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Abstract
In order to assess whole-brain resting-state fluctuations at a wide range of frequencies, resting-state fMRI data of 20 healthy
subjects were acquired using a multiband EPI sequence with a low TR (354 ms) and compared to 20 resting-state datasets
from standard, high-TR (1800 ms) EPI scans. The spatial distribution of fluctuations in various frequency ranges are analyzed
along with the spectra of the time-series in voxels from different regions of interest. Functional connectivity specific to
different frequency ranges (,0.1 Hz; 0.1–0.25 Hz; 0.25–0.75 Hz; 0.75–1.4 Hz) was computed for both the low-TR and (for the
two lower-frequency ranges) the high-TR datasets using bandpass filters. In the low-TR data, cortical regions exhibited
highest contribution of low-frequency fluctuations and the most marked low-frequency peak in the spectrum, while the
time courses in subcortical grey matter regions as well as the insula were strongly contaminated by high-frequency signals.
White matter and CSF regions had highest contribution of high-frequency fluctuations and a mostly flat power spectrum. In
the high-TR data, the basic patterns of the low-TR data can be recognized, but the high-frequency proportions of the signal
fluctuations are folded into the low frequency range, thus obfuscating the low-frequency dynamics. Regions with higher
proportion of high-frequency oscillations in the low-TR data showed flatter power spectra in the high-TR data due to
aliasing of the high-frequency signal components, leading to loss of specificity in the signal from these regions in high-TR
data. Functional connectivity analyses showed that there are correlations between resting-state signal fluctuations of
distant brain regions even at high frequencies, which can be measured using low-TR fMRI. On the other hand, in the high-TR
data, loss of specificity of measured fluctuations leads to lower sensitivity in detecting functional connectivity. This
underlines the advantages of low-TR EPI sequences for resting-state and potentially also task-related fMRI experiments.
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delay is in the range of 3 to 10 seconds [5,6], and it follows that
BOLD signal changes due to neuronal events filtered by the
hemodynamic response function are to be found in a frequency
range below about 0.15 Hz.
From a technical point of view, faster scanning has been possible
for a long time only under rather restricted circumstances, for
example when using a limited brain coverage like a single slice.
Using such methods, it was possible to investigate in detail the
temporal dynamics of the BOLD response to specific events [7–9],
but not all applications were amenable to investigation under
restricted fields of view. In particular, the field of resting-state
fMRI is focused on the connectivity of spatially distant regions in
coherent resting-state networks, which may only be analyzed with
whole-brain coverage – this has long been beyond the reach of fast
measuring techniques. Until recently, most fMRI measurements

Introduction
From the first identification of intrinsic fluctuations in fMRI
signal in the resting brain, these have been consistently described
as low-frequency fluctuations in the range of 0.01 to 0.1 Hz [1–3].
This definition is based primarily on two reasons, one of them
technical and the other being related to the physiological model
used to describe blood oxygenation level dependent (BOLD)
fluctuations in the brain [4]. The technical reason is the upper
limit of the sampled frequencies in the sequences usually
employed, typically allowing only for the analysis of the behaviour
of BOLD fluctuations below about 0.25 Hz (for a TR of 2 s). The
physiological reason is the delay and temporal smoothing
introduced by the hemodynamic response, which neuronal
activation is subject to before being detectable by fMRI. This
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were performed with TRs of between 1 and 3 s, which means that
the highest frequencies that can be critically sampled range
between 1.67 and 0.5 Hz. Even then, there were indications that
resting-state network fluctuations could be identified in higher
frequencies than 0.1 Hz [10,11].
It is only with the advent of more advanced fMRI imaging
techniques that a more comprehensive investigation of the highfrequency dynamics of BOLD fluctuations in the human brain can
be undertaken. Multiband imaging [12,13] has allowed EPI
imaging to be performed with higher spatial and/or temporal
resolution, and both lead to quite different applications. The
increase in temporal resolution has made it feasible to acquire
images of the whole brain at reasonable spatial resolutions with
subsecond repetition times. Though there exist other techniques
yielding even higher temporal resolutions [14,15], this increase
comes at the cost of lower effective image resolution. In contrast,
Feinberg et al. [12] found that functional connectivity in restingstate networks was improved when using multiband EPI image
acquisition with TRs under 1 s compared to non-accelerated EPI
with a TR of 2.5 s, indicating that the loss in effective image
resolution is outweighed by the gain in temporal resolution, at least
in the context of connectivity measures. Furthermore, the
identification of resting-state functional modes using multiband
imaging for higher temporal resolution has established the
multiband imaging technique as a robust choice for the analysis
of resting-state data [16].
Faster fMRI techniques have allowed to perform analyses on
resting-state data including higher frequencies, leading to generally
promising and sometimes unexpected results. For example, Zuo et
al. [17] have investigated the regional homogeneity (ReHo) of
resting-state fluctuations and found that its reliability is increased
with fast sampling rates. Liao et al. [18] have calculated graph
based metrics on resting-state data with a higher temporal
resolution and not only found low-frequency network characteristics consistent with previous low-TR findings, but also revealed
several default-mode regions to be network hubs at higher
frequencies (0.2–0.3 Hz). Finally, Boubela et al. [19] identified
resting-state networks using ICA on high-frequency fluctuations
(0.25–1.4 Hz) and revealed that even though their peak power is at
low frequencies, about 50% of fluctuation amplitude of restingstate networks occur at frequencies higher than 0.25 Hz. These
results suggest that high-frequency BOLD fluctuations during rest
are not only consisting of nuisance factors, but contain information
that can lead to a deeper understanding of resting-state
fluctuations themselves.
A thorough investigation of these high-frequency dynamics,
however, has not yet been performed. Baria et al. [20] have
explored the temporal dynamics of BOLD fluctuations in high-TR
resting-state data and found that the prevalence of different
frequencies varied across brain regions, corroborating earlier
results that the power spectra of resting-state oscillations varied
across the brain [21]. In these studies, it was found that the relative
power at higher frequencies was higher in subcortical regions as
well as in the insula, while low-frequency fluctuations were most
prevalent in regions in the prefrontal, parietal and occipital cortex.
These analyses, however, have been limited to frequencies lower
than 0.2 Hz, while oscillations of higher frequencies have not been
mapped. In the present study, we set out to close this gap and
provide a groundwork for further investigations of the highfrequency BOLD dynamics in the resting human brain.
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Results
The main differences in the spatial distribution of the fractional
amplitudes of different frequency bands are between cerebrospinal fluid (CSF), white matter and grey matter (see figure 1 (a)).
In the frequency band below 0.1 Hz, grey matter areas had
highest relative fluctuation amplitude (with values exceeding 20%
in some voxels), whereas the relative fluctuation amplitude of
oscillations of this range in both white matter and CSF were
minimal (about 5–10% in most voxels). Average relative fluctuation amplitudes were 15% in grey matter and 9–10% in white
matter and CSF (see table 1). In the next frequency range under
consideration (i.e., the band between 0.1 and 0.25 Hz corresponding to frequencies measured with high-TR measurements
but usually eliminated in resting-state analyses by the band-pass
filtering employed in many studies) there was still a moderately
high proportion of the fluctuation amplitude in the grey matter
(around 15%), and about the same amount in white matter and
CSF as in the lowest frequency range (around 10%).
The pattern reverses in the higher frequency ranges, though. In
the frequency range between 0.25 and 0.75 Hz, the highest
relative fluctuation amplitude was measured in the white matter
(about 34% on average), while both grey matter and CSF showed
lower amplitude (about 20–30%). Finally, in the highest band of
frequencies, i.e. those above 0.75 Hz, highest relative amplitude
was recorded in the CSF (49% on average); the oscillations in the
white matter had slightly lower relative amplitude (about 46% on
average). Even though oscillations in this frequency range were
lower within grey matter as compared to all other regions, they still
amounted to about 40% of total signal fluctuation on average. It
should be noted, though, that high relative amplitude does not
necessarily correspond to high absolute fluctuation amplitudes – in
particular, the higher relative amplitude in the high frequency
range in white matter is mostly due to the fact that there is very
little absolute fluctuation amplitude in all frequency ranges, in
contrast to the ventricles, where the high absolute fluctuation
amplitude in the high frequency range is due to a distinct peak at
these frequencies (see below).
Beside these general considerations, a number of more localized
effects can be noted in figure 1 (a). Grey matter regions showed
marked variability in the distribution of the frequencies of their
signal oscillations. Subcortical regions showed lower fractional
amplitude of low frequency fluctuations, and instead stronger
fluctuations in the frequency ranges of 0.25–0.75 Hz (in particular
for the basal ganglia) and above 0.75 Hz (in particular in the
amygdala). The insula, and above all the posterior insula,
exhibited a lower fluctuation amplitude than other cortical areas
in the low frequency range, fluctuations of about the same
amplitude than other cortical areas in the frequency range 0.25–
0.75 Hz, and markedly higher amplitude in the frequency range
above 0.75 Hz.
When comparing these percentual values with each other, one
should bear in mind that the frequency bands chosen were not of
equal width, and thus the wider bands (i.e., the two higherfrequency bands) are expected to yield higher relative fluctuation
amplitudes than the lower frequency bands for this reason alone
(even under the assumption of oscillations being uniformely
distributed across all frequencies). While the maps in figure 1 (a)
serve to visualize the spatial distribution of broad frequency
patterns, the relative weight of the oscillations of each frequency
band within the same region are better evaluated when viewing
the spectra of the oscillations in particular regions.
Indeed, the patterns seen in figure 1 (a) are also reflected in the
more detailed view of the power spectra of the time courses
2
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Figure 1. Fractional amplitudes of fluctuations. Fractional amplitudes of fluctuations in four different frequency bands in the low-TR dataset (a),
in two different frequency bands in the high-TR dataset (b), and in the two lower frequency bands combined in the low-TR dataset (c). All color bars
are set to the same window width (0.15).
doi:10.1371/journal.pone.0093375.g001

measured in 7 selected individual voxels shown in figure 2 (left
column). Cortical grey matter voxels show heavily skewed power
distributions, with most power at the lowest frequencies. The
power then declines sharply towards higher frequencies, until only
a small residual fluctuation amplitude remains (note that it still
remains at a relatively constant low level, and never completely

vanishes). It can also be seen that this decline is more pronounced
in regions of the default mode network, i.e. the PCC and the
mPFC, compared to other cortical regions like the visual cortex,
the motor cortex or the insula, all three showing less steep a peak
than the default-mode regions. In addition, one can see in the
spectrum of the insula voxel that there is a second peak of

Table 1. Mean spectral power proportions.

Low-TR

Grey Matter

White Matter

Ventricles

,0.1 Hz

0.15

0.09

0.10

0.1–0.25 Hz

0.13

0.11

0.11

0.25–0.75 Hz

0.32

0.34

0.30

0.75–1.4 Hz

0.41

0.46

0.49

High-TR

Grey Matter

White Matter

Ventricles

,0.1 Hz

0.42

0.35

0.36

0.1–0.25 Hz

0.50

0.55

0.55

Mean spectral power proportions in the indicated frequency bands within grey matter, white matter and ventricle masks in the low-TR (top) and high-TR (bottom)
datasets. Voxelwise spectra were calculated and averaged across all voxels within the respective masks. Row-wise maxima are highlighted in the table. In the low-TR
dataset, low-frequency fluctuations up to 0.25 Hz are most pronounced in grey matter, while medium and high frequency oscillations have highest amplitude in white
matter and in the ventricles, respectively. In the high-TR dataset, fluctuations below 0.1 Hz are present predominantly in grey matter, and fluctuations between 0.1 and
0.25 Hz in white matter and ventricles.
doi:10.1371/journal.pone.0093375.t001
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fluctuation amplitude at about 1.2 Hz which, albeit lower than the
first peak at the low frequencies, still accounts for a large
proportion of the variation of the time course in this region. The
amygdala voxel time course is similar to the insula in that it also
has a peak at low frequencies and a second peak at about 1.2 Hz.
The basal ganglia spectrum resembles the cortical spectra, but the
low-frequency peak in this region is less pronounced than that of
all cortical areas except for the insula.
The white matter power spectrum is distinct from all other
spectra in that it has a relatively constant power across all
frequency ranges except for a very slight increase in power in the
lowest frequencies. The power spectrum in the ventricular voxel’s
time course also has a slight peak at the lowest frequencies, but the
frequency domain with the most pronounced oscillations in this
voxel were at 1–1.4 Hz. It is worth noting at this point that the
frequency range of this high-frequency peak is approximately the
same for the ventricular voxel and for the insula and amygdala
voxels.
These results can then be compared to the power spectra from
the high-TR scans taken as a reference (see figure 2, right column).
In regions where there is both a very pronounced peak at low
frequencies and a constant, low baseline of fluctuation amplitude
(i.e. in the mPFC, PCC, visual vortex and motor cortex), a peak at
low frequencies and a subsequent decline of power towards higher
frequencies can be observed, though the higher baseline amplitude
in the visual and motor cortices means that the low frequency peak
in this region is less pronounced compared to the default-mode
regions. The spectrum of the basal ganglia lost the peak at low
frequencies seen in the low-TR spectrum, and instead had a more
even distribution across the frequency ranges sampled. In regions
with a second peak of fluctuation amplitude above 1 Hz in the
low-TR spectra, that is, the amygdala, insula as well as the
ventricles, the high-TR spectra show an almost constant spectrum
across the whole frequency range measured, likely due to the
undersampling of the high-frequency oscillations which lead to a
constant increase of fluctuation amplitude across all frequencies.
Finally, the white matter voxel, which already had an almost
constant spectrum in the low-TR data, also has a rather constant
spectrum in the high-TR dataset, with even the slight increase in
amplitude at lowest frequencies observed in the low-TR dataset
vanishing here. To summarize the differences in the strengths of
the low-frequency peaks, the ratio between the peak power at low
frequencies and the minimum power at higher frequencies for all
ROIs and for both TRs is given in table 2.
In grey matter regions, the low-frequency peaks seen in the
high-TR dataset can only be distinguished from the baseline up to
approximately 0.1 Hz, while the low-frequency peaks in the lowTR dataset extend to higher frequencies, up to and in some cases
even beyond 0.25 Hz (e.g., PCC, mPFC, visual and motor
cortices). In other regions (insula, basal ganglia, amygdala), a lowfrequency peak can only be distinguished in the low-TR dataset,
while no clear peak is visible in the spectra of the high-TR data.
In terms of spatial distribution, the results of this change in the
frequency spectra can be seen in figure 1 (b). In the low frequency
band, the grey matter regions still exhibit highest fluctuation
amplitude, but the gap between the relative amplitudes in these
regions and those in white matter and CSF regions is narrower
than in the low-TR data seen in figure 1 (a): while in the low-TR
dataset the low-frequency range was more specific to grey matter,
in the high-TR dataset a higher baseline of fluctuations in the lowfrequency band can also be seen in the white matter and the
ventricles. In the higher frequency range between 0.1 and
0.25 Hz, however, the pattern seen in the low-TR data is reversed
for the high-TR dataset: here, relative fluctuation amplitude in
PLOS ONE | www.plosone.org

Figure 2. ROI power spectra. Power spectra of the center voxel time
courses of selected ROIs for the low-TR dataset (left) and the high-TR
dataset (right). Vertical red lines indicate 0.1 Hz and 0.25 Hz, dotted
grey horizontal lines mark the minimum power in each plot. (mPFC
stands for medial prefrontal cortex, PCC for posterior cingulate cortex).
doi:10.1371/journal.pone.0093375.g002

white matter and CSF regions is higher than in grey matter
regions. When analyzing the relative fluctuation amplitude of these
two frequency bands combined in the low-TR dataset, an
increased contrast between grey matter regions on one hand and
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Table 2. ROI power ratios.

ROI

Ratio low-TR

Ratio high-TR

PCC

17.78

4.39

mPFC

17.14

4.82

Visual Cortex

7.75

5.04

Motor

8.83

3.79

Insula

4.86

2.14

Basal Ganglia

4.61

2.40

Amygdala

3.23

1.71

Ventricle

4.19

1.92

White Matter

2.37

1.67

Ratio between peak low frequency power and minimum power to the right of the peak for various ROIs. (PCC stands for posterior cingulate cortex, mPFC for medial
prefrontal cortex).
doi:10.1371/journal.pone.0093375.t002

white matter and ventricles on the other can be observed (see
figure 1 (c)). This again might indicate that the high level of lowfrequency fluctuations (below 0.25 Hz) in the high-TR dataset is
an artifact of the slow acquisition and the folding of higherfrequency oscillations into the lower frequency range due to
aliasing.
Finally, the analyses on the functional connectivity in different
frequency bands yielded some noteworthy differences between
different frequency bands on one hand and between low-TR and
high-TR data on the other. The first striking difference can be
seen between the functional connectivity of the basal ganglia at
frequencies ,0.1 Hz in the datasets acquired at different TRs (see
figure 3): in the low-TR data, significant connectivity not only to
both left and right striatum, but also to the supplementary motor
area (SMA), the mid-cingulate cortex, the thalamus and the
cerebellum can be identified – the pattern corresponding to the
motor loop known to be anatomically connected. In contrast, in
the high-TR data, only the connectivity within the striatum itself
can be observed. Analogously, there is significant connectivity in
the low-TR data between the white matter seed and almost all
other white matter regions in the brain in the frequency range ,
0.1 Hz (and no connectivity at higher frequencies), but no
connectivity at all in the high-TR data (see figure 4).
In the higher-frequency bands, interesting connectivity patterns
can be seen in cortical grey matter regions (see figure 5), most
importantly in the frequency band between 0.25 and 0.75 Hz. For
the two default-mode seeds, significant connectivity can be
observed to parts, but not all, of the DMN. The anterior seed in
the mPFC showed significant connectivity to the prefrontal areas
involved in the DMN, while the PCC seed showed significant
connectivity to the precuneus and the lateral parietal cortices.
Using the visual cortex seed, connectivity to (medial and lateral)
parietal regions was found in the frequency band between 0.25
and 0.75 Hz. Among the cortical seeds used, the motor cortex
seed was the only one to have significant connectivities even
beyond 0.75 Hz, as the contralateral part of the motor cortex was
still strongly correlated even in the highest frequency band.

consequences of this result is that resting-state fluctuations in
particular regions of the brain, most notably subcortical structures
as well as the insula, cannot adequately be measured with a TR
that is too long to critically sample frequency ranges with a
relevant contribution to the spectrum in these regions [22].
The low-TR scans reveal that there are at least two frequency
bands that contribute the bulk of the fluctuations in the brain, one
being the low frequency range below 0.25 Hz, the other being a
high-frequency range between 1 and 1.4 Hz. Broadly speaking,
fluctuations in the lower frequency range are more pronounced in
grey matter, and in particular in cortical regions of the brain,
though some small amount of higher activity in this frequency
range than in the higher frequency ranges can also be observed in
the white matter as well as in the ventricles. The second, highfrequency range of large oscillations not only constitutes the largest
source of fluctuations in the ventricles, but were also clearly visible
in the spectra of the amygdala and the insula (see figure 2),
potentially indicating physiological signal contamination. This is
consistent with the arterial and venous vessel distribution in the
brain [23].
Regions with a significant high-frequency peak of the spectrum
in the low-TR data were also characterized with a flatter spectrum
in the high-TR data. This can be explained with the undersampling of high-frequency fluctuations leading to spurious
perceived oscillations at all frequency ranges – thus increasing
the amplitude at all frequencies of the high-TR spectra more or
less uniformely. In these regions, the true low-frequency fluctuations are therefore more difficult to discern amidst this nuisance
variability, leading to increased functional contrast and thus
differentiation of different brain networks with low-TR data.
A specific peak at higher frequencies, however, is not the only
source of nuisance variability that was observed in our data. Some
grey matter spectra, while having a clear low-frequency peak,
converge to a higher baseline amplitude at higher frequencies than
others. For example, the ratio between the maximum power at the
low-frequency peak and the minimum power at higher frequencies
(above 0.25 Hz) is 17.8 for the PCC, but 7.7 for the visual cortex,
and is reduced even to 4.8 and 4.6 in the insula and the basal
ganglia, respectively. In the amygdala, this ratio is only 3.2, lower
than the ratio found in the ventricles, 4.2– only the white matter
signal, with a ratio of 2.4, was below this level. This consistently
higher power of fluctuations at frequencies that cannot be critically
sampled with high-TR measurements leads to a constant increase
of the amplitude of the spectrum across all frequencies, and thus a

Discussion
This study shows that the dominant frequencies of spontaneous
fluctuations vary greatly across different regions of the brain. Not
only is there a large discrepancy between grey matter, white
matter and CSF, but there is also considerable variability across
different grey matter regions. One of the most important practical
PLOS ONE | www.plosone.org
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Figure 3. Basal ganglia functional connectivity. Functional connectivity of the basal ganglia seed in the lowest frequency band (,0.1 Hz) in the
low-TR (top) and high-TR (bottom) datasets. The colors represent z-transformed correlation coefficients.
doi:10.1371/journal.pone.0093375.g003

of functional connectivity in the higher frequency bands hints at
the possibility that these fast oscillations are not merely constituted
of irrelevant noise. Indeed, when applying ICA to the high-passed
time courses (above 0.25 Hz) of a subset of the low-TR dataset
used here, consisting of the first 10 subjects measured, a number of
large-scale components, including some of the typical resting-state
networks – known for their characteristic low-frequency fluctuations – can be consistently identified [19].
An important point to note when interpreting these results is
their heterogeneity across the brain. As seen in figure 1, there are
some grey matter regions consistent with the assumption that
fluctuations there can be seen as predominantly low-frequency
effects, whereas others have a markedly higher proportion of highfrequency oscillations. The former group consists mainly of
prefrontal and parietal cortices as well as the PCC, and to a
lesser extent the occipital cortex and the remainder of the
cingulate and frontal cortices. Grey matter regions with a larger
amount of high-frequency fluctuations are subcortical regions as
well as the insula, potentially due to contamination from adjacent
vessels and CSF. On first glance, this would mean that the first of
these groups of grey matter regions can adequately be studied with
high-TR measurements, while the second cannot. However, it
should be considered that connectivity between regions of the first

loss of functional contrast and specificity (see table 2). Therefore,
when measuring with high TR EPI, in regions that show high
baseline fluctuation amplitude at higher frequencies when
measured with low TR, the true fluctuations at the frequencies
actually sampled are hidden by this effect and cannot adequately
be investigated.
One of the effects of this obfuscation can be seen in the lowfrequency connectivity maps of the basal ganglia in figure 3. The
basal ganglia are one of the regions with the lowest ratios between
the low-frequency peak amplitude and the high-frequency baseline
amplitude. While its low-frequency fluctuations in the low-TR
dataset exhibit significant connectivity to other regions of the
brain, including cerebellum and SMA, this information is lost in
the high-TR dataset, where only connectivity within the (ipsi- and
contralateral) basal ganglia is detected, analogously to previous
publications on a basal ganglia resting-state network [22,24].
Besides the problems of analyzing low-frequency fluctuations in
the presence of undersampled high-frequency fluctuations, the
high-frequency fluctuations themselves obviously also cannot be
investigated with a high TR, as they cannot be critically sampled.
Since low-TR scans have not yet been studied as thoroughly as
high-TR scans, relatively little is known about the nature and the
interpretation of high-frequency BOLD fluctuations. The presence

Figure 4. White matter functional connectivity. Functional connectivity of the white matter seed in the two lower frequency bands (,0.1 Hz
and 0.1–0.25 Hz) in the low-TR (top) and high-TR (bottom) datasets. The colors represent z-transformed correlation coefficients.
doi:10.1371/journal.pone.0093375.g004
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Figure 5. Functional connectivity of cortical regions in higher frequency bands. Each row shows the connectivity of the seed given on the
left for the data band-passed to the frequency range noted there. The colors represent z-transformed correlation coefficients.
doi:10.1371/journal.pone.0093375.g005

comparing grey matter regions, there is the noteworthy tendency
that the regions with the greatest magnitude of high-frequency
fluctuations are not necessarily the regions where these fluctuations
seem most structured (i.e., correlated to each other). On the
contrary, regions with a low amplitude of high-frequency
oscillations tend to have stronger connectivity patterns at these
high frequencies. One interpretation of this effect might be that in
regions with a higher proportion of power in the high frequency
range of the spectrum, this power seems to be due to physiologic
signals which mask underlying fluctuations of lower amplitude but
possibly related to neuronal processes. Thus, in regions where such
physiological high-frequency oscillations are absent, connectivity
patterns can more readily be observed, even using high-TR
protocols.
This study describes the differences in resting-state fluctuations
at various frequencies in all areas of the brain across a wider
frequency range than previous studies of up to 1.4 Hz. Two main
aspects of high-frequency fluctuations can be distinguished. The
first could best be described as high-frequency noise which
overshadows the low-frequency fluctuations when undersampled,
thus hampering the analysis of the affected regions with high-TR
scans. The second are high-frequency fluctuations that are specific
to the grey matter, which should be investigated in more detail in
the future. Both of these aspects exhibit some variability across
different brain regions, leading among others to the conclusion
that there are also differences in how readily these regions can be
studied using fMRI [23]. In terms of practical implications, this
study demonstrates that low-TR fMRI scanning has considerable
advantages over typical high-TR acquisition, since the latter not

and the second group will also be distorted in data originating
from high-TR measurements, and thus cannot adequately be
assessed either. This is a serious limitation of high-TR scans, in
particular since subcortical regions play an important role in many
neuroimaging studies and are known to connect to various cortical
and cerebellar regions.
Even beyond the difficulties in investigating low frequency
fluctuations in regions with a significant contribution of higher
frequencies to the spectrum, the loss of high-frequency information
itself can also hamper the exploration of regions with a more
marked spectral low-frequency peak. In the connectivity analyses
shown in figure 5, for almost all cortical regions there are
significant connectivities that can be seen above 0.25 Hz, in the
case of the motor cortex even above 0.75 Hz. Even though these
higher frequency ranges contain less information than the lower
frequencies, it seems prudent not to discard them too easily. At the
low TR used here, it can be concluded that frequencies of at least
up to 0.25 Hz contain low-frequency fluctuations specific to grey
matter fluctuations and should therefore be considered in any
analysis aimed at grey matter signals or networks.
Interestingly, these high-frequency connectivity results can be
directly compared with the connectivities of white matter and CSF
seeds. In the white matter, significant connectivity is only observed
in the lowest frequency range (,0.1 Hz), with no connectivity at
all at any higher frequency. In the CSF, there was no significant
connectivity at any frequency. These results strongly suggest that,
even though high-frequency oscillations are more prevalent in
white matter and CSF, the patterns described here in terms of
connectivity are highly specific to the grey matter. Even when
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only miss out on relevant high-frequency fluctuations, but are also
irreversibly perturbed by high-frequency fluctuations of nonneuronal origin obfuscating the actual signal of interest.

Preprocessing
All data were preprocessed with a combination of AFNI [25]
and FSL [26], using an analysis framework in R [27,28] on
Ubuntu Linux (Version 11.10 ‘Oneiric Ocelot’). Anatomical
images were skull-stripped and normalized to MNI152 standard
space. Functional images were corrected for intensity inhomogeneity using a bias field estimation by FSL FAST, skull-stripped and
realigned to the 500th volume (of 1000) in order to minimize
average displacement. Subsequently, functional images were
aligned to the anatomical images in MNI152 standard space
and resampled to 26262 mm isotropic resolution, and motion
parameters (3 translations and 3 rotations) were regressed out
using a generalized linear model (GLM).

Materials and Methods
Low-TR Measurements
20 subjects (9 males/11 females, mean age 24.0, SD 2.9 years)
recruited at Medical University of Vienna (MUV) gave written
informed consent to participate in this fMRI study. The study
protocol was approved by the Ethics Committee (EC) of the MUV
according to the Declaration of Helsinki (2008). All participants
were financially compensated for their expenditure of time. Prior
to scanning, they underwent a comprehensive clinical assessment
comprising previous history, neurological and medical examinations involving electrocardiography (ECG), blood pressure measurement and routine laboratory testing. Exclusion criteria were
current or lifetime major medical and psychiatric disorders,
clinically significant abnormalities in routine laboratory screening
or general physical examination, previous serious head injury or
loss of consciousness as well as the usual exclusion criteria for MR
studies. Subjects underwent a 6 minute resting-state scan on a
Siemens TIM Trio (3 T) scanner using a 32-channel head coil with
a multiplexed EPI sequence [12], acquiring in total 1024 volumes
(TE/TR = 32/354 ms, flip angle = 30u, 2.461.963.5 mm, bandwidth = 1748 Hz/pixel, 20 slices, 2 mm slice gap, multiband
acceleration factor 4, 6/8 partial fourier). Subjects were instructed
to keep their eyes closed, refrain from movement during the scan
and avoid to fall asleep without concentrating on anything in
particular. After the resting-state scan, a high-resolution anatomical image was acquired using MPRAGE with 16161.1 mm
resolution with 160 sagittal slices (TE/TR = 4.21/2300 ms, flip
angle 9u, inversion time 900 ms).

Frequency Maps
At single-subject level, voxelwise discrete Fourier transformation
was applied to obtain the power spectrum, and the proportion of
spectral power in four frequency bands was computed. The lowest
frequency band encompassed the frequencies up to 0.1 Hz, the
range typically investigated in resting-state fMRI analysis, the
second frequency band ranged from 0.1 to 0.25, which is the
maximum frequency critically sampled with a typical TR of 2 s,
the third and fourth frequency ranges comprised the high
frequencies, with the threshold to separate them set at 0.75 Hz,
which is about half the maximum frequency critically sampled
with the low-TR protocol. The fraction of spectral power in all
four frequency bands was computed for the low-TR data, and for
the first two frequency bands for the high-TR data. These maps
were then averaged between subjects for each dataset and each
frequency band, resulting in 6 fractional amplitude maps. In
addition, a fracional amplitude map of the two low-frequency bins
combined (i.e., ,0.1 Hz and 0.1–0.25 Hz) was calculated for
comparison purposes. Finally, mean fractional amplitude values
for all frequency bins were computed within grey matter, white
matter and ventricle masks. To this end, individual subject masks
were computed based on segmentation by FSL FAST, and in the
case of white matter and ventricles, the intersection of this mask
with prior masks obtained from the 1000 Functional Connectomes
project were computed as the single-subject masks. For each
subject, the mean fractional amplitudes of grey matter, white
matter and ventricles were calculated for all frequency bins, and
the resulting values then averaged across subjects.

High-TR Measurements
20 additional subjects (10 males/10 females, mean age 25.3, SD
3.4 years) were recruited as described above and underwent
standard, high-TR fMRI scans that were used as a reference for
comparison with the low-TR measurements. Measurements were
performed on the same Siemens TIM Trio scanner and 32channel head coil. 167 volumes were acquired (TE/TR = 38/
1800 ms,
flip
angle = 90u,
1.561.563
mm,
bandwidth = 1446 Hz/pixel, 23 slices, 1.8 mm slice gap) using identical
instructions to the subjects as for the low-TR measurements.

Table 3. ROI locations.

ROI

x

y

z

PCC

0

62

32

mPFC

0

258

12

Visual cortex

0

92

6

Motor Cortex

38

26

64

Insula

40

24

28

Basal ganglia

224

210

0

Amygdala

18

6

222

Ventricle

0

2

18

White matter

222

4

36

Location of ROI center voxels in MNI coordinates.
doi:10.1371/journal.pone.0093375.t003
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0.1–0.25 Hz, 0.25–0.75 Hz, and 0.75 Hz21.4 Hz for the low TR
data, and only the first two of these bands for the high-TR data).
Seed time series were extracted from each of these frequency
bands, leading to 4 seed time courses per subject in the low-TR
dataset and 2 seed time courses per subject in the high-TR dataset.
Each of these seed time courses was the mean time series from a
spherical region with a radius of 5 mm (containing 81 voxels)
centered around the coordinates given in table 3. For both the
high- and low-TR datasets and each of the single-band seeds,
voxelwise functional connectivity was calculated for each subject,
and these maps were subsequently averaged across the subjects of
each of the two datasets to obtain group connectivity maps.

Regions of Interest
Nine regions of interest (ROIs) were selected for a more detailed
presentation of power spectra, five of them in the cortical grey
matter – posterior cingulate cortex (PCC) and medial prefrontal
cortex (mPFC), both of them being parts of the default mode
network (DMN), as well as the visual cortex, the motor cortex, and
the insula – two in subcortical nuclei – one in the basal ganglia,
one in the amygdala – and finally, one ROI in the white matter
and one in the ventricles (see table 3 for coordinates). For each of
these ROIs, the power spectrum of the center voxel was computed
along with the ratio between the peak amplitude and the
minimum amplitude to the right of the peak as a measure for
the range of spectral amplitude. To allow for better comparisons,
the spectra are normalized to the same area under the curve in the
resulting figure.
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