volume obtained using the second TE was smaller than the one obtained at
the first TE across all resolutions (Supplementary Figure 4.9B). This latter result
can be explained by the significantly shorter T2* at 7T than at 3T, and single-echo
ASL should be the preferred option at 7T, especially in the case of high-resolution.
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In general, dual-echo will be a viable option at 7T only if low resolution is sufficient, since then the readouts and both TEs can be kept short through the use of
partial Fourier or/and parallel imaging. In contrast, dual-echo is the preferred
option at 3T across a range of resolutions because the tradeoffs of a single-echo
affect negatively both the CBF and BOLD sensitivities.

4.5.4

The influence of labelling scheme

Most functional ASL experiments to date have used PASL, but the recent widespread availability of pCASL has changed this trend, especially for pharmacological and calibrated fMRI studies where rapid temporal changes are uncommon.
PCASL has demonstrated higher within-session reproducibility and perfusion
tSNR than PASL (Chen et al., 2011). The latter result is also confirmed by our
findings. As mentioned above, pCASL allows longer labeling durations, albeit
with lower inversion efficiency than PASL schemes. One drawback of pCASL
compared to PASL is the lower temporal resolution due to the need for sufficient PLD before the data acquisition to avoid vascular artifacts. In cases when
short TRs are required, as in a functional study, a compromise between labeling duration and PLD needs to be found. The tradeoff chosen here is to keep
both approximately equal. Our results suggest that a PLD of about 1 second is
adequate for the brain regions within the MCA perfusion territory, and potentially for the ones supplied by the ACA, but clearly too short for those perfused
by the PCA. Figures 4.2A and 4.3A show perfusion signal inhomogeneities with
‘hot spots’ of high signal and neighboring dark voxels within the GM belonging
to the posterior perfusion territory. This is in contrast to the smooth GM delineation of the PASL and WHITEP images in the same areas. Figure 4.6 depicts
the perfusion territories’ CBF differences across the approaches tested. PCASL
shows significantly higher CBF in the MCA than both the ACA and PCA perfusion territories. In the WHITEP case, relaxation may cause the decreased CBF in
the MCA territory, whereas the completed label delivery would increase that of
PCA, and only the significant difference between MCA and ACA remains. These
results underscore that a PLD of 1.5 s or longer is required to ensure artifact-free
perfusion images for pCASL across the entire brain, albeit increasing the current
TR for pCASL by 500 ms. Despite the SNR benefits of pCASL at 3T, its practical
implementation at 7T is hindered by its high power deposition and sensitivity to
field inhomogeneities.
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Figure 4.6 indicates that the PASL schemes result in significantly higher CBF
in the PCA perfusion territory. The physiological origin of this effect is confirmed
by the fact that all PASL schemes employed here exhibit it. One possible explanation of this observation is the higher vascularization of the primary visual cortex.
Concurrently, it may also be attributed to the different flow velocities and therefore transit times of the brain-feeding arteries (Guo et al., 2016). The velocity in
the vertebral arteries that supply the posterior areas is typically lower than that
in the carotids, which deliver blood to the MCA and ACA territories, causing the
PCA bolus temporal width to be longer and be delivered later. The QUIPSS and
Q2TIPS saturation pulses control the label duration across all feeding vessels, but
the label in the PCA perfusion territory has experienced least T1-relaxation and
results in stronger perfusion-weighted signal and higher CBF. A wedge-shaped
slab-selective inversion pulse, recently proposed by (Guo et al., 2016) may compensate for this effect. It is worth noting that the CBF differences between perfusion territories among labeling schemes reported here should be considered when
comparing measurements across ASL approaches, as they constitute a potential
confound for baseline and stimulus-induced quantitative CBF values.
The significantly higher perfusion tSNR of pCASL leads to larger CBF activation volume than 3T FAIR, albeit the difference was not statistically significant. It
is possible that the higher mean perfusion tSNR for pCASL than PASL, despite
the relatively short labelling time, is also related to the insufficient PLD. In comparison, the lack of significant difference in control tSNR between 3T FAIR and
pCASL makes the significantly larger BOLD activation volume of the latter appear puzzling. We hypothesize that the disparity in BOLD sensitivity is caused
by the difference in longitudinal magnetization between the two, due to the application of presaturation and inversion pulses in FAIR — an effect similar to the
application of background suppression.

4.5.5

The effect of background suppression and readout scheme

The omission of background suppression and the use of 2D GE EPI for all the approaches investigated here were dictated by the requirements for short TR, which
is incompatible with the utilization of spin-echo approaches due to the SAR restrictions at 7T. Background suppression substantially decreases the tissue signal
and physiological noise associated with it and therefore improves the perfusion
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SNR. However, since the BOLD sensitivity depends also on the background tissue signal, it is reduced as well. Background suppression is ideally combined
with a 3D readout but is also useful in 2D EPI. The key disadvantage, and the
main reason for its omission in this study, is its high power deposition making it
incompatible with the stringent 7T SAR limits.
The 2D EPI readout was chosen for this functional ASL comparison (and in
many other studies), mainly because of its widespread availability, as well as
its temporal efficiency and robustness to motion compared to other alternatives,
such as segmented 3D SE readouts. Single-shot 3D SE PASL approaches can
achieve temporal resolutions similar to the ones used here and may result in
improved perfusion measurements (Vidorreta et al., 2013) albeit with reduced
BOLD sensitivity. This is a consequence of the SE contrast that removes the static
dephasing contribution and hence reduces T2* effects — a strong contributor
to the BOLD effect, but harmful for CBF imaging. Partial brain coverage will
be required to ensure that the readout does not exceed 300 ms to avoid significant through-plane blurring. The main disadvantage of SE readouts is their high
power deposition, which makes them currently impractical at 7T. A readout that
shares the robustness to off-resonance effects of the SE approaches, but is wellsuited for UHF, is TFL due to the low-flip-angle pulses used (Zuo et al., 2013).
TFL has the additional advantage that it is distortion-free, but it is only sensitive
to CBF and not the BOLD signal, which makes it unsuitable for their concurrent
measurement. 3D EPI readouts (Poser et al., 2010) are well-suited for simultaneous CBF and BOLD measurements (Gai et al., 2011) and have been successfully
implemented at 7T (Hall et al., 2010; Ivanov et al., 2016b) because of their low
power deposition. 3D EPI outperforms 2D EPI in the thermal noise-dominated
regime of high spatial resolutions, but they are comparable in the physiological
noise-dominated regime (Poser et al., 2010; Huber et al., 2017). Furthermore, 3D
EPI is optimally suited for combination with background suppression, and its
main drawback is its current limited availability across sites and platforms. In
summary, even though 2D EPI is not the ideal readout for all perfusion applications, it is well-suited for high temporal resolution, simultaneous functional CBF
and BOLD mapping, especially in the low spatial resolution regime. The simultaneous multi-slice 2D EPI significantly increases the brain coverage with only a
slight SNR penalty (Ivanov et al., 2016a). Sensitivity improvements with comparable temporal resolution, particularly at UHF, may be obtained by the utilization
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of 3D EPI with background suppression and/or 3D EPI combined with the double acquisition background suppressed (DABS) FAIR (Wesolowski et al., 2009). At
3T, the combination of a background-suppressed single-shot 3D GRASE readout
for the CBF and 2D EPI for BOLD imaging has shown great promise (FernandezSeara et al., 2016), but with less than half the temporal resolution achieved here.

4.6

Conclusions

The benefits and challenges of performing ASL studies at 7T compared to 3T
were explored. To adequately compare the signal quality and CBF and BOLD signal functional sensitivity, the field strength effect was thoroughly investigated by
taking into account also the influence of other acquisition factors, such as parallel
imaging, spatial resolution, echo time and labeling scheme. It is demonstrated
that high spatial and temporal resolution functional CBF and BOLD imaging can
be achieved using the presented single-echo 7T PASL scheme. Its superiority
over 3T approaches stems from the higher BOLD sensitivity and improved parallel imaging performance at UHF. At 3T, dual-echo pCASL without acceleration
delivers optimal perfusion sensitivity for low spatial and temporal resolution applications.
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4.7
4.7.1

Supplementary Material
Single-subject and group values of the mean GM CBF

Table 4.3 reports single-subject and group values of the mean GM perfusion calculated using the CBF-based GM masks.
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TABLE 4.3: Mean GM perfusion values in the individual CBF-based GM masks and mean and standard deviation (std) across
subjects. Values in Table A refer to Experiment 1, those in Table B to Experiment 2.
A
Subj

3T FAIR

3T PQ2T

3T pCASL

WHITEP

7T FAIR

1
2
3
4
5
6
7
8
9

51.87
47.48
47.82
56.36
54.44
45.28
51.70
59.98
51.08

54.02
46.03
46.63
56.22
50.97
45.00
53.13
58.29
51.62

50.82
52.14
49.00
55.63
53.96
48.23
51.84
62.09
51.61

47.49
47.55
43.01
53.19
54.06
41.08
—
62.48
49.07

47.49
40.19
44.74
47.37
40.36
38.98
47.56
47.49
48.17

mean
std

51.78
4.64

51.32
4.65

52.81
4.15

49.74
6.80

44.71
3.79

3T FAIR
2.0 mm 2.5 mm

3.0 mm

1.5 mm

B
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1.5 mm

1
2
3
4
5
6
7
8

57.35
60.10
59.63
60.38
63.72
57.82
62.51
62.28

50.27
54.45
56.32
54.98
58.58
53.97
60.07
58.23

50.00
54.86
55.14
56.16
60.42
51.54
59.96
57.18

48.68
54.08
53.62
55.24
55.83
49.98
58.14
56.37

51.29
55.16
54.94
52.90
57.74
51.28
57.79
58.67

47.96
51.11
52.91
50.58
56.19
48.63
55.50
56.11

mean
std

60.47
2.26

55.86
3.13

55.66
3.66

53.99
3.21

54.97
2.95

52.37
3.31

7T FAIR
2.0 mm 2.5 mm

3.0 mm

1.5 mm

3.0 mm

48.58
50.33
51.49
50.41
53.64
48.44
55.13
55.52

47.84
50.27
53.24
50.39
54.36
49.24
55.88
54.06

40.06
42.97
46.52
47.79
49.99
45.21
44.39
39.79

38.03
43.40
45.20
47.88
59.98
45.46
44.75
38.10

39.67
41.73
46.68
47.32
49.73
48.24
45.15
38.00

38.41
43.71
48.10
45.79
46.13
46.68
44.36
38.68

51.69
2.78

51.91
2.85

44.59
3.58

45.35
6.88

44.57
4.27

43.98
3.62
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3T pCASL
2.0 mm 2.5 mm

Subj

Chapter 4. 3T vs 7T ASL for concurrent CBF and BOLD imaging

4.7.2

Mean GM perfusion in the anatomically defined GM mask

Mean GM perfusion values were calculated based on i) a CBF-based GM mask,
and, alternatively, ii) an anatomically defined GM mask derived from the anatomical segmentation. Results according to the former approach are presented in
the main manuscript; those according to the latter are presented in the following
paragraphs. The anatomically defined GM ribbon mask was obtained by binarizing the ribbon.mgz output of the recon-all pipeline and transforming it into the
functional space of each ASL acquisition. Using both masks and comparing their
results allowed us to exclude biases due to arbitrary thresholding in the first case
or misregistration between anatomy and functional spaces in the second case.
Figure 4.7 shows the mean GM perfusion values averaged across the subjects for Experiment 1 (circles) and 2 (lines; individual and averaged values are
reported in Table 4.4) and plotted as a function of the voxel volume. 3T ASL
schemes delivered higher quantitative GM perfusion values than 7T FAIR both
with and without using parallel imaging (Experiment 1: p < 0.001 for all comparison between 3T ASL schemes and 7T FAIR, except for ‘WHITEP vs 7T FAIR’
having p = 0.022; Experiment 2: p ≤ 0.001 for ‘3T FAIR vs 7T FAIR’ and ‘3T
pCASL vs 7T FAIR’).
Considering the acquisitions with ASL scheme and voxel size common between Experiment 1 and 2 (i.e., the 3T FAIR, 3T pCASL, and the 7T FAIR, all
at the 3.0 mm isotropic voxel size) we compared the GM CBF values obtained
with or without parallel imaging (i.e., Experiment 2 using GRAPPA 3 and Experiment 1, respectively). We found a significant effect for the ASL scheme factor
(p < 0.001), and no effect for the parallel imaging factor and the interaction term.
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TABLE 4.4: Individual and group mean GM perfusion values in the anatomically defined GM masks. Values refer to Experiment 1 (A) and 2 (B).
A
subj

3T FAIR

3T PQ2T

3T pCASL

WHITEP

7T FAIR

1
2
3
4
5
6
7
8
9

57.42
53.11
50.67
66.94
62.88
46.38
58.99
70.31
58.03

60.99
48.94
48.73
63.24
57.00
43.87
59.02
65.77
56.40

52.53
60.25
51.11
63.14
64.20
48.10
57.73
72.79
62.68

48.53
53.07
44.63
60.49
63.69
40.75
—
76.00
53.82

48.72
39.49
41.65
50.40
39.23
32.83
49.55
49.61
48.00

mean
std

58.30
7.65

55.99
7.35

59.17
7.69

55.12
11.36

44.39
6.26

3T FAIR
2.0 mm 2.5 mm

3.0 mm

1.5 mm

B
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1.5 mm

1
2
3
4
5
6
7
8

56.03
67.38
65.62
64.25
72.95
59.69
69.85
67.45

46.64
57.75
61.09
58.66
64.94
54.93
69.51
62.67

48.80
61.08
59.21
64.15
70.18
52.28
71.16
61.04

46.41
61.25
58.19
62.11
63.24
51.47
66.45
63.02

46.74
56.72
64.74
57.23
64.07
52.31
67.39
63.51

43.88
51.37
60.75
54.79
65.25
45.64
66.94
61.63

mean
std

65.40
5.44

59.53
6.89

60.99
7.80

59.02
6.76

59.09
7.10

56.28
8.75

7T FAIR
2.0 mm 2.5 mm

3.0 mm

1.5 mm

3.0 mm

49.40
52.70
66.96
56.54
63.14
50.05
68.41
64.00

46.97
54.67
68.24
57.91
65.31
51.44
70.35
59.78

32.26
39.52
44.53
45.08
49.69
40.18
38.57
31.36

30.70
40.76
40.48
43.95
80.51
40.10
38.97
30.30

32.13
37.19
43.87
43.32
49.91
47.84
40.88
28.18

32.82
38.62
47.92
42.98
42.48
43.25
40.49
32.45

58.90
7.67

59.33
8.24

40.15
6.29

43.22
15.84

40.42
7.51

40.13
5.33
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F IGURE 4.7: Mean GM perfusion values in anatomically defined GM masks for
Experiment 1 and 2. For each subject, individual GM perfusion values are obtained averaging only voxels in an anatomically defined GM mask. The mean
GM perfusion values reported here were obtained averaging across subjects
(shades and error bars represent the corresponding standard deviation). Points
connected by continuous lines represent the results from Experiment 2 in which
the voxel volume was varied between 1.5x1.5x3.0 mm3 and 3.0x3.0x3.0 mm3 .
Results from Experiment 1 when the voxels size was fixed to 3.0x3.0x3.0 mm3
are indicated by a circle and are slightly shifted apart from each other for visualization purposes. Note that a cyan and black symbol are present only for
Experiment 1, as in Experiment 2 no 3T PQ2T and WHITEP acquisitions were
performed.

4.7.3

Creation of perfusion territory masks

Table 4.5 reports the list of Desikan-Killiany and Destrieux’ areas used to create
the six cortical perfusion territories.

4.7.4

SNR measures for 2nd echo data

Perfusion tSNR, control tSNR, and perfusion SNR were computed also using the
2nd echo (i.e., TE = 37 ms) acquired in Experiment 2, and are reported in Figure
4.8 using dashed lines. All three SNR measures importantly decreased for the
images acquired at TE = 37 ms with respect to those acquired at TE = 13 ms
∗

as expected due to the MR signal decaying with e−T E/T 2 . Perfusion SNR and
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TABLE 4.5: List of Desikan-Killiany areas used to create the six perfusion territories: left and right ACA, MCA, and PCA. The ‘LH’ and ‘RH’ columns report the indices for the areas in the left and right hemisphere while the first
column the corresponding name as used by the atlas implemented in Freesurfer
(aparc+aseg.mgz file). The asterix identifies the additional areas taken from the
Destrieux’ cortical atlas to distinguish between occipital and parietal superior
gyrus.

ACA

LH

RH

precuneus
isthmuscingulate
posteriorcingulate
paracentral
superiorfrontal
caudal anteriorcingulate
rostral anteriorcingulate
medial orbitofrontal
superiorparietal (intersected with:)
*G_parietal_sup
*S_intrapariet_and_P_trans

1025
1010
1023
1017
1028
1002
1026
1014
1029
11127
11157

2025
2010
2023
2017
2028
2002
2026
2014
2029
12127
12157

MCA

LH

RH

1031
1015
1008
1001
1030
1034
1035
1022
1024
1012
1027
1019
1003
1020
1018

2031
2015
2008
2001
2030
2034
2035
2022
2024
2012
2027
2019
2003
2020
2018

PCA

LH

RH

lateral occipital
inferiortemporal
fusiform
lingual
pericalcarine
cuneus
superiorparietal (intersected with:)
*G_occipital_sup
*S_oc_sup_and_transverse

1011
1009
1007
1013
1021
1005
2029
11120
11159

2011
2009
2007
2013
2021
2005
12120
12120
12159

supramarginal
middletemporal
inferiorparietal
bankssts
superiortemporal
transversetemporal
insula
postcentral
precentral
lateral orbitofrontal
rostral middlefrontal
parsorbitalis
caudal middlefrontal
parstriangularis
parsspercularis
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tSNR values particularly diminished for 7T FAIR as demonstrated by the absence
of significant differences from the corresponding values of 3T pCASL. The loss
in perfusion tSNR due to the increase in TE was 64% for 7T FAIR, while it was
only 46% for 3T FAIR and 43% for 3T pCASL. Control tSNR values decreased by
58% for 7T FAIR, but remained nevertheless higher than the control tSNR values
of 3T pCASL and 3T FAIR (which both declined by 41%). It should be noted that
in order to have identical TEs among resolutions and field strength delays up
to 8 ms were introduced after the first readout for the larger voxel dimensions
(see Table 4.2). Similarly, the first TE could also be shorter than 13 ms by up to
5 ms depending on the in-plane resolution. In result, the TEs for our imaging
parameters at 3 mm isotropic resolution without additional delays could have
been 8 and 24 ms, respectively — better suited to the T2*s at 7T.

4.7.5

Activation and baseline CBF for 2nd echo data

The full GLM ASL analysis was performed also using the raw ASL signal measured with the 2nd echo (i.e., TE = 37 ms) and the results are presented in Figure
4.9 by the dashed lines. As expected, CBF activation and CBF baseline modulation detection are substantially reduced in comparison to the GLM analysis with
the 1st echo (i.e., TE = 13 ms) for all 3T and 7T acquisitions. For the BOLD signal,
using the 2nd echo signal yielded larger activation volume for the 3T ASL schemes
and comparable activation volume for the 7T ASL acquisition. This behaviour is
in line with previous knowledge stating that CBF sensitivity is optimal at short
TE values, while BOLD sensitivity is optimal at TE≈T2*. Since the T2* value in
the visual cortex at 3T is approximately ∼45 ms, it is very close to the TE2 used
and explains the superior BOLD sensitivity for the 2nd echo. In comparison, the
T2* value in the visual cortex is approximately ∼25 ms at 7T, which is halfway between the acquired 1st and 2nd echo. The effect of voxel volume on the detection
rate for the 2nd echo followed the trends of the 1st echo with increasing activation
volume for increasing voxel volume, although sometimes noisier especially for
the CBF activation case.
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F IGURE 4.8: SNR measures calculated in the CBF-based GM masks. Dashed
lines correspond to SNR values calculated for the 2nd echo at TE equal to 37 ms.
For comparison purposes, also the SNR values obtained for images acquired at
TE equal to 13 ms (i.e., Experiment 1 and 1st echo in Experiment 2), and already
discussed in the main manuscript, are reported in the graphs (with circle symbols and continuous lines, respectively). The color coding of the dashed lines is
the same as for the continuous lines (blue for 3T FAIR, green for 3T pCASL, and
red for 7T FAIR). Shades and error bars represent the standard deviations across
the subjects.
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F IGURE 4.9: Results of the full GLM ASL model for the 2nd echo (TE = 37 ms;
dashed lines). For comparison purposes also the data corresponding to the TE
= 13 ms (i.e., Experiment 1 and 1st echo of Experiment 2) are reported (circles
and continuous lines, respectively). Panel A and B show the amount of significantly activated volume as detected by the CBF and BOLD predictors; Panel C
shows the amount of volume whose time-course was significantly modulated
according to the baseline CBF predictor.
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Summary
&
General discussion

5.1. Summary
The research presented in this thesis contributes to the field of fMRI methodology in cognitive neuroscience both in terms of data acquisition and analysis
and unveils the mechanisms underlying sound processing in the human auditory cortex.

5.1

Summary

In Chapter 2, we addressed an open debate about multivariate pattern analysis
(MVPA) in fMRI research. Although, the use of MVPA in fMRI studies has massively increased in the past decade and sometimes even replaced univariate analysis, little is known about the physical and physiological underpinnings of MVPA
in fMRI. Different theories have been proposed and investigated, although using
a limited range of experiments (visual tasks and 3T fMRI) and yielding conflicting
results. Thus, many questions, such as “What is the source of the signal detected
by MVPA decoding?”, “What is the optimal spatial resolution of acquisition for
fMRI data undergoing MVPA?”, and “What is the effect of spatial smoothing on
MVPA performances?”, are still open to debate. In Chapter 2, we have addressed
these questions using ultra-high field (7T) fMRI. The primary research aim was to
investigate the effect of spatial resolution and smoothing on decoding of speech
content (vowels) and speaker identity from auditory cortical responses. The spatial resolution was varied thanks to a novel approach, in which the complex kspace was first reconstructed from the magnitude and phase images acquired at
the highest spatial resolution and then downsampled. In addition, data at each
resolution were smoothed using a range of 3D Gaussian kernel sizes.
Decoding of vowel and speaker identity was demonstrated to be feasible at
7T for all spatial resolutions and smoothing kernels tested. The effect of spatial
smoothing on decoding performances was similar for vowel and speaker decoding: moderate smoothing improved the decoding accuracies, while large smoothing kernels deteriorated them. The effect of spatial resolution, instead, was different across the two decoding tasks: increasing the spatial resolution yielded
significantly higher accuracies for vowel decoding, but not for speaker decoding.
These results suggest a distinct spatial arrangement of the neural/neuro-vascular
sources underlying vowel and speaker representation and processing in the auditory cortex. Moreover, they indicate the need of empirical studies to investigate
the optimal acquisition in view of fMRI MVPA as it was shown to differ among
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decoding tasks even when using the same stimuli and decoding from the same
brain regions.
To characterize the physiological origin of the multivariate information in
fMRI, we ranked active voxels according to their likelihood of containing gray
matter (micro-vasculature) or large blood vessels (macro-vasculature). We found
that discriminability power is distributed over the continuum of tissue type, with
a slightly, but significantly, higher contribution from gray matter than from blood
vessel voxels. It is expected that this distinction will be further emphasized in
going to higher spatial resolution, further reducing partial volume effects. The
complex origin of the BOLD signal and its bias in presence of draining veins
makes understanding of the role of tissue types in fMRI MVPA even more complicated. Other fMRI techniques, such as cerebral blood flow (CBF) measured with
arterial spin labeling (ASL), for instance, have been demonstrated having higher
spatial specificity and closer link to the neural activation than GE-EPI BOLD signal. Moreover, CBF is a quantitative physiological measure with straightforward
interpretability. It could be therefore beneficial using CBF to study the physiological underpinnings of MVPA and, more generally, the functional organization
of the brain. These considerations motivated our Chapter 3, in which we used
pseudo-continuous ASL at 3T to study the functional organization of the human
auditory cortex. In particular, we aimed at mapping tonotopy and voice selective
regions in the human auditory cortex using, for the first time, CBF signal instead
of the standardly used BOLD signal. Further, we addressed the unresolved issue
of the anatomical and functional delineation of the primary auditory core. Finally,
we investigated the tissue specificity of CBF and BOLD signal and the possible
venous bias of BOLD-based tonotopy.
CBF-based tonotopy showed two main gradients composing a V-shaped pattern of high-low-high preferred frequency centered on Heschl’s gyrus and additional frequency gradients in the surrounding regions. The good agreement with
BOLD signal-based tonotopy demonstrated the feasibility of CBF-based tonotopy and provided a reciprocal validation of the CBF- and BOLD signal-based
findings. Despite the relatively good agreement between CBF- and BOLD-based
voice selective maps, two out of five peaks of voice selectivity did not reach significance for CBF. We attributed the missed detection of some voice selective regions and smoother CBF tonotopic maps to the lower SNR of CBF with respect to
the BOLD signal. Importantly, quantitative baseline perfusion maps showed a region of high perfusion centered on Heschl’s gyrus and corresponding to the main
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high-low-high frequency gradients, co-located to the presumed primary auditory
core, usually delineated by anatomical landmarks. These observations suggest
baseline CBF as a novel anatomical marker for parcellation of the auditory cortex. Finally, we assessed the tissue specificity of CBF and BOLD signal using
vein masks computed from SWI images. We found a higher specificity to microvasculature for CBF signal, whilst a venous bias for the BOLD signal. However,
our hypothesis that such venous bias of the BOLD signal could be the cause of local mismatches between CBF- and BOLD-based tonotopy did not find significant
evidence in the data.
Taking all results of this study together, we showed that both baseline and
stimulus-induced CBF is an alternative fMRI approach to the standard BOLD
signal to study auditory processing and delineate the functional organization of
the human auditory cortex. In future studies, the combination of CBF signal and
MVPA analysis could help to further explore the functional auditory cortex and
the underpinnings of MVPA fMRI itself.
In Chapter 3, we described the benefits and limitations of ASL fMRI. The latter were primarily identified in the low SNR of CBF signal and motivated the
project presented in Chapter 4, where different ASL implementations were compared in view of their utilization to simultaneously acquire CBF and BOLD signal in fMRI studies. To that end, the chosen ASL implementations had to fulfill
some criteria, such as short TR, TE(s) adequate to both CBF and BOLD acquisition
(therefore also no background suppression), (relatively) high spatial resolution,
and sufficient brain coverage. We performed one resting-state and one activation
study, in which we compared different ASL MRI approaches (FAIR QUIPSS II,
PICORE Q2TIPS (only for the resting-state experiment), and pCASL at 3T and
FAIR QUIPSS II at 7T). In the resting-state experiment, the voxel size was fixed
at 3.0 mm isotropic and no parallel imaging was used. In the activation experiment (consisting of visual stimulation presented in blocks), the acquisitions were
repeated at four different resolutions (1.5, 2.0, 2.5, and 3.0 mm in-plane resolution
for 3.0 mm slice thickness) and GRAPPA 3 was used. For comparison purposes,
one run was acquired with a pCASL implementation tuned accordingly to the
recommendations of the ASL white paper (Alsop et al., 2015).
Our results showed that for low spatial resolution (3.0 mm isotropic) and no
parallel imaging, 3T FAIR and pCASL yield the highest tSNR and perfusion SNR
and are therefore preferable over 3T PQ2T and 7T FAIR. However, increasing
spatial resolution and using parallel imaging (GRAPPA) favor the use of 7T FAIR
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above all and 3T pCASL above 3T FAIR. Such choice is indicated by tSNR, perfusion SNR and functional sensitivity (assessed as amount of significant activation
detected in response to the visual stimuli) measures.
Concerning the quantification of baseline perfusion, 3T ASL schemes resulted
in quantitative values in good agreement with those obtained with the “ASL
white paper” protocol (chosen as gold standard), providing therefore a validation of the 3T ASL protocols used in our studies. 7T FAIR yielded a significantly
lower mean GM perfusion value than 3T ASL schemes. We attributed such discrepancy to differences in the apparent transverse relaxation time of blood and
tissue, which are negligible at 3T but not at 7T, and to decreased labelling efficiency at the 7T due to field inhomogeneities.
These results lead to the recommendation to use 3T FAIR or pCASL for studies
using low spatial resolution (3.0 mm isotropic and lower) and no parallel imaging, while 7T FAIR for high-resolution and/or studies employing parallel imaging.

5.2

Conclusions and outlook

In conclusion, from a methodological point of view, the studies included in this
thesis shed further light on the mechanisms underlying MVPA fMRI, the optimal
acquisition and preprocessing of fMRI data undergoing MVPA analysis, the use
of stimulus-induced CBF to investigate the functional organization of the brain,
the use of baseline CBF to investigate the parcellation of the cortex, and the recommended ASL implementation to employ to achieve these aims. From a neuroscientific point of view, this thesis provides new insights on auditory cortical
processing of basic acoustic features (frequency) as well as on the cortical representation of speech content (vowel) and speaker identity. Furthermore, this thesis
put forward a novel, simple approach to delineate the primary auditory core.
In the following paragraph, we will comment on specific aspects of the studies, as summarized above, and take the freedom of speculating about possible
implications and/or outlooks.
In Chapter 2, we observed different hemodynamic response function (HRF)
shapes in different regions of the auditory cortex. For this reason, instead of using
a fixed predictor model, we built a range of HRF models with different timeto-peak shifts and chose for each voxel the HRF shift which gave the best fit to
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the mean over all trials. This approach represents a first attempt to take into
account such HRF variability, however, the flexibility of the models used was
quite limited. A more flexible model of HRF shape customizable for each voxel
(or brain regions) could result in a more accurate fit of each trial (both training
and testing trials) and therefore in an improvement of decoding accuracies.
A range of adaptive models of HRF have been proposed (e.g., Friston et al.,
1998; Dale, 1999; Glover, 1999; Woolrich et al., 2004; Lindquist and Wager, 2007),
which offer different degrees of flexibility. For instance, in a recent study, Pedregosa et al. (2015) implemented a voxel-by-voxel estimation with a three basis
functions model and showed its higher statistical power with respect to other
competing models in both encoding and decoding experiments.
Nevertheless, HRF fitting is generally not employed in decoding studies as
flexibility of the HRF model comes at the cost of risk of overfitting and resulting in not physiologically plausible hemodynamic shapes, especially in case of
low SNR voxels. Therefore, using β-values (or t-values) provided by fitting with
“too” flexible models as features of the MVPA algorithm could be, on the contrary, deleterious for the decoding. Moreover, including HRF modelling within
MVPA importantly increases its complexity and computational costs as flexible
models requires fitting several parameters (and not only one as for GLM with
a fixed HRF model). One approach to take into account HRF variability across
voxels could be to: 1) estimate the HRF voxel-wise from the training data or an
independent experimental paradigm (e.g., using flexible basis functions or a finite response model), 2) describe each voxel’s response with a single feature (e.g.,
its peak amplitude), and then 3) apply the voxel-specific HRFs to derive an estimate of features from the test data (see e.g., Kay et al., 2008a,b; Santoro et al.,
2014). Alternatively, one could use multiple features for each voxel including
all parameters describing the HRF estimate of that voxel. The rationale behind
this approach is that, if the HRF shape itself (and not only its amplitude) carries
information about the representation of a certain stimulus, including its parameterization should be informative for the algorithm and beneficial for the decoding. However, combining multiple features in a machine learning algorithm is not
trivial and different strategies are possible, among which: the multiple voxel-wise
features associated with the different HRF parameters could be concatenated to
form a higher dimensional space, or decoding could be performed using multiple
kernels corresponding to the multiple features and later recombined.
All different approaches offer advantages, challenges and limitations, thus
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theoretical and empirical studies are required in order to develop and evaluate
both aforementioned and new approaches to best account for HRF variability in
decoding fMRI.
In Chapter 2, we also investigated the tissue specificity of the discriminability power and found that both micro- and macro-vasculature contributed to it.
Oversimplifying the issue for a moment, one could think that if the hypothesis of
voxel biased sampling is correct, the multivariate information should come from
the micro-vasculature (GM), while, if the biased draining region hypothesis is correct, the information should come from the macro-vasculature (draining veins).
Our study was conducted with GE-EPI, hence the fMRI signal originated both
from micro- and macro-vasculature. As explained in Chapter 3, CBF measured by
ASL represents an alternative technique to BOLD fMRI and has the advantage of
being localized to the micro-vasculature. Performing a decoding study with ASL
could, therefore, allow testing of the two hypotheses and disentangle the origin of
the multivariate information. The ability of ASL to simultaneously acquire both
CBF and BOLD signal would represent a major strength to this aim, however, under the assumption that both signals had comparable (or at least “enough”) SNR.
Chapter 3 and 4, unfortunately, speak against the fulfilling of such a requirement
by current ASL techniques as the current major drawback of CBF signal is indeed
its low SNR (compared to the BOLD signal). In view of future improvements,
7T ASL seems to be the method of choice to this aim because it was found to
be the ASL implementation with higher SNR in case of high resolution imaging.
High resolution would be indeed another necessary requirement in such project
in order to avoid biases due to partial volume effects. Newly introduced 3D ASL
acquisitions, such as 3D RARE Stack-Of-Spirals (Ye et al., 2000; Dai et al., 2008;
Xu et al., 2010) or 3D GRASE (Gunther et al., 2005), seem also promising in terms
of CBF SNR improvement (Vidorreta et al., 2013) and should also be evaluated in
further studies.
Baseline perfusion was demonstrated informative on the delineation between
primary and secondary areas in auditory cortex (in Chapter 3) and in visual cortex (Weber et al., 2008). Cortical parcellation has been object of study since Brodmann’s work (Brodmann, 1909) and has been conducted under the assumption
of a close relationship between anatomical and functional properties. Thus, cytoarchitectonics became the leading technique to define structural and functional
organization of the brain. Next to it, other techniques such as myeloarchitecture and receptoarchitecture have been used (Smith, 1907; Vogt and Vogt, 1919;
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Zilles et al., 2002). With the advent of neuroimaging, cortical parcellation based
on myeloarchitecture and (functional) connectivity has gained increasing attention also thanks to their in vivo potential (Clark et al., 1992; Barbier et al., 2002;
Sigalovsky et al., 2006; Kim et al., 2009; De Martino et al., 2015). Although all
mentioned techniques should concur to describe the same functional specialization of cortical areas, the relationship and agreement between the resulting parcellations is still unclear (Cloutman and Lambon Ralph, 2012). Instead of comparing parcellations based on different techniques, recent efforts have been focused on combining them into a multi-modal parcellation approach. In Glasser
et al. (2016), a multi-modal approach using both structural (namely, T1 - and T2 weighted images delivering myelin content and cortical thickness information)
and functional (task and resting-state modality) images was combined with machine learning techniques to enable area delineation and thus proving the advantages of integrating information from different modalities. So far, to the best
of our knowledge, no multi-modal parcellation method has included perfusion
data. However, our findings in Chapter 3 and given the physiological link of
CBF with micro-vasculature and metabolic demand of the tissue (Weber et al.,
2008), we believe that perfusion signal represents a quite unique marker of both
anatomical and functional properties and that it could add relevant complementary information for cortical parcellation.
Multi-modality neuroimaging and machine learning algorithms appear to be
two key factors for future developments in the cognitive neuroscience field. A
first step in this direction was taken for example by Glasser et al. (2016) who, on
the basis of a rich multi-modal database provided by the Human Connectome
Project, built an areal classifier able to semi-automatically delineate and identify
cortical areas in new individual subjects, even with atypical parcellation. This
study also highlights another challenge of the current neuroscientific research:
moving from a group-averaging approach to an individual focus and personalized investigation (Dubois and Adolphs, 2016). To this aim, quantitative, robust,
and reproducible methods will likely play a major role and open the way for
translational applications in clinical and pharmacological research at the singlepatient level (Pike, 2012).
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Knowledge valorization
In this thesis, I presented fundamental research in the field of the cognitive
neuroscience. In particular, I used functional magnetic resonance imaging (fMRI)
to study auditory processing in the brain (Chapter 2 and 3) and investigated benefits and drawbacks of non-standard fMRI techniques, such as arterial spin labeling (ASL; Chapter 3 and 4) and ultra-high field fMRI (Chapter 2 and 4).
The methodologies and findings presented are, therefore, immediately relevant for researchers using fMRI and/or investigating auditory processing. Moreover, in this chapter, I sketch their possible impact outside fundamental research
and how they could be valorized in view of societal benefits. Knowledge valorization — also known as knowledge utilization, knowledge transfer, science impact, or
third mission of the universities — has gained increasing importance in recent years
till becoming a central element in science policy (Guston, 2000). In line with many
scientists’ concern about such new policies (Stemerding & Nahuis, 2014), in my
opinion, the relevance of scientific research goes well beyond its immediate or
short-term outcomes. Even though its commercial value is not its main drive,
past history has demonstrated the complex and unpredictable path from scientific research to societal impact (e.g., penicillin, microwave,. . . ). Thus, scientists
have to be aware how important it is for society to valorize the acquired knowledge in a broader sense than the pure seek of knowledge. In the light of these
considerations, the following paragraphs present some valorization possibilities
of the work illustrated in this thesis.
7T (f)MRI: from research to clinical tool
(F)MRI is a non-invasive imaging technique and therefore represents a highly
valuable instrument both for research and clinical purposes. As a consequence,
any research project, which challenges the current standards of (f)MRI, has the
potential also to significantly contribute future clinical protocols, thus benefiting
patient populations. Ultra-high field MRI (i.e., above 4 T) are currently employed
almost exclusively in research contexts, while hospitals commonly utilize 1.5 and
3.0 T scanners. In the past few years, more and more evidence on the benefits
of ultra-high field (f)MRI has been collected by the scientific community. For
example, 7 T MRI was proven superior with respect to 1.5 and 3.0 T in delineating the target areas for deep brain stimulation in Parkinson’s disease patients
and in depicting the microvasculature of brain tumors (van der Kolk et al, 2013;
and references therein). However, strong arguments in favor of maintaining the

179

Knowledge valorization
current clinical equipment are their lower cost and easier management. Our outcomes of Chapter 2 and 4 contribute to the accumulating evidences that ultrahigh field (f)MRI, thanks to the higher signal-to-noise (SNR) ratio and achievable
spatial resolution, provide (the scientist here, but potentially also the clinician)
richer and therefore more valuable information on cognitive brain processes in
healthy subjects and, by generalizing, also in patients. For instance, an MVPA approach similar to the one presented in Chapter 2 (speech content decoding from
high-resolution 7T fMRI signal) may be developed to predict which patients with
stroke-induced aphasia are likely to recover and which treatment could benefit
them the most (inspired by Crinion et al, 2012).
When to use 7T ASL instead of 3T ASL for brain perfusion measurement?
ASL techniques allow measuring brain perfusion in a quantitative and non-invasive manner. Therefore, ASL has a great potential for the diagnostic and following-up of all those pathologies that affect cerebral blood flow (CBF), such as
cerebrovascular diseases, dementia and brain tumors. However, medical doctors
are quite resistant to introduce ASL measurements as standard diagnostic exam
and they still prefer invasive techniques, such as PET, which requires injection
of radioactive tracers, or Gd-DTPA contrast agent injection in MRI. Part of this
resistance may be attributed to the large variety of ASL methods that have been
developed in the past years making it difficult for a practitioner (e.g., clinicians
and MRI technicians) to routinely utilize it in applied projects and diagnostics.
For this reason, scientists of the ASL community have joined forces to discuss
and achieve a consensus on best practices and recommendations for implementation of ASL in standard clinical context, which have been reported in the socalled ASL white paper (Alsop et al, 2015). Our study in Chapter 4 moves the
discussion about the “best” ASL implementation a step forward comparing 3T
ASL implementations not only among each other but also with a 7T ASL variant.
This comparison may become extremely relevant once 7T scanners will become
a clinically accepted magnetic field strength. Taking into account a wide range of
factors influencing ASL performances, we were able to provide concrete recommendations to guide researchers (and clinicians) in setting up study protocols.

180

Knowledge valorization
ASL, a new non-invasive approach to tackle tinnitus?
In Chapter 3, we used, for the first time, an ASL implementation to study the frequency processing of the auditory cortex in the human brain and we proved its
feasibility. Previous studies have demonstrated that CBF signal offers some advantages (such as higher spatial specificity, quantitative measures, and no venous
bias) with respect to the standard blood oxygenation level-dependent (BOLD)
signal, although with lower SNR. For this reason, one could think to employ ASL
to study pathologies, whose origins and/or mechanisms could not be explained
by BOLD studies. Given that we validated the functional sensitivity of CBF signal to frequency auditory processing in the human brain, a possible candidate for
such exploratory investigation is tinnitus, which is a disease defined by the perception of a sound in the absence of its corresponding external source. Tinnitus is
often associated with concentration problems, sleep disturbance, anxiety, depression and extreme fatigue and in its more severe forms may interfere with people’s normal life. Tinnitus is affecting about 16–21% of the adult population and
10–15% of the general population seeks medical attention due to its symptoms.
Currently, the underlying mechanisms (pathology) of tinnitus are unknown and
no cure is available (Maes, 2014; and references therein). It is therefore evident
that it is necessary to continue investigating tinnitus, a research context in which
ASL fMRI could contribute to new insights and, possibly, to establish a novel
clinical treatment.
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(Under review). Comparison of 3 and 7 Tesla ASL techniques for concurrent functional perfusion and BOLD studies.
*Authors contributed equally to the work

197

Publications

Conference contribution
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