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Abstract

The recent introduction of simultaneous multi-slice (SMS) acquisitions has enabled the acquisition
of blood oxygen level dependent (BOLD) functional magnetic resonance imaging (fMRI) data
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with significantly higher temporal sampling rates. In a parallel development, the use of multi-echo
fMRI acquisitions in conjunction with a multi-echo independent component analysis (ME-ICA)
approach has been introduced as a means to automatically distinguish functionally-related BOLD
signal components from signal artifacts, with significant gains in sensitivity, statistical power, and
specificity. In this work, we examine the gains that can be achieved with a combined approach in
which data obtained with a multi-echo simultaneous multi-slice (MESMS) acquisition are
analyzed with ME-ICA. We find that ME-ICA identifies significantly more BOLD-like
components in the MESMS data as compared to data acquired with a conventional multi-echo
single-slice acquisition. We demonstrate that the improved performance of MESMS derives from
both an increase in the number of temporal samples and the enhanced ability to filter out high-
frequency artifacts.

Introduction

Resting-state functional connectivity magnetic resonance imaging (fcMRI) has emerged as a
widely used approach to characterize the functional connectivity of the brain at rest. The
recent advent of simultaneous multi-slice (SMS) acquisitions has made it possible to
routinely acquire whole-brain fcMRI datasets with temporal sampling rates that are
significantly higher than those of conventional acquisitions (Moeller et al., 2010; Setsompop
et al., 2012). Depending on spatial resolution, these sampling rates have ranged from 0.5 Hz
and 3.0Hz (Kalcher et al., 2014). The higher sampling rate can be used to reduce temporal
aliasing of high frequency noise sources, increase statistical power, and improve the
characterization of the temporal and spatial features of resting-state networks (Feinberg et
al., 2010; Griffanti et al., 2014; Smith et al., 2013).

In a parallel line of work, the combination of multi-echo acquisitions with an independent
component analysis framework (ME-ICA) has recently been introduced as an effective
method for the automatic identification and removal of physiological noise and motion
artifacts from fMRI time series data, with significant gains in sensitivity, statistical power,
and specificity (Kundu et al., 2013; Kundu et al., 2012; Kundu et al., 2014). In the ME-ICA
approach, independent components whose amplitudes exhibit a linear dependence on echo
time are designated as functionally-related blood oxygen level dependent (BOLD)
components. These are distinguished from non-BOLD-like components that do not exhibit
this linear dependence on echo time and largely reflect subject motion, scanner and
physiological artifacts, and thermal noise contributions.

In this study, we examine the performance of a combined approach in which resting-state
fMRI data are acquired with a multi-echo and simultaneous multi-slice (MESMS)
acquisition. Preliminary work in this area suggests that MESMS acquisitions can improve
the ability to detect and characterize resting-state networks as compared to conventional
multi-echo single-slice excitation (MESS) acquisitions (Boyacioglu et al., 2013; Boyacioglu
et al., 2014; Olafsson et al., 2012; Olafsson et al., 2013; Olafsson et al., 2014). Here we
build upon these preliminary studies and present a systematic study of MESMS, in terms of
the applicability of ME-ICA, the effect of temporal resolution, time course pre-filtering, and
functional time course signal bandwidth on the ability of ME-ICA to identify BOLD-related
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functional components. This involves comparing the performance of ME-ICA when applied
to data from both MESMS and MESS acquisitions, and assessing the performance of ME-
ICA for MESMS data after the application of a range of pre-filtering and resampling
operations.

Here we describe methods of MESMS-fMRI acquisition and analysis. An overview of ME-
ICA is given here, with further technical detail on decomposition and BOLD/non-BOLD
component differentiation provided in the appendix, and in (Kundu et al 2013). The
remaining material describes the filtering and resampling strategies employed to produce
derived datasets that were then used to assess the relevance of temporal bandwidth and
temporal aliasing in elucidating BOLD components.

Experimental Protocol

We collected MRI data from twelve subjects (six women, average age + std was 28.5 £ 5.2
years) who signed informed consent forms approved by the UCSD Institutional Review
Board. For each subject, two 10-minute BOLD fMRI resting state scans were collected in
the same scan session. One of the resting state scans was collected with multi-echo
simultaneous multi-slice (MESMS) echo-planar imaging (EPI) and the other with multi-
echo single-slice (MESS) EPI. Note that while the MESS acquisition entails acquiring
multiple slices across the brain volume, we have used the “single-slice” designation to
indicate that only one slice is excited at a time. The order of these acquisitions was
randomized across subjects, with six subjects having the MESMS scan acquired before the
MESS scan. During the resting state scans, subjects were instructed to lay as still as
possible, not think about anything in particular, and keep their eyes open and fixated on a
yellow cross centered on a blue background. Additionally, a T1-weighted anatomical scan
was acquired for each subject and used as an anatomical underlay for the resting state fMRI
results. Finally, coil sensitivity maps, coil noise measurements and a field map were
collected for the image reconstruction of the MESMS and MESS data.

MR Data Acquisition

Imaging data were collected on a 3T GE MR750 system with a 32-channel receive head coil
(Nova Medical). High-resolution Tq-weighted anatomical data were collected using a
magnetization prepared 3D fast spoiled gradient echo (FSPGR) sequence (T1=600ms,
TE=3.18ms, 8° flip angle, 1mm slice thickness, FOV=25cm, 256x256x172 matrix size).

Resting state data were collected with three echoes (TEs of 13.8ms, 32.5ms, and 51.2ms and
a readout length of 17.5ms per echo), a 1.33-fold phase encode acceleration factor,
3.75x3.75x4mm resolution, and whole brain coverage (FOV=24cm, 64x64 matrix size, 36
sagittal slices). The slice coverage of 144mm was based on the average right-to-left width of
the human brain, which is around 140mm, and was sufficient to acquire whole brain images
for all our subjects. The MESMS data were acquired with a blipped-controlled aliasing in
parallel imaging (blipped-CAIPI) EPI k-space trajectory (Setsompop et al., 2012). The
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acquisition used a simultaneous multi-slice radiofrequency (SMS-RF) pulse with each pulse
simultaneously exciting 3 sagittal slices, for a total of 12 separate excitations per TR. The
SMS-RF pulse design utilized an optimized set of excitation phases to minimize peak RF
(Wong, 2012). This optimization causes the 3 simultaneously excited slices to have a slice
dependent phase. The MESS acquisition replicated this slice dependent phase in the
respective single-slice RF pulses to match the MESMS acquisition as closely as possible. In
addition, the MESS acquisition used the same blipped-CAIPI EPI trajectory as the MESMS
acquisition. Other acquisition parameters for MESMS were: TR=0.87s, 690 volumes, and
FA=56°. For MESS these parameters were: TR=2.61s, 230 volumes, and FA=80°. The flip
angles were set at the Ernst angle assuming an average Tq of 1.47s for water in gray matter
(Ethofer et al., 2003).

The field map was acquired with the same resolution and slice locations as the resting state
data. It was estimated from the phase difference of two echoes that were acquired with a
gradient recalled acquisition in steady state (GRASS) sequence (TE1 = 6.5ms, TE2 =
8.5ms).

MR Image Reconstruction

To reconstruct the MESMS and MESS images, we used a quadratic penalized weighted least
squares (QPWLS) SENSE reconstruction with a fast conjugate gradient Toeplitz-based
iterative algorithm and a spatial roughness penalty (Fessler et al., 2005; Olafsson et al.,
2006). The coil sensitivity maps, used in the SENSE reconstruction, were acquired using a
blipped-CAIPI trajectory with no in-plane acceleration and a single slice excitation RF pulse
with the same slice dependent phase differences as in the MESMS and MESS acquisitions.
To estimate the coil sensitivity maps a single square-root-sum-of-squares image was formed
from all the individual coil images and used to normalize each coil image. These coil images
were reconstructed with an iterative field map corrected image reconstruction approach
(Fessler et al., 2005). The field map correction was used to account for the echo spacing
differences between the non-accelerated EPI coil sensitivity acquisition and the accelerated
MESMS and MESS EPI acquisitions. Finally, the weights in the QPWLS SENSE
reconstruction were generated from the coil noise correlation matrix (Pruessmann et al.,
2001; Pruessmann et al., 1999). The correlation matrix was estimated by collecting data with
no RF excitation and a blipped-CAIPI trajectory, followed by correlating the data from each
coil, i.e., the coil noise samples, to data from all other coils.

MR data pre-processing

Data were processed using AFNI (Cox, 1996) and custom Python scripts (see meica.py
provided with AFNI: http://afni.nimh.nih.gov/afni/). Each echo of the MESMS and MESS
data was first corrected for slice timing. Next the functional data were motion corrected and
registered to the anatomical data, using a transformation matrix constructed by
concatenating the parameters of the rigid-body motion correction from the first echo time
series with the parameters of the affine co-registration of the functional data to the T+-
weighted anatomical image. Optimally combined (OC) data were generated for both the
MESMS and MESS data, by taking a weighted summation of the three echoes of the
respective datasets, using the exponential weighting approach in (Posse et al., 1999).
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Principal Component Analysis (PCA)

Prior to the ICA decomposition, the dimensionality of the data was estimated using multi-
echo principal components analysis (ME-PCA) and a reduced dimensionality dataset was
formed (Kundu et al., 2013; Kundu et al., 2014). For the ME-PCA approach, a PCA was
first performed on the OC time series data. Then, each of the PCA component time series
was fit on a per-voxel basis to the pre-processed time series from each of the three echoes,
thus generating PCA weights (in units of signal change) for each echo. These voxel-wise
weights were then separately fit to MR signal models for linear TE-dependence and TE-
independence. F-statistics were computed for each model, where the magnitude of the F-
statistic of the linear TE-dependence and TE-independence models indicated the degree of
BOLD weighting and non-BOLD weighting, respectively, of the multi-echo weights for
each component. Intensity weighted averages of the F-statistics were computed, with x and
p denoting the average intensity metrics for BOLD weighting and non-BOLD weighting,
respectively. The k and p metrics as well as the eigenvalues from the PCA were each
separately sorted across components, and the elbows of the respective scree plots were
determined. The elbow values were then used to determine threshold values for the x and p
metrics, and components with metrics that exceeded either threshold (indicating an above-
threshold degree of BOLD or non-BOLD weighting) were used to construct a
dimensionality reduced OC time series, while all other components were discarded. Details
on the signal models, F-statistics, x and p metrics, and determination of the thresholds are
provided in the Appendix.

Independent Component Analysis (ICA)

Spatial ICA using the FastICA algorithm (Hyvarinen, 1999) with a tanh contrast function
was applied to the dimensionality reduced OC time series data, producing a time-domain
independent component mixing matrix (variance normalized). In the application of FastICA,
whitening of the temporal covariance matrix was applied as a standard preprocessing step.
In a manner similar to the fitting of the PCA components, independent component time
series were fit using multiple least-squares regression on a per-voxel basis to the pre-
processed time series from each of the three echoes, generating ICA weights for each echo.
These weights were then fit to the linear TE-dependence and TE-independence models to
generate F-statistics and component-level k and p values that indicated BOLD and non-
BOLD weighting, respectively. The k and p metrics were then used to identify the BOLD-
like components, according to the criteria described in the Appendix.

Generation and Comparison of Derived Datasets

To investigate the effects of temporal resolution, number of samples, temporal aliasing, and
temporal bandwidth on the ability of ME-ICA to identify BOLD-related components, we
generated several types of datasets that were derived from the MESMS data. Each of the
derived datasets was analyzed with ME-PCA followed by ME-ICA.

First, we derived datasets from the MESMS data that were designed to match the
characteristics of the MESS data. This was done by downsampling the MESMS data by a
factor of 3, resulting in data with the same temporal sampling and number of volumes as the
MESS data. The downsampling process generated three downsampled datasets (MESMS-
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dsamp), with the first, second and third volumes used as starting volumes for each dataset.
Note that these datasets inherited the dynamic features (e.g. motion and brain state) of the
MESMS data while matching the temporal resolution and signal characteristics (i.e.
temporal aliasing of high-frequency components) of the MESS data. This allowed for a
more direct assessment of the effects of temporal resolution, without concerns for
differences in brain dynamics that might have occurred between the MESMS and MESS
runs.

Next, we generated datasets with the same temporal resolution as the MESMS-dsamp and
MESS data, but with reduced temporal aliasing of high frequency components. For these the
MESMS data were first filtered with a 37-tap finite impulse response (FIR) low-pass filter
(LPF) with 0.19Hz cutoff frequency, and then downsampled by a factor of 3. This process
yielded three sets of decimated data (MESMS-decimate) with the first, second and third
volumes used as the starting volumes for each dataset. Comparison of the MESMS-dsamp
and MESMS-decimate data enabled an assessment of the effect of temporal aliasing on the
identification of BOLD-like components

We also generated two low-pass filtered MESMS datasets without downsampling. The first
dataset used the LPF described earlier with a cutoff of 0.19Hz and the second dataset used a
35-tap FIR LPF with a cutoff of 0.38Hz. These filtered datasets were used to assess the
effect of signal bandwidth on the identification of BOLD-like components. Finally, we
applied interpolation to the MESS, MESMS-decimate, and MESMS-dsamp datasets to form
derived datasets that had the same temporal resolution as the original MESMS dataset.
These datasets allowed us to examine the effect of signal dimensionality on the ability to
estimate BOLD dimensionality.

Paired t-tests (two-sided) were used to compare the number of BOLD-like components
identified by ME-ICA for each pair of datasets (e.g. comparing the number of components
between MESMS and MESS).

As an example of the automated identification of non-BOLD components with ME-ICA,
Figure 1 shows two non-BOLD independent components identified in the MESMS data. In
the component maps shown in panel A, the spacing of the line artifacts in the axial views
matches the spacing of the slices that were simultaneously excited in the MESMS
acquisition. These types of structured artifacts have been noted in prior studies that have
used simultaneous multi-slice excitations (Boubela et al., 2013; Kelley et al., 2013). Panel B
shows an artifact component that is largely present in the sagittal sinus and most likely
reflects vascular pulsations.

Figure 2 shows the number of BOLD-like principal components and independent
components identified by ME-PCA and ME-ICA, respectively, for MESMS, MESS, and the
various resampled and filtered versions of MESMS and MESS. For the data where multiple
instances were calculated (based on the three phases of downsampling and decimation) we
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also indicate the average number of accepted components across the three phases. Table 1
lists the number of accepted components averaged across subjects.

As shown in Fig. 2D, the number of BOLD-like independent components identified for
MESMS was significantly (t(11) = 5.48; p <0.001) greater than that for MESS. There was
not a significant difference (t(11)=1.78, p = 0.10) between the number of accepted ICs for
MESS and the average number (across phases) for MESMS-dsamp. This result indicates that
a downsampled version of the MESMS data serves as a reasonable surrogate for the MESS
data, and thus supports the use of different filtering and resampling options to explore the
effects of temporal resolution and bandwidth on the ability to identify BOLD-like
components.

The number of BOLD-like independent components identified for MESMS-decimate was
significantly greater than the number of components for both MESS (t(11) = 5.44; p <0.001)
and MESMS-dsamp (t(11) =10.13; p <0.001), indicating that the reduction of high
frequency signals prior to downsampling improves the ability to identify BOLD-like
components. However, the number of BOLD-like components for MESMS-decimate was
significantly lower (t(11) = —2.56, p = 0.027) than the number identified for MESMS,
suggesting that either the inclusion of high frequency signals or the larger number of
samples in the MESMS data contributes to the larger number of BOLD-like components.

To assess the role of high frequency signals in the ability to detect BOLD-like components,
we examined the number of components in low-pass filtered versions of the MESMS data.
As shown in Fig. 2E, the number of BOLD-like components identified when the MESMS
data were low-pass filtered with a cut-off frequency of 0.19 Hz was significantly greater
(t(11) = 3.43; p = 0.006) than the number identified in the MESMS data. When the cut-off
frequency was increased to 0.38 Hz, the number of components identified in the low-pass
filtered data was not significantly different (t(11) = 1.70, p = 0.116) than the number in the
MESMS data. These findings indicate that the inclusion of high frequency signals does not
enhance the identification of BOLD-like components. Instead, the results suggest that the
presence of high-frequency noise components reduces the ability to detect BOLD-like
components.

Next, we investigated whether increasing the number of samples through interpolation
would improve the ability to detect the number of BOLD-like independent components. We
found that interpolation significantly increased the number of identified components for the
MESS (t(11) = 4.77; p < 0.001), MESMS-dsamp (t(11) =6.16; p < 0.001), and MESMS-
decimate (t(11) = 3.74; p = 0.003) datasets. As compared to MESMS, the interpolated
versions of MESS and MESMS-dsamp had significantly (t<-3.8; p<0.003) smaller numbers
of components, whereas the interpolated version of MESMS-decimate had a significantly
larger (t(11) =2.94; p=0.0136) number of BOLD-like components. The number of
components for the low-pass filtered (0.19Hz) version of MESMS and the interpolated
version of MESMS-decimate were not significantly different (t(11) = 0.6425; p = 0.643).
This last result is expected as the two datasets have the same signal bandwidth and number
of samples. Overall, our findings suggest that the identification of BOLD-like components
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benefits from both the removal of high-frequency noise components and an increase in the
dimensionality of the signal space.

Figures 3 and 4 provide a qualitative view of how the higher temporal resolution of MESMS
can lead to the automated identification of a greater number of BOLD-like independent
components. Panels 3A and 3D show examples of two BOLD-like independent components
(4 slices from each component) that were consistently identified in each of the three phases
of the MESMS-dsamp data, where each row in a panel represents the component map from
one of the phases. Note that there is great consistency in the component maps across the
three phases. In the bottom two rows, we show two component maps that were identified in
the MESMS data that showed a strong spatial similarity to the MESMS-dsamp component
maps. In the component maps on the lefthand side of Figure 3, the left and right visual
cortex regions in the MESMS-dsamp component (Panel 3A) are split into the two MESMS
components shown in panels 3B and 3C. The corresponding component time courses are
shown in Figure 4A, with the MESMS time courses indicated by the blue and green solid
lines and the MESMS-dsamp time courses from the different phases indicated by the dashed
lines. The MESMS-dsamp time courses are seen to follow excursions in both MESMS
component 1 (blue arrows) and MESMS component 2 (green arrows), providing evidence
for dynamic splitting of the MESMS-dsamp component. In the component maps on the
righthand side of Figure 3, the MESMS-dsamp component (Panel D) is split into anterior
and posterior MESMS components, shown in panels E and F, respectively. The
corresponding component time courses are shown in Figure 4B, with evidence of dynamic
splitting (green and blue arrows) of the MESMS-dsamp component into the two MESMS
components.

Discussion

We have examined in detail the effect of temporal resolution and signal bandwidth on the
ability of ME-ICA to identify BOLD-like independent components. We found that the
greater temporal resolution and bandwidth achieved with a MESMS acquisition led to the
identification of a significantly greater number of BOLD-like components as compared to
MESS. The number of components identified with MESS was comparable to that obtained
with downsampled versions of the MESMS data (with equivalent temporal resolution),
providing support for the subsequent application of various resampling and filtering
operations to better understand the factors affecting the performance of the ME-ICA
approach.

We used different filtering options to investigate the effect of signal bandwidth on
performance. We found that the application of low-pass filtering prior to downsampling (to
generate MESMS-decimate) yielded a greater number of BOLD-like components as
compared to MESMS-dsamp, indicating that the reduced ability of ME-ICA to identify
BOLD-like components in the MESMS-dsamp data was primarily due to temporal aliasing
of noise sources. Furthermore, low-pass filtered versions of the MESMS data (without
downsampling) yielded either a significantly greater or comparable number of identified
components as the original MESMS data, providing further evidence that the removal of
high-frequency components benefits the performance of ME-ICA. Note that the number of
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time points in the low-pass filtered versions was the same as that for the original MESMS
data. This finding suggests that low-pass filtering of high temporal resolution datasets is of
general benefit to the ME-ICA approach. As discussed in further detail below, this result
suggests that the increase in performance due to the attenuation of high-frequency
physiological artifacts and thermal noise outweighs the loss of information regarding high
frequency functional signals. In other words, when considering the advantages of the higher
temporal resolution, the ability to minimize temporal aliasing of high frequency noise
components (so that they can be efficiently removed prior to further analysis) appears to be
more important than capturing the high frequency content of functional signals.

We used interpolation to directly examine the effect of nominal temporal resolution on
performance, and found that increasing the number of temporal samples led to a greater
number of identified BOLD-like components. As interpolation does not add any new
information to the time series data, these results suggest that the ME-ICA process can more
effectively find BOLD-like components when the dimensionality of the signal space is
increased. Overall, our findings suggest that ME-ICA performance is optimized when both
the dimensionality of the signal space is maximized and high-frequency components are
reduced. Note that these findings also suggest that interpolation of low-temporal resolution
datasets may be useful as a general approach for improving ME-ICA performance with
respect to data dimensionality in the ICA decomposition. However, the possible increase in
the number of accepted components for an interpolated low-temporal resolution acquisition
will still be lower than that of data acquired with higher temporal resolution. This can be
seen in the bottom row of Figure 2, where the MESMS data has a significantly higher
number of accepted IC’s as compared to the interpolated MESS data.

For the comparison of different acquisitions and processing options, we used the number of
BOLD-like independent components as a metric of performance. In prior work, this metric
has also been referred to as the BOLD degrees of freedom (DOF) and used to assess the
complexity of global functional activity across conditions, such as varying levels of
anesthesia (Kundu et al., 2013; Kundu et al., 2014). It has also been used to assess the
overall BOLD sensitivity of various pulse sequences (Kundu et al., 2014). An increase in
BOLD DOF is also beneficial when using independent component regression (ME-ICR) to
assess functional connectivity in ICA space (Kundu et al., 2013; Kundu et al., 2014). The
findings of the current study demonstrate the sensitivity of this metric to variations in both
the acquisition and processing of the data. This suggests that care must be taken to ensure
uniformity in the acquisition and processing of data across experiments that use DOF as a
measure of functional complexity.

The finding that increased signal dimensionality and decreased high-frequency noise leads
to more fragmentation of network components into regional representations and
concurrently more effective degrees of freedom in denoised time series may extend beyond
the context of ME-ICA. While spatial upsampling and interpolation is a common
preprocessing step, temporal upsampling may aid in decomposition analyses of conventional
fMRI towards higher-dimensional and thus more fine-grained analyses. In cases of
automatic dimensionality estimation for ICA, such as probabilistic PCA (Tipping and
Bishop, 1999), temporal upsampling may offer a measure of dynamical control over
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dimensionality. As for the reason why increasing nominal data dimensionality leads to an
increase in effective dimensionality, one possibility is that optimizing the kurtosis contrast
between ICA components (Hyvarinen, 1999) is similar to optimizing under a sparsity
penalty (Daubechies et al., 2009). The compressive sensing aspect of ICA is thus invoked
and an inherent sensitivity to data dimensionality is suggested. In light of these findings,
further study of ICA dimensionality in fMRI decomposition is warranted, especially since
ICA is a key tool in ongoing and future fMRI studies, with advanced acquisition initiatives
focusing heavily on increasing acquisition resolution. In addition, a study involving a
progressive increase in upsampling factor followed by a count of the number of BOLD (in
the case of ME-ICA) or otherwise network-like components may provide further insight into
the intrinsic dimensionality of fMRI datasets.

With the increasing availability of fast imaging acquisition methods, such as the
simultaneous multi-slice approach used in this study, there has been growing interest in the
characterization of resting-state brain activity with high temporal resolution. A number of
recent studies have used high temporal resolution acquisitions (with TRs ranging from
100ms to 647ms) to characterize resting-networks at frequencies above the standard 0.1 Hz
cutoff frequency that has been used in prior studies (Boubela et al., 2013; Gohel and Biswal,
2014; Kalcher et al., 2014; Lee et al., 2013). The networks found at the higher frequency
bands tend to mirror those found in the lower frequency bands, but with an overall decrease
in sensitivity, reflecting the power-law type decrease in spectral energy that has been
observed for resting-state fMRI fluctuations (He, 2011). (Chen and Glover, 2014) reported
that the amplitude of resting-state fMRI signal correlations showed a linear dependence on
echo-time for frequencies ranging from 0.01 up to 0.5 Hz, suggesting the presence of
BOLD-like components across a broad range of frequencies. However, the dependence was
much weaker at the higher frequencies, falling off steeply for frequencies above 0.1 Hz.
Despite the decreased sensitivity observed at higher frequencies, the characterization of
higher frequency networks may prove to be useful for studying the dynamics of time-
varying connectivity, as the correlations at high frequencies can stabilize more quickly
within a specified time window as compared to those computed at lower frequencies (Lee et
al., 2013).

One clear advantage of high temporal resolution acquisitions is the improved ability to
isolate high frequency physiological noise components, such as signals related to cardiac
and respiratory activity, that are typically temporally aliased with standard acquisitions (Lee
et al., 2013). (Kalcher et al., 2014) have shown that maps of low-frequency connectivity (<
0.1 Hz) in the basal ganglia show a greater level of sensitivity when acquired with a high
temporal resolution (TR = 354 ms) acquisition as compared to a standard acquisition (with
TR = 1800 ms) and attributed the improved performance to the ability to filter out high
frequency physiological fluctuations. These findings are consistent with those of the current
study, in which low-pass filtering increased the ability to identify BOLD-like components.
For the ME-ICA approach, it appears that the gains achieved by filtering out high frequency
artifacts and thermal noise components outweigh the loss of high frequency BOLD-like
signal components (which have significantly less power than the low-frequency BOLD-like
components). Thus, the performance gain for MESMS combined with ME-ICA reflects the
overall ability of the MESMS approach to minimize temporal aliasing of high-frequency
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nuisance signals, as opposed to any specific tuning of the ME-ICA algorithm to better detect
low-frequency components.

Our findings are generally consistent with those that have been reported in preliminary
studies comparing MESMS and MESS acquisitions. (Boyacioglu et al., 2013) found
evidence that MESMS provides a stronger representation in frontal inferior regions of an
independent component containing the default mode network. In a follow-up study, the
same group (Boyacioglu et al., 2014) reported that after the manual detection and removal of
non-BOLD noise components, MESMS identified 10 to 12 additional resting-state networks
as compared to MESS, and hypothesized that the improvement was due to the improved
ability of MESMS to separate physiological noise sources into individual components. In a
preliminary study comparing MESMS with downsampled versions of the same data, we
found that functional connectivity maps in subcortical regions were more clearly delineated
with ME-ICA when using the MESMS data (Olafsson et al., 2013). A preliminary version of
the present study showing a greater number of BOLD-like components with MESMS was
presented in (Olafsson et al., 2014).

In fMRI, it is well established that the BOLD signal usually has an accompanying inflow
effect and that these inflow effects are accentuated as the repetition time of the acquisition
decreases. The ME-ICA algorithm will tend to retain components where changes in neural
activity give rise to both significant BOLD and inflow effects, but could reject components
for which there is a high inflow effect and minimal BOLD effect. Although the majority of
functional components are likely to exhibit both BOLD and in-flow effects, it is possible
that there are also inflow components that reflect functional activity primarily localized to
the arterial side where BOLD effects would be limited due to the low concentration of
deoxyhemoglobin. Further work to characterize the ability of ME-ICA to identify such
components would be of interest.

In the present study, sagittal acquisitions with whole-brain coverage were employed with
slice-acceleration in the left-right direction and in-plane acceleration in the anterior-posterior
direction. The choice of this orientation was based on preliminary studies indicating that the
acceleration performance of the multi-channel receive coil was better in the anterior-
posterior and left-right directions as compared to the superior-inferior axis. However, given
the dependence of acceleration performance on coil geometry, the optimal choice of
orientation will depend on the specific coil used. As the primary gains of MESMS stem
from the ability to remove high temporal frequency noise sources, it is likely that these gains
will also apply to acquisitions with other slice orientations, such as axial and coronal.
Nevertheless, a follow-up study similar in scope to the present study would be useful to
confirm this expectation.

In this study, we used the increased acquisition efficiency afforded by the simultaneous
multi-slice method to increase the temporal resolution for multi-echo acquisitions while
maintaining a fairly conventional standard spatial resolution, yielding a protocol with 3-
echoes acquired with a temporal resolution of 870ms and 3.75x3.75x4mm spatial resolution.
It is also possible to leverage the simultaneous multi-slice method to achieve increases in
both temporal and spatial resolution. For example, the Human Connectome Project (HCP)
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protocol uses simultaneous multi-slice method to acquire single-echo whole-brain data with
a temporal resolution of 720 ms with 2 mm isotropic spatial resolution (Smith et al., 2013).
As part of the HCP pre-processing pipeline, these data are automatically denoised using
spatial ICA combined with a multi-level classifier that uses spatial and temporal features to
distinguish “signal” components from “noise” components (Griffanti et al., 2014; Salimi-
Khorshidi et al., 2014). It has been shown that this denoising process (known as FMRIB’s
ICA-based X-noiseifier (FIX)) benefits from the higher temporal resolution afforded by the
simultaneous multi-slice acquisition (Griffanti et al., 2014). One potential limitation of the
FIX approach is the need for a training set to design and optimize the classifier. This
requirement may be difficult to meet for studies with small sample sizes and unique
acquisition protocols. In contrast, the ME-ICA approach can denoise datasets without an
explicit need for training of a classifier. Further studies focused on a systematic comparison
of the FIX and ME-ICA approaches would be useful.
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In this appendix, we summarize the signal models and algorithms that have been previously
presented in prior work (Kundu et al., 2013; Kundu et al., 2012; Kundu et al., 2014) and
provide additional explanation of the approach. For the specific implementation details, the
reader is referred to the Python scripts that are available as meica.py through http://
afni.nimh.nih.gov/afni/.

The signal models for TE-dependence (BOLD weighting measure) and TE-independence
(non-BOLD weighting measure) are:

AS,,/S,.= — ARSTE

AS,./S.s=ASy/So

where ASrg is the signal change from mean for a fluctuation at a specified TE (i.e. its PCA
or ICA weight from the least squares fit of the OC time series), and Syg is the signal mean at
the same TE, ARy* is the change in susceptibility-weighted transverse relaxation time that is
solved for in the TE-dependence BOLD model, S is the initial signal intensity, and AS; is
the change in initial signal intensity that is solved for in the TE-independence non-BOLD
model.

Goodness of fit metrics for the MR signal models were computed at each voxel with the
following formulas for the respective F-statistics (written in extra sum of squares form):
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where g is the null variance (equal to the sum of the squares across echoes of the per echo

PCA or ICA weights), %z is the residual variance between the per echo PCA or ICA
weights and the model fit to the TE-dependence model, ag, is the residual variance from the
fit to the TE-independence model, dfy is the total number of degrees of freedom for the

signal models (equal to the number of echoes, 3), and de; and dfg, are the degrees of
freedom used in the respective fits (1 each).

The k and p metrics are defined for each component as the weighted sum of the F-statistics
across voxels:

xyzre F

c,v s R*
s c,z,,R2

Re=——=p
/ 7P
EL Zc,'u

xVzr F

c,v" ¢,v,50

pC_ T vV ~p
=Y 2E,

where c is the component index, v is the voxel index, V is the total number of voxels, Z; , is
a spatially normalized signal amplitude that characterizes the relative contribution of the cth
component to the signal from the vth voxel, and p is a power factor (default 2)

The xand p thresholds for estimating data dimensionality in ME-PCA are based on the
elbows xgpow and panow OF the rcand p scree plots, respectively and tuning factors xpaw
and ppaw as follows:

Kreg * Wi

Rthr= SW.
K
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where #g¢f is the 3-element vector [reibow, F(1,Necho = 1)p<0.05: F(L,Necho — 1)p<0.025];
sorted in ascending order and W, is the vector [xpaws1,1] with xpaw = 1. Similarly, gy is
the vector [oebows F(1,Necho - 1)p<0.05, F(L,Necho - 1)p<0.025], sorted in ascending order and
W,, is the vector [opaws1,1] with ppaw = 1. Increasing the parameters xpaw and ppaw
weights the respective thresholds e and o, towards the lowest F value, thus increasing
the number of principal components kept in the dimensionality-reduced data in a way that
makes BOLD and non-BOLD signal contributions specifically tunable. This approach is
dynamic by adjusting rinr and o around the intrinsic characteristics as represented by
Kelbow 8Nd pepow and stable through the use of reference values for F at nominal
significance values. In this study xpaw and ppaw Were set to 10 and 1, respectively, which
increased the relative sensitivity to BOLD signals in the dimensionality reduction process.

In the ME-ICA, independent components were classified into BOLD vs. non-BOLD
categories according to an “accept all, reject some” policy. Thus, from the full set of
components, non-BOLD components were first identified for rejection using the following
criteria:

(@) k < p, i.e. the average intensity metric for non-BOLD weighting is greater than
the corresponding metric for BOLD-weighting.

(b)  The number of significant S-weighted voxels was greater than the number of
significant Ry*-weighted voxels, where significance was assessed with the F-
statistic at the p<0.05 significance level.

(c) There was a greater overlap of the rank-thresholded signal change maps (i.e.
ICA weights) with the thresholded (p < 0.05)Fg, maps than with the thresholded

FR; maps, where the overlap was computed as the Dice metric. For the rank-
thresholding of the signal change maps, the N voxels with the highest amplitude
were retained, where N denotes the number of voxels in either the thresholded

Fg or £s; maps.
(d) There was a greater FR; magnitude in unclustered voxels (i.e. spatial noise) in

rank-thresholded signal change maps versus clustered voxels, based on a two-
sample t-test. This criterion utilizes spatial noise to sample an empirically-

derived null distribution for FR;, asserting that the magnitude of FR; in clustered
voxels indicates functional neuroanatomy if significantly higher than the

.. F .
empirical null *r;.

A further refinement was made to identify BOLD-like artifacts that are characteristic of
fluctuations in the draining veins. These fluctuations exhibit high variance and mid-range x
values. In addition, the refinement identifies low variance (i.e. “empty”) components. After

ranking the above metrics (x, p, Dice metrics for FRE and Fs, map overlap with the signal
change maps, t-statistics representing FR; magnitude in clustered voxels vs. unclustered

voxels, and counts of voxels with FR; weighting vs. those with Fg, weighting) in ascending
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order towards greater artifact weighting or lesser BOLD weighting, the ranks of the different
metrics v; over the T=7 tests were summed to form the rank-sum

T

Vi :Zrcmk (vi)
i

for each component, such that larger values of yg corresponded to components that
exhibited a greater degree of non-BOLD-like characteristics. A critical value (yritical) Was
determined using rank(xgpow) as an initial guess for the true number of functional BOLD
components in the dataset.

’Ycritical:rank (’{elbow) x T

High rank-sum (g > 1eritical) COMponents explaining percentages of variance exceeding
that of the 75t percentile of the top x-ranked (i.e. k > p) independent components were
classified as “mid-k” artifacts, while high rank-sum components explaining percentages of
variance below the 25™ percentile of the top k-ranked independent components were
classified as “empty” and ignored (i.e. not considered as part of the BOLD component set,
but not projected out in time series denoising). The remaining components were classified as
BOLD-like components. This approach identifies BOLD-like but non-functional
components that are close to failure on several tests or fail distinctly in a small number of
tests. More metrics indicative of TE-dependence or functional likeness can also be
accommodated, without requirements for the distribution of any particular test statistic.
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Figure 1.
Two non-BOLD independent components identified in the MESMS data. (A) In this

component map the spacing of the line artifacts in the axial views matches the spacing of the
slices that were simultaneously excited in the MESMS acquisition. (B) In this component
most of the energy is located in the sagittal sinus, most likely reflecting vascular pulsations.
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Figure 2.

Plots showing the number of BOLD-like PC’s (left column) and IC’s (right column)
identified using ME-PCA and ME-ICA, respectively. The number of components is shown
for each subject, with the subjects ordered by the number of BOLD-like ICs in the MESMS
data. The solid and dashed lines indicate data that have 690 and 230 volumes, respectively.
For data that were downsampled (MESMS dsamp, MESMS decimate, MESMS dsamp
+interp, MESMS decimate+interp), the numbers of components from the 3 phases are
shown by the symbols along the vertical lines and the mean number is indicated by the
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connecting curve. The numbers of components for MESMS and MESS are shown in all
plots for reference. Top row: Number of components for MESMS and datasets with lower
temporal resolution (MESS, MESMS dsamp, and MESMS decimate). Middle row:
Comparison of original MESMS data with versions that have been low-pass filtered with
cutoff frequencies of 0.19Hz and 0.38Hz. Bottom row: MESMS compared with interpolated
versions of the MESS, MESMS dsamp, and MESMS decimate datasets.
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BOLD-Like Components from MESMS-downsamp (One phase per row)

Z-score

Figure 3.
Example of component splitting identified with MESMS. (A,D) Maps of two BOLD-like

independent components (4 slices from each component). Each row in a panel represents the
component map from one of the three phases of the MESMS-dsamp data. (B,C) Component
maps identified in the MESMS data, with the visual cortex component seen in the MESMS-
dsamp data (panel A) split into left and right regions. (E,F) Component maps identified in
the MESMS data, with the component from the MESMS-dsamp data (panel D) split into
anterior and posterior MESMS components.
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Time courses for the independent components shown in Figure 3. (A) Time courses for
MESMS-dsamp (dashed lines) and MESMS components (solid lines), corresponding to the

maps shown in Figure 3A-C. (B) Time courses for MESMS-dsamp (dashed lines) and

MESMS components (solid lines), corresponding to the maps shown in Figure 3D-F. For
both panels, the arrows indicate times where the MESMS-dsamp component follows either

MESMS component #1 (blue) or component #2 (green).
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Number of BOLD-like principal components (PCs) and independent components (ICs) averaged across
subjects for different versions of the data. For versions with multiple phases, the overall average across

subjects and phases is shown and the average values (across subjects) for each of the 3 phases are listed in the

parentheses.
MESMS | MESS | MESMS MESMS MESMS MESMS | MESS MESMS MESMS

dsamp decimate LPF=0.19 | LPF=0.38 | interp | dsamp+interp | decimate+interp
(mean) (mean) (mean) (mean)

PCs | 228 102 86 103 189 173 171 124 172
(86,87,86) | (103,103,103) (127,122,124) | (171,173,172)

ICs | 76 48 42 66 88 81 58 51 89
(42,41,44) | (65,65,67) (50,52,53) (85,92,91)
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