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Abstract

Emerging evidence has shown that functional connectivity is dynamic and changes over the course
of a scan. Furthermore, connectivity patterns can arise from short periods of co-activation on the
order of seconds. Recently, a dynamic co-activation patterns (CAPs) analysis was introduced to
examine the co-activation of voxels resulting from individual timepoints. The goal of this study
was to apply CAPs analysis on resting state fMRI data collected using an advanced multiband
multi-echo (MBME) sequence, in comparison with a multiband (MB) sequence with a single
echo. Data from 28 healthy control subjects were examined. Subjects underwent two resting

state scans, one MBME and one MB, and 19 subjects returned within two weeks for a repeat

scan session. Data preprocessing included advanced denoising namely multi-echo independent
component analysis (ME-ICA) for the MBME data and an ICA-based strategy for Automatic
Removal of Motion Artifacts (ICA-AROMA) for the MB data. The CAPs analysis was conducted
using the newly published TbCAPs toolbox. CAPs were extracted using both seed-based and seed-
free approaches. Timepoints were clustered using k-means clustering. The following metrics were
compared between MBME and MB datasets: mean activation in each CAP, the spatial correlation
and mean squared error (MSE) between each timepoint and the centroid CAP it was assigned

to, within-dataset variance across timepoints assigned to the same CAP, and the between-session
spatial correlation of each CAP. Co-activation was heightened for MBME data for the majority

of CAPs. Spatial correlation and MSE between each timepoint and its assigned centroid CAP
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were higher and lower respectively for MBME data. The within-dataset variance was also lower
for MBME data. Finally, the between-session spatial correlation was higher for MBME data.
Overall, our findings suggest that the advanced MBME sequence is a promising avenue for the
measurement of dynamic co-activation patterns by increasing the robustness and reproducibility of
the CAPs.
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Resting-state functional MRI; Multiband; Multi-echo; Co-activation patterns; Functional
connectivity; Dynamic

1. Introduction

For nearly three decades, resting-state functional MRI (rs-fMRI), where images are collected
while the participant does not perform a specific task, has been used to extract distinct

brain networks (Biswal et al., 1995; Fox et al., 2005). For the most part, these studies have
assumed these brain networks were static over time and examined functional connectivity
by identifying brain regions where the entire time series was in sync. More recent work,
however, has shown this may not be the case, and functional connectivity is dynamic, even
changing throughout the course of a single scan (Allen et al., 2014; Chang and Glover, 2010;
Liu etal., 2013; Liu and Duyn, 2013; Sakoglu et al., 2010).

For example, Chang and Glover performed a time-frequency coherence analysis using
wavelet transform coherence, allowing coherence and phase differences between two time
series to be evaluated in time-frequency space (Chang and Glover, 2010). They found
significant variability in both coherence and phase between the posterior cingulate cortex
(PCC) and the task-positive networks. They also performed a sliding window analysis,
wherein the correlation is computed between subsets, or windows, of the time series. These
windows are then moved forward in time along the time series, and a correlation coefficient
is obtained for each window. That analysis identified several brain regions exhibiting
variable connectivity with the PCC. Another study used the sliding window approach to
evaluate the correlation between 50 brain networks, identified using group independent
component analysis (gICA) in a group of control subjects (Allen et al., 2014). Thus, a 50 x
50 correlation matrix was computed for each window. Then, a A&means clustering algorithm
identified different correlation patterns or states, and windowed correlation matrices were
each assigned to one of the states. These results identified organized connectivity patterns
that varied across time in individual subjects, repeated over time, and existed across subjects.
Damaraju et al. (2014) applied this technique in patients suffering from schizophrenia. They
found that patients spent less time in states with higher, widespread connectivity and had
overall reduced connectivity in these states.

Other studies have examined activation patterns related to single timepoints, based on the
idea that patterns of connectivity can arise from short co-activation periods lasting mere
seconds (Chen et al., 2015; Liu et al., 2013; Liu and Duyn, 2013). These studies showed that
a particular brain region can be co-active with brain regions in different networks at different
timepoints. Different co-activation patterns (CAPs) can be identified by looking at individual
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timepoints and identifying brain regions with concurrent high (or low) signal intensity, and
then using a clustering algorithm to identify distinct CAPs. Each timepoint is then assigned
to a CAP based on its spatial similarity.

In addition to advances in dynamic functional connectivity analyses, technical improvements
in echo-planar imaging (EPI) image acquisition have greatly improved functional
connectivity estimation. For example, multiband (MB) imaging, where multiple slices are
acquired simultaneously, permits increased spatial and/or temporal resolution (Feinberg et
al., 2010; Moeller et al., 2010; Setsompop et al., 2012). Moreover, multi-echo (ME) EPI
imaging involves collecting images at several echo times (TES) in a single shot. Multi-echo
imaging provides increased fMRI sensitivity (Fernandez et al., 2017; Kundu et al., 2012;
Poser and Norris, 2009; Poser et al., 2006; Posse et al., 1999), but it also suffers from
decreased spatial and temporal resolution due to the increased echo train length required to
collect additional echoes.

Recent studies have combined the MB and ME techniques in a single MBME acquisition
(Boyacioglu et al., 2015; Olafsson et al., 2015). Increasing literature has begun to
systematically evaluate the benefits of MBME imaging for fMRI studies (Cohen et al.,
2021a,2021b,2021c). For the rs-fMRI application, Cohen et al. (2021c) directly compared an
MBME sequence with an MB sequence and found higher functional connectivity strength
and extent for the MBME data. They also found better reproducibility of rs-fMRI metrics in
a subset of subjects with repeat imaging. To date, there remains a lack of dynamic analyses,
specifically utilizing CAPs, using MBME imaging.

In this study, MBME and MB rs-fMRI scans were collected in a group of healthy volunteers,
with a subset returning within two weeks for repeat imaging. A CAPs analysis was
conducted and measures of activation strength, goodness of fit, and reproducibility were
compared between the MBME and MB datasets.

2. Methods
2.1. Subjects

2.2.

All subjects provided written informed consent prior to participation in this study, which was
approved by the Medical College of Wisconsin Institutional Review Board and conducted in
accordance with the Declaration of Helsinki. In total, 28 healthy volunteer subjects (Mean
Age = 28.0 Range 20 — 46, 9 Male, 19 Female) participated in this study. Among them, 19
subjects (Mean Age = 27.2 Range 20 — 46, 7 Male, 12 Female) returned within two weeks to
repeat the study. Subjects were instructed to refrain from caffeine and tobacco for six hours
prior to imaging.

MR imaging

MR Imaging was performed at 3T (Signa Premier, GE Healthcare, Waukesha, WI) with a
body transmit coil and a 32-channel NOVA (Nova Medical, Wilmington, MA) receive head
coil. The maximum gradient strength was 70 mT/m and the maximum slew rate was 170
mT/m/ms. First, a high-resolution 3D T1-weighted magnetization-prepared rapid acquisition
with gradient echo (MPRAGE) anatomical image was acquired with TR/TE = 2200/2.8 ms,
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FOV = 24 cm, matrix size =512 x 512 x 256, slice thickness = 0.5 mm, voxel size = 0.47 x
0.47 x 0.5 mm, and flip angle (FA) = 8°.

Each subject then underwent two gradient-echo EPI rs-fMRI acquisitions: one MBME scan
and one MB scan, as described previously (Cohen et al., 2021c). The MBME scan had the
following parameters: TR/TE = 900/11,30,49 ms (three echoes), FOV = 24 cm, matrix size
=80 x 80 with slice thickness = 3 mm (3 x 3 x 3 mm voxel size), 11 slices with multiband
factor = 4 (total slices 44), FA = 60°, and partial Fourier factor = 0.85. Both MB and MBME
scans utilized in-plane acceleration (R) = 2. The MB scan had the following parameters:
TR/TE = 650/30 ms, FOV = 24 cm, matrix size = 80 x 80 with slice thickness =3 mm (3

x 3 x 3 mm voxel size), 11 slices with multiband factor = 4 (total slices 44), FA = 60°,

and partial Fourier factor = 0.85. Resting state scans lasted six minutes each resulting in
400 volumes for the MBME scans and 554 volumes for the MB scans. During the resting
state scans, subjects were instructed to close their eyes, but remain awake, refrain from any
motion, and not think about anything in particular.

Reconstruction was performed online using a modified multiband EPI reconstruction to
support the multi-echo acquisition (Cohen et al., 2021a,2021b,2021c). Multiband unaliasing
was accomplished using Autocalibrating Reconstruction for Cartesian Imaging (ARC)
reconstruction technology with a blipped-controlled CAIPI shift = 4 (Setsompop et al.,
2012). Zero-filling was used during reconstruction for the partial Fourier data.

2.3. Data preprocessing

A combination of AFNI (Cox, 1996, 2012), FSL (Jenkinson et al., 2012), and Matlab (The
Mathworks, R2018a) were used for the data analysis. Image preprocessing was conducted
based on the HCP minimal preprocessing pipeline (Glasser et al., 2013), available at
https://github.com/Washington-University/HCPpipelines, modified in-house to account for
multi-echo data (Cohen et al., 2021a,2021b,2021c).

2.3.1. Anatomical processing—Anatomical processing used the
PreFreeSurferPipeline.sh scripts from the HCP pipeline. First, the anatomical image was
aligned with line between the anterior commissure (AC) and posterior commissure (PC)
using affZrigidin FSL. Next, a brain mask was created using FNIRT-based brain extraction.
For this process, first, the MPRAGE image was linearly registered to MNI space using
flirtin FSL with 12° of freedom (Jenkinson et al., 2002). Then, fnirtin FSL was used to
non-linearly refine the registration. A masked reference image in MNI space was inverse
warped back to native space using the transformations determined above and used to mask
the MPRAGE. Finally, the MPRAGE brain-only image was registered to MNI space using
flirtwith 12° of freedom followed by fnirt.

2.3.2. Functional preprocessing—~For both the MBME and MB datasets, the first
16 volumes were discarded to allow the signal to reach equilibrium. Next, both the
MBME and MB datasets were volume registered to the first volume using mcflirtin

FSL and the six rigid-body motion parameters were output. For the MBME data, only
the first echo was registered. Subsequent echoes were registered using the transformation
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matrices from the first echo. In addition, framewise displacement (FD) was calculated using
fsI_motion_outliersin FSL (Power et al., 2012).

MBME preprocessing and denoising: The MBME data was denoised using multi-echo
independent component analysis (ME-ICA) (Kundu et al., 2013,2012) and the open-source
python script tedana.py version 0.0.9 (Ahmed et al., 2020). The three echoes were first
combined using the T2* -weighted approach (Posse et al., 1999). The combined-echo data
was then denoised using ME-ICA. The ME-ICA technique, described in detail elsewhere
(Ahmed et al., 2020; Kundu et al., 2013,2012), classifies independent components as BOLD
or non-BOLD based on whether or not their amplitudes are linearly dependent on TE,
respectively (Kundu et al., 2013,2012; Olafsson et al., 2015). Components classified as
non-BOLD are regressed out of the combined ME data using general linear regression,
resulting in a denoised dataset. The denoised MBME dataset was then registered to the
ACPC-aligned MPRAGE image using ep/_regin FSL, and subsequently registered to MNI
space using the anatomical transformations computed in Section 2.3.1. Finally, the data was
smoothed using a 4 mm full width at half maximum (FWHM) Gaussian kernel.

MB preprocessing and denoising: The MB data was registered to the AC-PC aligned
MPRAGE image using ep/_regin FSL. Then, the MB data was registered to MNI

space using the anatomical transformations computed in Section 2.3.1. The data was then
smoothed using a 4 mm FWHM Gaussian kernel and denoised using an ICA-based strategy
for Automatic Removal of Motion Artifacts (ICA-AROMA) with automatic dimensionality
estimation and non-aggressive denoising (Dipasquale et al., 2017; Pruim et al., 2015).
ICA-AROMA is a data-driven technique that removes motion-related components from the
data.

2.3.3. CAPs analysis—The denoised and smoothed data was then used for the CAPs
analysis, which was conducted using the ThCAPs toolbox (https://c4science.ch/source/
CAP_Toolbox.git) (Bolton et al., 2020). Separate analyses were performed for the MB and
MBME datasets. In addition, the data was split into training and test datasets. The training
data set consisted of the nine subjects with only one session and five randomly selected
subjects with two sessions and was used to determine the optimal cluster sizes and generate
the CAPs. The remaining 14 subjects, all with two sessions, comprised the test dataset.

For both the training and test datasets the data was masked using a template gray matter
(GM) mask and then temporally zscored so the temporal mean = 0 and temporal standard
deviation = 1.

Seed-based approach: Next, the timepoints for the CAPs analysis were selected. To ensure
the robustness of the results, two analyses were conducted. First, a single seed, the posterior
cingulate cortex (PCC) was used. This seed was obtained from the AAL2 brain atlas,
including voxel values of 39 and 40 (Rolls et al., 2015). The PCC was chosen because it is a
hub in the extensively studied default mode network (DMN) (Chang and Glover, 2010). For
all datasets, the mean temporally zscored signal was extracted from the PCC seed. Frames
with signal intensity in the top 30% were retained. In addition, frames with FD > 0.5 were
excluded.
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The optimal number of CAPs and the CAPs themselves were determined using only the
training data. As mentioned previously, CAPs were determined separately for the MB

and MBME data. To generate CAPs the data from the whole gray matter volume, at the
thresholded frames from the PCC seed, were clustered using A~means clustering. First, the
optimal number of clusters was determined using consensus clustering (Monti et al., 2003)
as implemented in the ThCAPs toolbox (Bolton et al., 2020). Briefly, ~-means clustering
was run across 20 folds for cluster numbers (K) ranging from 2 to 12, randomly selecting

a 80% of the data for each fold. In the ideal case, data points should regularly be clustered
together or clustered separately across folds. The optimal K'is the one for which the
proportion of ambiguously clustered pairs (PAC) (i.e. sometimes clustered together and
sometimes separately) is minimized (Senbabaoglu et al., 2014). The stability was defined as
1 - PAC. Once the optimal K'was determined, A~-means clustering was run using the training
data using that cluster number. For all datasets, each surviving frame was assigned to one of
the CAPs based on their spatial similarity.

Since CAPs were computed separately for the MB and MBME datasets, the centroid CAPs
were visually inspected and matched between MB and MBME datasets. CAPs that did not
have a counterpart in the other dataset were not included in further comparisons between
datasets. The surviving frames from the subjects in the test dataset were then assigned to one
of the CAPs by spatially correlating each frame with each CAP and assigning the frame to
the CAP with the highest correlation.

Seed-free approach: analysis was then repeated using a seed-free approach where all
frames were included in the analysis except frames with FD > 0.5. Consensus clustering
was once again used to determine the optimal number of clusters for the MB and MBME
datasets separately using the training dataset. Resulting CAPs were visually compared
between MB and MBME datasets and CAPs that did not appear for both were excluded
from further analyses. Finally, in the same manner as the seed-based approach, timepoints
from subjects in the test dataset were assigned to one of the CAPs.

For the seed-free method, several additional metrics were computed including the number of
occurrences of and number of entries into each CAP, the probability of remaining in a CAP
between timepoints (resilience), betweenness centrality, the likelihood of entering a specific
CAP from any other CAP (in-degree), and the likelihood of leaving a specific CAP towards
another CAP (out-degree). The number of occurrences of and number of entries into each
CAP for the MB data were scaled by the ratio of timepoints in the MBME data to number of
timepoints in the MB data (384 and 538, respectively).

2.3.4. Goodness of Fit—Goodness of fit metrics were computed for the test dataset.
The goodness of fit of each of the CAPs was estimated by computing the spatial correlation
and mean squared error (MSE) between each frame and the centroid CAP it was assigned
to. The MSE was computed by averaging the squared difference between the volume at each
frame and the centroid CAP to which it was assigned.
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The within-dataset variance (Vyin) was extracted by computing the voxelwise variance
across all frames assigned to each of the CAPs separately for each dataset (i.e. single scan).
The Vin Was then averaged across voxels to obtain one value per dataset.

2.3.5. Test-retest—Test-retest similarity was also computed for the test dataset. To
estimate test-retest similarity of the CAPs, for each dataset the frames assigned to each CAP
were averaged resulting in one volume for each CAP for the MB or MBME dataset. The
spatial correlation was then computed between scan session 1 and scan session 2 for each
subject for the MBME and MB datasets.

2.3.6. Comparisons between MBME and MB sequences—The mean and
maximum FD were compared between the MB and MBME datasets using a paired t-test
across subjects. In addition, the mean and maximum FD were compared across CAPS using
an ANOVA and between MB and MBME datasets for each CAP using a paired t-test.

For each CAP, the voxel-wise mean CAPs (averaged within each dataset) were compared
between MBME and MB test datasets using the paired #test option of 3dlffest++ in AFNI.
Multiple comparisons correction was accomplished using the 3dC/ustSim feature in 3dttest+
+. Resulting zscore maps were thresholded at p< 0.001 with minimum cluster sizes ranging
from 80 to 90 voxels (a< 0.05).

The following comparisons were all made on the test dataset only. For the spatial correlation
and MSE metrics, timepoints were grouped by CAP and sequence (MBME or MB) across
subjects and sessions. Since the number of timepoints for each CAP differed across datasets,
spatial correlation and MSE were compared between MBME and MB datasets using a
two-sample t-test for each CAP separately. For V,yi,, each dataset had one value. Thus, a
paired t-test was used to compare MBME and MB datasets across subjects for each CAP.
Similarly, for the test-retest analysis, the spatial correlation between sessions was compared
between the MBME and MB datasets using a paired £test across subjects for each CAP. All
results were Bonferroni corrected for multiple comparisons, and a corrected p < 0.05 was
considered significant.

3. Results

3.1.

3.2.

Head motion

No significant difference was found between MB and MBME scans for mean FD (0.52
+0.43 vs. 0.40 + 0.37, respectively, p= 0.09) or maximum FD (0.096 + 0.042 vs. 0.101

+ 0.036 respectively, p=0.24). In addition, there was no significant difference between
number of scrubbed frames between MB and MBME datasets. Finally, no significant
differences in FD were seen between CAPs and between MB and MBME datasets for each
CAP for both the seed-based and seed-free approaches (Supplementary Fig. S1).

Number of clusters

For the MB data the number of clusters (K) was chosen to be five for the seed-based and
seed-free analyses as a clear local maximum in the stability metric was observed for both.
The results weren’t as clear for the MBME case. For the seed-based approach a small local
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maximum was observed at five clusters, however, there was no local maximum for the
seed-free case. As a result, different numbers of clusters were tried. It was found that for
K> 5 there were very few timepoints (< 1%) from the test dataset assigned to clusters 6

and above. Thus, five clusters were chosen for all datasets. Plots of stability as a function of
cluster size are shown in Supplementary Fig. S2.

3.3. PCC seed

Fig. 1 shows the five centroid CAPs extracted using the training dataset. Each CAP in the
MB dataset was matched with its corresponding CAP in the MBME dataset. In general,
CAP; showed strong co-activation mainly in the visual and motor cortices. CAP, showed
higher co-activation in the DMN and negative co-activation in the visual and motor cortices..
CAP3 showed high co-activation globally, especially for the MBME dataset, with areas of
heightened co-activation in the motor cortices, default mode network (DMN), frontoparietal
network, and salience network (i.e. insula). CAP, showed higher co-activation in the DMN,
some frontal and temporal regions. Finally, CAP5 showed heightened co-activation in the
DMN.

Fig. 2 shows mean CAPs for the test dataset for the MBME (left) and MB (middle) datasets.
Overall, significantly higher co-activation was seen for the MBME data compared to the MB
data for all five CAPs, as evidenced by the voxel-wise paired #test results (p< 0.001, cluster

size corrected) (Fig. 2, right). No area showed higher co-activation for any of the five CAPs

for the MB data in comparison with the MBME data.

Fig. 3 shows box plots of the goodness of fit metrics and within-dataset variance compared
between MBME and MB datasets for all five CAPs. Mean spatial correlation between each
timepoint assigned to a CAP and the corresponding centroid CAP was significantly higher
for the MBME data than the MB data for all five CAPs (Fig. 3a, p < 0.001, Bonferroni-
corrected). The MSE between each timepoint assigned to a CAP and the corresponding
centroid CAP was significantly lower for MBME vs. MB data for CAPs 1 — 3 and 5 (Fig. 3b,
p<0.001, Bonferroni-corrected). Similarly, the within-dataset variance across timepoints
assigned to each CAP was significantly lower for MBME vs. MB data for CAPs 1 -3 and 5
(Fig. 3c and 4, p< 0.001, Bonferroni-corrected).

Furthermore, the spatial correlation between sessions 1 and 2 for each CAP was compared
between the MBME and MB data. Between-session spatial correlation was significantly
higher for MBME data vs. MB data for CAPs 1 — 4 (CAP; : p=0.003; 5CAP,: o= 0.013;
CAP3: p=0.003; CAP, : o= 0.003; all Bonferroni-corrected).

3.4. Seed-free

A total of five centroid CAPs were extracted from the training data for the seed-free
approach. Overall, four of the five CAPs matched between the MB and MBME datasets,
while CAPs differed (Fig. 5). CAP1 showed areas of heightened co-activation in the visual
and motor cortices. CAP, showed largely global negative co-activation for the MBME data
with heightened negative co-activation mainly in the visual and motor areas. CAP3 showed
higher co-activation in the visual network and frontoparietal network. CAP,4 showed higher
co-activation in the DMN.
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Fig. 6 shows mean CAPs for the test dataset for the MBME and MB datasets for the four
CAPs that matched between the MB and MBME datasets. In general, significantly higher
co-activation, both in the positive and negative direction, was seen for the MBME data
compared to the MB data for the four CAPs, as evidenced by the voxel-wise paired #test
results (p< 0.001, cluster size corrected) (Fig. 6, right). For example, for CAP5, a more
negative co-activation strength was seen for the MBME data compared to the MB data
throughout the brain. For CAP3 there was an area of lower co-activation in the visual cortex.

The goodness of fit metrics and within-dataset variance were compared between MBME
and MB datasets for the four matched CAPs (Fig. 7). Mean spatial correlation between
each timepoint assigned to a CAP and the corresponding centroid CAP was significantly
higher for the MBME data compared to the MB data for all four CAPs (Fig. 7a, p<

0.001, Bonferroni-corrected). The MSE between each timepoint assigned to a CAP and the
corresponding centroid CAP was significantly lower for MBME vs. MB data for all CAPs
1, 2, and 4 (Fig. 7b, p< 0.001, Bonferroni-corrected). Finally, the within-dataset variance
across timepoints assigned to each CAP was significantly lower for MBME vs. MB data
for all CAPs 1,3, and 4 (Fig. 7c, CAPq : p<0.001; CAP3: p=0.02; CAP4: p< 0.001; all
Bonferroni-corrected).

The spatial correlation between sessions 1 and 2 for each CAP for the MBME and MB data
was also evaluated (Fig. 8). Between-session spatial correlation was significantly higher for
MBME data vs. MB data for CAPs 1,2, and 4 (CAPq : p< 0.001; CAP,: p<0.001; CAP,:
= 0.009;, Bonferroni-corrected).

In addition, results of seed-free analyses for the other summary metrics, including the
number of occurrences of each CAP, number of entries into each CAP, resilience,
betweenness centrality, CAP in-degree, and CAP out-degree are presented as Supplementary
Material (Fig. S3).

4. Discussion

In this study, a CAPs analysis was conducted on rs-fMRI data acquired using MBME and
MB sequences. Various metrics were compared between MBME and MB datasets in a group
of control subjects imaged twice over a span of two weeks. Overall, co-activation using
seed-based (PCC) or seed-free approaches was higher for the MBME sequence vs. MB
sequence. In addition, individual frames were more strongly spatially correlated with their
assigned CAP centroid and had lower variance within datasets for the MBME data. Finally,
the between-session spatial correlation was higher for MBME data for most CAPs.

A very limited number of studies have used a multi-echo sequence for dynamic analyses of
rs-fMRI data. One study used a single band ME sequence to examine the variability of DMN
connectivity in depression (Wise et al., 2017). They found higher variability in the medial
prefrontal cortex and PCC in major depression subjects using a sliding window approach.
Another study used an MBME sequence and a sliding window approach to examine the
relationship between dynamic functional connectivity and mindfulness, assessed using the
Child and Adolescent Mindfulness Measure (CAMM), in children and adolescents (Marusak
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et al., 2018). They found no significant effects between static connectivity and mindfulness,
but found mindful participants changed states more throughout the scan and spent more time
in a state characterized by positive default mode network connectivity with central executive
networks. Although neither study compared ME to single echo approaches, they indicate the
potential for using ME approaches in the clinical realm.

In this study, the CAPs method was used. In contrast to more conventional approaches
focusing on correlating rs-fMRI time series across time (i.e. static or sliding window
connectivity), the CAPs method focuses on single timepoints (Bolton et al., 2020). As
described by Liu et al., time series approaches might have several disadvantages (Liu et al.,
2018). First, brain networks comprise thousands of voxels while correlations are computed
over tens or hundreds of timepoints, potentially leading to covariation across many voxels.
Similarly, rs-fMRI data has orders of magnitude more voxels than timepoints leading to
rank-deficient matrices. The CAPs method builds off previous work using point process
analyses (PPA), with timepoints defined by the sequence of timepoints that crosses a defined
threshold from below (Tagliazucchi et al., 2012). Tagliazucchi et al. showed averaging

these high amplitude timepoints in the BOLD signal results in similar results to standard
connectivity analyses using continuous data, and distinct groups of brain voxels are co-active
over very short timescales (Tagliazucchi et al., 2012). These methods can evaluate the
codependence in activity over more than two brain regions (Liu et al., 2018). The CAPs
method expands on this by clustering high intensity voxels, extracted from the time series of
a spec-fied seed region (or using all frames), based on spatial similarity. The CAPs method
has shown distinct spatial patterns both within and outside of the DMN that would not be
expected using static or sliding window correlation techniques (Liu et al., 2013).

Nevertheless, our results align with our previous studies evaluating static rs-fMRI
connectivity using MBME and MB sequences (Cohen et al., 2017,2021c). For example,
Cohen et al showed higher functional connectivity strength and extent for MBME vs. MB
scans for seed-based and whole-brain parcellation-based methods. They also found MBME
scans to be more reproducible using the Dice coefficient. Dipasquale et al. (2017) showed
higher connectivity strength using ME approaches compared to single echo approaches
especially after denoising using ME-ICA. It is important to distinguish the current study
with these eariler studies evaluating static connectivity (Cohen et al., 2017, 2021c). Those
studies mainly evaluated correlations between time series. In contrast, the CAPs approach
treats each time point separately as independent data points. Thus, it was not trivial whether
the results of the static connectivity analysis would translate to the dynamic CAP analysis.

Anytime data is being clustered, the number of clusters to choose is paramount as the
“correct” number of clusters is often not known a priori. Two common methods used in
dynamic rs-fMRI studies are the elbow criterion (Allen et al., 2014; Damaraju et al., 2014;
Espinoza et al., 2019; Rabany et al., 2019) and silhouette criterion (Fiorenzato et al., 2019;
Kim et al., 2017; Shakil et al., 2016). For the elbow criterion, a cluster validity index (i.e.
the ratio of within to between cluster distances) is computed for a range of cluster numbers.
The cluster number at the elbow of the cluster validity index vs. cluster size graph is chosen.
For the silhouette criterion (Rousseeuw, 1987), the similarity of a point to points in its own
cluster compared to points in other clusters is computed across clusters, and the cluster
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size with the maximum is selected. In this study, consensus clustering was used (Monti et
al., 2003) as implemented in the TOCAPs toolbox. It works well for datasets with large
dimensionality and, as described in the ThbCAPs manual, has been successfully applied to
selecting cluster numbers for generating functional brain networks with large scales (Bolton
et al., 2020; Zoller et al., 2018). While cluster number is important, previous work has
shown that CAP patterns did not depend on the number of clusters, and the majority of
clusters found for lower cluster numbers were also found for higher cluster numbers (Liu
and Duyn, 2013).

There was an overlap in the location of CAPs found using the seed-based seed-free
approaches. For example, CAP, and CAP, for the seed-free approach matched CAP4 and
CAP3 for the seed-based approach, respectively. This was somewhat expected as the PCC
frames used for the single seed analysis were a subset of the seed-free case. However,

in general, the intensity of the seed-based CAPs was higher compared to the seed-free
CAPs. This is also unsurprising as the seed-based case only used frames in the top 30%
of intensity. Finally, there were two all-negative CAPs for the seed-free approach. The
seed-free approach used all frames and, since the data was zscored, this included ~~50%
of voxels with intensity < 0. While the implication of these negative CAPs remains to be
further explored, they still have shown improved goodness of fit and reproducibility metrics
for the MBME compared to MB data.

This study focuses on co-activation maps from individual timepoints and their relationship
with the centroid CAPs. There are several other, more global metrics that can be assessed
using the CAPs method including the number of occurrences of and the number of entries
into each CAP, the probability of remaining in a CAP between timepoints (resilience),
betweenness centrality, the likelihood of entering a specific CAP from any other CAP
(in-degree), and the likelihood of leaving a specific CAP towards another CAP (out-degree).
These metrics are presented as supplementary material and were not the main focus of the
paper. One reason was that the brain might have been in different states during different
scans, potentially biasing the results. The MB scans in this study always occurred following
the MBME scans, which could have introduced bias into these metrics. For example, if the
subject became fatigued throughout the course of the scan, it could have altered their brain
state. For example, one study evaluated CAPs during four states of consciousness (Amico et
al., 2014). They found, while the overall CAP patterns were maintained, some regions were
no longer coactivated when consciousness was reduced. Another study evaluated patients
with unresponsive wakefulness syndrome (UWS) and found reduced occurrences of CAPs
associated with the DMN in UWS patients (Di Perri et al., 2018). In addition, these metrics
are only presented for the seed-free case as timepoints were skipped in the seed-based
analysis making these measures difficult to interpret.

One advantage of ME scans is that a short echo time (< 15 ms) image can be acquired.
Since the signal from the first echo will be weighted more heavily in the T2* -weighted
echo combination scheme, BOLD contrast will be maximized in voxels with short T2*. In
addition, the signal is higher at shorter echo times. Thus, the collection of short TE images
reduces susceptibility-induced signal dropout (Cohen et al., 2021a; Fernandez et al., 2017).
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This can particularly be observed for CAP, for the seed-based analysis, which had higher
co-activation in the orbitofrontal cortex for the MBME data compared to the MB data.

More subcortical co-activation was found for the MBME data, specifically in CAPs 2 and
4 for the seed-based analysis and CAP3 for the seed-free analysis. This finding is in line
with previous work by Cohen et al., where subcortical-cortical were higher for MBME
scans vs. MB scans for both whole-brain parcellation analysis and seed-based analyses
using the hippocampus as the seed for the functional connectivity analysis (Cohen et al.,
2021a,2021c). Kundu et al. (2012) found similar results for ME compared to single-echo
data by using a hippocampus seed.

Both the MB and MBME data were preprocessed using advanced ICA-based denoising
techniques, namely ICA-AROMA for MB and ME-ICA for MBME. Both methods involve
regressing noise ICA components from the data. A recent study by Dipasquale et al. (2017)
compared a variety of denoising techniques for multi-echo and single echo datasets . Their
results suggest that ICA-AROMA is best for single echo data and ME-ICA is best for
multi-echo data (Dipasquale et al., 2017). It was assumed the majority of researchers would
process their fMRI data with advanced denoising approaches, and our results would be more
useful to readers. More importantly, ME scans also allow for the estimation of T2* and

the combination of echoes prior to ME-ICA (Kundu et al., 2013,2012). ME-ICA removes
the artifactual non-BOLD signal from the data including R2* effects, motion artifacts,

and physiological noise (Kundu et al., 2013,2012,2017; Olafsson et al., 2015), reducing
variations in these signals across scan sessions automatically and resulting in a more

stable signal over time. This can account for the higher between-session spatial correlation
and lower within-dataset variance for the MBME data vs. the MB data, which will have
important implications for further applications (Elliott et al., 2021).

While a powerful denoising technique, Power et al. have pointed out that whole-brain
respiratory artifacts are not adequately removed by techniques such as ME-ICA (Power

et al., 2018). This leaves open the possibility that CAPs may be influenced by these
artifacts. Techniques such as global signal regression (GSR) could be used to mitigate
these effects, but the use of GSR has been hotly debated in the fMRI community and
would add additional confound to the analysis (Marshall et al., 2020; Murphy et al., 2013).
Moreover, the CAPs analysis tends to be less susceptible to global artifacts compared

to correlation-based metrics. For example, Liu and Duyn (2013) found that global signal
regression did not strongly impact spatial patterns derived by CAPs. Our study did find
CAPs that appear more global in nature, especially for the MBME data (see CAP3 for the
PCC seed). However, the majority of CAPs are specific and appear neural in nature, and
the MBME data was improved in those CAPs compared to the MB data. Thus, we do not
feel the primary differences between the MBME and MB sequences are due to brain-wide
respiratory artifacts. Since CAPs analysis temporally decomposes the data into point-wise
patterns, one would therefore expect global effects to be largely relegated to a subset of
CAPs, with the others relatively unaffected (Nalci et al., 2017). Further, Nalci et al. (2017)
showed that global signal regression acts largely as a temporal down-weighting process,
attenuating specific timepoints with large global signal amplitudes. Therefore, we did not
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apply GSR in the current work following previous CAPs studies (Chen et al., 2015; Marshall
etal., 2020).

Parameters were identical between the MB and MBME acquisitions except for the TR (900
ms for MBME and 650 ms for MB). This was done intentionally to evaluate each sequence
as researchers were likely to use them. One advantage of the single echo approach is lower
minimal TRs compared to the multi-echo approach. However, it leads to the question of
whether differences in CAP characteristics could be attributed to the different sampling rate
between the sequences. Previous work showed MBME data had a temporal SNR (tSNR)
1.18 times higher than the MB data for the same scan protocols used in this study ((Cohen et
al., 2021a). One may argue that the increased tSNR from the longer TR for the MBME data
is somewhat mitigated by the increase in the number of timepoints for the shorter TR MB
data (Smith et al., 2013). Furthermore, a previous study has shown improvements in static
functional connectivity for MBME compared to single-echo MB data with identical TR and
other scan parameters (Cohen et al., 2017).

Moreover, one may speculate how our results would compare to the single-band ME
acquisition. Increased TR of single-band TE would lead to fewer frames collected in the
same scan time potentially leading to a lower optimal number of CAPs. On the other hand,
MB acquisitions come with increased reconstruction (g-factor) artifacts potentially leading
to more noise associated CAPs. In this study, no noise CAPs were detected for five CAPs.

This study had some limitations in addition to those mentioned above. First, only young
healthy controls were included in this study. Comparisons should be made in patient
populations. Also, as mentioned previously, the MB scans always occurred after the MBME
scans, which could potentially lead to participant fatigue during the later acquisitions.
These scans both occurred in the first half of the scan session so those effects should

be diminished. Also, we found no significant differences in head motion, measured with
framewise displacement, between the MB and MBME scans or between CAPs. It should
also be noted that temporal z-scoring on a scan-to-scan basis was performed in the initial
CAP and point-process studies (Liu and Duyn, 2013; Liu et al., 2018; Tagliazucchi et al.,
2012). We have carried out this z-scoring step in our analysis to be consistent with the
literature.

In conclusion, a CAPs analysis showed higher co-activation across CAPs for MBME scans
compared to MB scans. MBME CAPs were more similar to the centroid CAPs and MBME
CAPs were more reliable across scan sessions compared to MB scans.

Taken together, MBME is a promising avenue for CAPs analyses in future applications.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Abbreviations

rs-fMRI resting-state functional magnetic resonance imaging
BOLD blood oxygenation level dependent

CAPs co-activation patterns

MB multiband

ME multi-echo

MBME multiband multi-echo

EPI echo planar imaging

ME-ICA multi-echo independent component analysis
ICA-AROMA ICA-based strategy for automatic removal of motion artifacts
TE echo time

TR repetition time

FOV field of view

FA flip angle

FWHM full width at half maximum

PCC posterior cingulate cortex

AAL2 anatomical atlas version 2

DMN default mode network
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Fig. 1.
Centroid CAPs for the MBME (left) and MB (right) data for the seed-based analysis.

Centroid CAPs were generated separately for the MBME and MB data using the training
dataset. Similar CAPs were matched between the MBME and MB datasets. All five CAPs
had a corollary between datasets. CAP3 showed the highest activity with high co-activation
throughout much of the gray matter. CAP, showed higher co-activation in the motor

cortex and visual cortex. CAP4 showed higher co-activation in parietal, visual, frontal and
subcoritical regions. Finally, CAPs 2 and 5 showed higher co-activation in the default mode
network, along with some subcoritcal area.
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Fig. 2.
Mean CAPs evaluated for MBME (left) and MB (middle) data separately and t-test results

comparing MBME and MB data (right) for the seed-based analysis. CAPs were determined
using the test dataset by assigning each frame to a CAP based on spatial similarity. Thus,
mean CAPs closely match the centroid CAPs determined from the training data. While the
patterns of co-activation are similar for the MBME and MB datasets, significantly higher
co-activation was observed for the MBME data compared to the MB data for all five CAPs
(0 <00.001, cluster-size corrected). No region showed higher co-activation in the MB data
compared to the MBME data.
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Fig. 3.

Violin plots of the goodness of fit and CAP robustness metrics for the seed-based analysis.
All plots were generated using the test dataset. Spatial correlation (a) and mean squared
error (MSE) (b) between individual timepoints and their assigned centroid CAP were
computed separately for MBME and MB datasets (MB: yellow color; MBME: blue color).
The spatial correlation was significantly higher for MBME vs. MB datasets for all five
CAPs, while MSE was significantly lower for MBME vs. MB datasets for all CAPs except
CAP,. Within-dataset variance (c), calculated across timepoints assigned to the same CAP
for each subject, session, and sequence, was significantly lower for MBME data compared
to MB data for all CAPs except CAP4. Note: on each box, the central mark indicates the
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median, and the bottom and top edges of the box indicate the 25th and 75th percentiles,
respectively. *** p< 00.001, ** p< 00.01, * p < 00.05, Bonferroni-corrected.
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Fig. 4.

Violin plot of CAP reproducibility for the seed-based case. Between-session spatial
correlation was calculated for the test dataset using the mean of all timepoints assigned

to each CAP for each subject and sequence. CAPs 1 — 4 showed significantly higher spatial
correlation for the MBME vs. MB data (MB: yellow color; MBME: blue color). Note: on
each box, the central mark indicates the median, and the bottom and top edges of the box
indicate the 25th and 75th percentiles, respectively. *** p< 0.001, ** p< 0.01, * p< 0.05,
Bonferroni-corrected.
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CAP,

CAP,

CAP,

Fig. 5.
Centroid CAPs for the seed-free analysis calculated using the training dataset for the

MBME (left) and MB (right) data separately. CAPs were visually matched between the
MBME and MB data. CAPs 1 — 4 matched while CAP;5 differed. CAP1 showed areas

of heightened co-activation in the visual and motor cortices. CAP, showed largely global
negative co-activation for the MBME data with heightened negative co-activation focused
in the visual and motor cortices. CAP3 showed higher co-activation in the visual network,
frontoparietal network, and subcoritcal region. CAP,4 showed higher co-activation in the
DMN and negative co-activation in the visual cortex.
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Fig. 6.

Mgean CAPs evaluated for MBME (left) and MB (middle) data separately and t-test results
comparing MBME and MB data (right) for the seed-free analysis for the four CAPs that
matched between MBME and MB data. CAPs were determined using the test dataset by
assigning each frame to a CAP based on spatial similarity. Thus, mean CAPs closely match
the centroid CAPs determined from the training data. As with the seed-based case, the
patterns of co-activation are similar for the MBME and MB datasets; however, in general,
significantly higher co-activation, both in the positive and negative direction, was seen for
the MBME data compared to the MB data for the four CAPs (p < 0.001, cluster-size
corrected).
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Fig. 7.

Violin plots of the goodness of fit and CAP robustness for the seed-free analysis for the

four CAPs that matched between the MBME and MB data. Metrics were computed using
the test dataset. Spatial correlation (a) was higher for MBME vs. MB datasets for all four
CAPs, while MSE (b) was lower for MBME vs. MB datasets for all CAPs except CAP,.
Within-dataset variance (c) was also lower for MBME data compared to MB data for all
CAPs except CAP,. Note: on each box, the central mark indicates the median, and the
bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. *** p<
0.001, ** p<0.01, * p< 0.05, Bonferroni-corrected.
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Fig. 8.

MBME MB MBME
CAP

Violin plot of CAP reproducibility for the seed-free analysis using the test dataset for

the four CAPs that matched between MBME and MB datasets. Between-session spatial
correlation was computed using the mean of all timepoints assigned to each CAP for each
subject and sequence. CAPs 1, 2, and 4 showed significantly higher spatial correlation for
the MBME vs. MB data. Note: on each box, the central mark indicates the median, and the
bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. *** p<

0.001, ** p<0.01, * p< 0.05, Bonferroni-corrected.
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