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Abstract

Introduction: Functional connectivity in the brain is often studied with blood oxygenation level
dependent (BOLD) resting state functional magnetic resonance imaging (rsfMRI), but the BOLD
signal is several steps removed from neuronal activity. Arterial spin labeling (ASL), particularly
pulsed ASL (PASL), has also the capacity to measure the blood-flow changes in response to
activity. In this paper, we investigated the feasibility of extracting major brain networks from
PASL data, in contrast with rsfMRI analsyis.

Materials and methods: In this retrospective study, we analyzed a cohort dataset that consists
of 21 mild traumatic brain injury (mTBI) patients and 29 healthy controls, which was collected in
a previous study. By extracting 10 major brain networks from the data of both PASL and rsfMRI,
we contrasted their similarities and differences in the 10 networks extracted from both modalities.

Results: Our data demonstrated that PASL could be used to extract all 10 major brain networks.
Eight out of 10 networks demonstrated over 60 % similarity to rsfMRI data. Meanwhile, there are
similar but not identical changes in networks detected between mTBI patients and healthy controls
with both modalities. Notably, the PASL-extracted default mode network (DMN), other than the
rsfMRI-extracted DMN, includes some regions known to be associated with the DMN in other
studies. It demonstrated that PASL data can be analyzed to identify resting state networks with
reasonable reliability, even without rsfMRI data.

Conclusion: Our analysis provides an opportunity to extract functional connectivity information
in heritage datasets in which ASL but not BOLD was collected.
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1. Introduction

Analysis of functional brain networks or intrinsic connectivity networks (ICNs) has become
a popular avenue of investigation in both normal brain research and studies of diseases.1—3
These studies rely heavily on the use of functional magnetic resonance imaging (fMRI) and
the blood-oxygenation level dependent (BOLD) effect,# which allows for visualization of
changes in metabolic activity level due to a coupling between activity and blood flow.

In short, as activity increases, local blood flow increases, resulting in an increase

in local oxygenation and a decrease in deoxygenated hemoglobin.? This decrease in
deoxyhemoglobin concentration leads to an increase in intensity on echo planar imaging
(EPI). When fMRI data is collected in the absence of an explicit task, known as resting state
fMRI (rsfMRI), fluctuations in neuronal activity cause changes in the BOLD signal, which
can be analyzed to find common patterns of activity changes across brain regions.>-8 Brain
regions that vary in activity together are considered to be functionally connected.

However, rsfMRI and the BOLD effect rely on a tight coupling between metabolic activity
and cerebral blood flow (CBF), as well as the assumption that the hemodynamic response
function (HRF) is consistent across the brain and across study subjects.> Without these two
assumptions, the existence or absence of the temporal dependency between BOLD time
courses of brain regions are not directly linked to the temporal dependency between neural
activity, and interpretation of the results becomes more difficult. Considering that the HRF
has been demonstrated to change across the brain and is known to be affected by some
disorders, including traumatic brain injury (TBI),° rsfMRI and BOLD may not be giving
us the entire story about functional connectivity (FC).3-5 As such, several groups have
suggested adding additional methods of assessing FC, including arterial spin labeling (ASL),
to provide additional information about these changes in FC.10-14

ASL depends on the labeling of inflowing blood, usually at the level of the carotid or
internal carotid arteries, followed by detection in the brain, usually with EPI. By interleaving
these labeled images with non-labeled images, we can subtract the two to see the blood

that has entered the brain in the short delay between the labeling pulse and the imaging.1°
Because this is a relatively low signal-to-noise ratio (SNR) method, we perform it multiple
times and average the results together to obtain a less noisy result with better SNR. Like
with rsfMRI and the BOLD effect, when done repeatedly, this produces some slight changes
in intensity over the series of images that are associated with changes in CBF. Because of
this similarity, there has been an enduring but not remarkably popular interest in analyzing
ASL data with the same methods as rsfMRI, such as independent component analysis (ICA)
or seed-based analyses (SBA), either alone or in combination with the rsfMRI results.10-14
By combining the ASL and rsfMRI data information, we can use the complementary
information that they provide to obtain information about ICNs that is perhaps more reliable
or interpretable than either method alone would offer. Additionally, rsfMRI is a relatively
recent method, and while it has caught on quite quickly and enjoys widespread application
leading to large datasets in a variety of studies, there are still many existing datasets that
included ASL in their imaging protocol even before rsfMRI was widely used. By analyzing
this ASL data alone, we can obtain information about ICNs in these datasets where rsfMRI
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was not collected. Finally, ASL also offers another piece of information that rsfMRI does
not, which is a map of the static CBF across the brain. Since CBF is also often found

to be altered in many diseases or disorders, combining the result of CBF and functional
connectivity analyses could prove valuable.

Recent advances in ASL have made this an even more attractive possibility, as
pseudocontinuous ASL (PCASL) offers improvements over both continuous and pulsed
ASL methods (CASL and PASL), with good labeling efficiency, easy applicability on most
scanners, and good SNR.16:17 This led to a recent push in ASL-based assessments of FC in
healthy subjects, supporting the use of ASL to identify ICNs. However, despite the lesser
SNR of PASL, it was much more widely used in the time before PCASL and rsfMRI both
became standard research practices, meaning that many older datasets that would benefit
from the use of ASL to assess FC would only have PASL data available to them. This
augments the importance of studying the feasibility of functional connectivity analyses using
PASL data. To better demonstrate the importance of evaluating brain FC in ASL data, it is of
interest to examine PASL functional connectivity analysis for a clinical study.

The proposed method of ASL FC analysis and the information obtained through using

it could be of particular importance in the study of mild traumatic brain injury (mTBI),
which affects over 1.3 million Americans each year.18 Patients with mTBI can experience
symptoms in the absence of structural brain abnormalities, which are often hypothesized

to be related to changes in metabolic activity or functional connectivity between brain
regions,1920 particularly in the default mode network (DMN).21-23 Because PASL has been
a standard part of mTBI imaging studies for some time but rsfMRI is a newer development,
PASL in existing datasets may be able to be examined in new ways to provide information
about FC changes following mTBI using appropriate analysis methods.

Here, we investigate the use of PASL and rsfMRI both separately and together in one study
of healthy controls and mTBI patients. Our major aims were: 1) to investigate the reliability
of intrinsic brain networks extracted from PASL in contrast with those extracted from
rsfMRI data; 2) to evaluate the possibility of using a recently-developed approach, group
information guided ICA (GIG-ICA) as the standard tool, to calculate brain networks of
individuals using PASL data?4; and 3) to evaluate the feasibility of performing connectivity
analysis using PASL data for clinical studies.

2. Material and methods

2.1. Approach

First, to address the first aim, we demonstrate that ASL data can yield similar ICNs

to those obtained using rsfMRI data by applying group ICA (GICA) on the PASL and
rsfMRI data separately and comparing their results. This provides a foundation for future
research in analyzing brain intrinsic connectivity using PASL data. Next, we assessed our
proposition of considering GIG-ICA as the standard ICA approach for analyzing brain
intrinsic connectivity in ASL datasets. Finally, we used GIG-ICA to calculate the subject-
level ICNs for each modality and evaluated the feasibility of using ICNs obtained from
PASL in clinical studies by comparing the PASL results with the rsfMRI results in an mTBI
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data set. We expected that the PASL results would confirm the rsfMRI findings and add new
information, as well.

2.2. Participants

This study was approved by both the Human Investigation Committee of Wayne State
University and the Institutional Review Board of the Detroit Medical Center, Detroit,
Michigan, USA. The cohort included 50 subjects including 29 healthy subjects and 21 mTBI
patients (Table 1). All participants were at least 18 years old and written informed consent
was collected before enrollment. Participant were excluded for the following criteria:
pregnancy, a history of brain injury, neurological disorder or psychoactive medication,
and/or a history of substance or alcohol abuse.

All patients with mTBI were recruited from the Detroit Receiving Hospital (DRH)
Emergency Department (ED), a Level-I trauma center. Patient eligibility was based on the
mTBI definition by the American Congress of Rehabilitation Medicine.2® All patients had
an initial Glasgow Coma Scale (GCS) score of 13-15 in the ED, and patients with a GCS
of 15 had either loss of consciousness, post-traumatic amnesia, or a change in mental status.
Loss of consciousness did not exceed 30 min and post-traumatic amnesia did not exceed 24
h. All patients had a CT scan as part of their clinical evaluation. All of them were able to
speak English.

2.3. Data acquisition

All images were acquired using a 3T Siemens Verio scanner (Siemens, Munich, Germany).
Structural high-resolution T1-weighted imaging was collected using an MPRAGE sequence
with TR (repetition time) = 1950 ms, TE (echo time) = 2.26 ms, slice thickness = 1 mm,

flip angle (FA) = 9°, field of view (FoV) = 256 x 256 mm, matrix size = 256 x 256, and
voxel size = 1 mm isotropic. The rsfMRI images from this dataset have already been used
for connectome-scale analyses.28 This paper focuses on the use of PASL data to extract
ICNs. rsfMRI data was acquired using a gradient echo EPI sequence with in plane resolution
= 3.125 x 3.125 mm, slice thickness = 3.5 mm, slice gap = 0.595 mm, matrix size = 64

x 64, TR/TE = 2000/30 ms, FA = 90°, 240 vol, number of excitations (NEX) = 1, and an
acquisition time of 8 min. During rsfMRI scans, participants were instructed to relax, keep
their eyes closed, avoid falling asleep, and not to think about anything specific. PASL data
was collected using a gradient echo EPI sequence with 91 vol, TR/TE = 2830.2/11 ms, FA =
90°, FoV = 96 x 96 mm, and voxel size = 3.125 x 3.125 x 3.5 mm3 for the first 12 healthy
controls and 10 patients, and with 101 vol, TR/TE = 2612.8/13 ms, FA = 90°, FoV =80 x 80
mm, and voxel size = 44 mm isotropic for the other 17 healthy controls and 11 patients.

2.4. Data analysis

The schematic of the functional connectivity analysis pipeline is demonstrated in Fig. 1 and
described below.

2.4.1. rsfMRI and PASL preprocessing—Data were preprocessed using the FSL
software package (www.fmrib.ox.ac.uk/fsl/) including brain extraction, motion correction,
slice-time correction, spatial smoothing with an 8 mm full width at half-maximum (FWHM
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= 8 mm). For registration, the structural T1-weighted data was registered to the Montreal
Neurological Institute (MNI) standard space using nonlinear registration with 10 mm warp
resolution. rsfMRI and PASL data were registered to the MNI standard space and resampled
to 4 mm isotropic voxel size. This involved first registering each to the participant’s own T1-
weighted image using linear registration with a 6 degrees of freedom and then performing
the nonlinear registration from the T1-weighted image space to the MNI atlas.

2.4.2. ICA analysis—Group ICA analysis was performed using the GIFT software
package from MIALAB (http://mialab.mrn.org/software/gift/).2”:28 For group ICA, ICASSO
was used to obtain reliable and stable independent components,2? and Infomax algorithm
with 20 components was run 100 times with different initial values and different
bootstrapped datasets and the central solution was used for further analysis.3%-32 Group

ICA was performed on the data of each modality separately to allow examination of

the ability of PASL to extract ICNs. Independent components obtained from PASL were
compared with ICNs identified using rsfMRI analysis. For comparative analyses, we
avoided combining BOLD and ASL (i.e. temporal concatenation) to obtain corresponding
ICNs across modalities. This prevented the information of one modality from influencing
the other. A reference-based back-reconstruction approach within GIFT was utilized for
individual-level ICNs. This allows the ICNs of an individual to be independent of the

data of other individuals in the study which is an important concern for clinical studies,
especially with a small number of subjects.33 For this purpose, we used the recently
developed approach known as group information guided ICA (GIG-ICA),24:34 in which

a multi-objective optimization solver is utilized to calculate independent components using a
set of spatial maps as a reference. GIG-ICA has shown higher spatial and temporal accuracy
than alternative back-reconstruction approaches such as spatiotemporal (dual) regression3®
and has also been shown to be more robust to artifacts than single-subject ICA approaches.36

2.4.3. PASL and ICNs—While recent studies use more advanced ASL approaches such
as PCASL, which offers better temporal resolution and higher SNR,16:17 this study used
PASL data to extract ICNs to evaluate the feasibility of using multivariate approaches like
ICA in ASL data with lower qualities. For our first aim, a blind group ICA (infomax)

was applied to each modality separately to investigate the possibility of obtaining brain
networks using PASL. The necessity of using blind ICA for this step is that blind ICA
identifies ICNSs solely based on the information which exists in the data. Thus, we prevent
information of one modality (for example, BOLD) from influencing the calculation of the IC
maps of another modality (for example, ASL). The rsfMRI-ICNs, which were obtained from
BOLD information of rsfMRI, were identified manually by an expert (Al). The PASL-ICNs,
which were obtained using both BOLD and perfusion information of PASL, were identified
both manually and by identifying independent components of PASL which have maximum
spatial similarity with the identified rsfMRI-ICNs. The time-courses of the ICs identified as
ICNs in both modalities are dominated by low-frequency power, which was reported as the
dominant frequency band for resting state neural activities.® The results of two modalities
were compared to see how well we can identify ICNs using PASL data.
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After demonstrating the ability of obtaining brain networks (i.e., ICNs) from PASL data,
our next goal was to compare the results of analysis between two modalities. To accomplish
this, we first identified corresponding spatial maps across modalities. This can be obtained
by using GIG-ICA with the same reference for both modalities. The spatial maps chosen
for use as a reference should resemble the ICNs that we expect to exist in the investigated
data of both modalities but without being biased toward one of the modalities over the other.
This can be achieved by selecting corresponding ICNs in both modalities, using the results
of the previous ICA step, and creating regions of interest (ROIs) which are associated with
each ICN in both modalities (See an example for the DMN in Fig. 2). In other words,

after identifying the ICNs for each modality at the first step, we identify which voxels are
significantly associated with a given ICN by thresholding spatial t-value maps and then
select those voxels which are significantly associated with the ICN in both modalities, or
the statistically significant overlap between the ICN maps in both modalities, as our ROIs.
This produces a set of binary spatial masks that represent regions associated with each
given ICN in both modalities. Next, we applied GIG-ICA using this conjoined reference to
obtain corresponding ICNSs in both modalities, and the obtained ICNs were used for further
statistical analysis to compare the findings of two modalities. Assuming the results of the
two modalities are well-aligned with each other, and that PASL produces similar findings as
rsfMRI, we can move forward by evaluating the result of performing ICA analysis on PASL
separately from rsfMRI, using the group IC spatial maps of each modality as the reference
for that modality.

The next goal after demonstrating the ability of PASL to extract ICNs is to assess the
performance of functional connectivity analysis using PASL data for clinical studies. The
group comparison was performed between mTBI patients and healthy controls for both
modalities, and their findings were compared. We first used the conjoined reference (the
binary masks of 10 ICNs) and GIG-ICA to obtain the DMN and compare between two
groups for each modality (see section GIG-ICA with conjoined reference findings). After
demonstrating similar findings for both modalities using the same reference of GIG-ICA, we
evaluated the similarity of the findings of two modalities when they were studied separately.
For this purpose, the 20 IC maps obtained from each modality’s group ICA was used as
reference for GIG-1CA and the result of two modalities compared with each other (see
section GIG-ICA with independent references findings).

2.4.4. PASL on CBF-based perfusion images and ICNs—While our main aim in
this study was to demonstrate the reliability of PASL data for FC analysis and to propose an
analysis procedure for this purpose, it is also interesting to obtain ICNs from CBF-specific
maps (perfusion-weighted ICNs) as well as the raw time series images. Although it can

be advantageous to use the entire time series for given the lower SNR, lower temporal
resolution, and fewer volumes available than the fMRI, since it provides more information, it
is also important to demonstrate that we can obtain ICNS using only CBF-based (perfusion-
weighted, or post-subtraction) data, too, because it is unique information which cannot

be obtained using conventional fMRI modalities. Another benefit is that compared to
BOLD ICNs, perfusion-weighted ICNs provide more direct measures of the physiology

and metabolism of ICNs.
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Therefore, even though obtaining CBF-based ICNs is not our main goal, we are going

to demonstrate the feasibility of obtaining ICNs using perfusion-weighted, or subtracted,
data. Using CBF-based measurements (label image minus control image), we minimize the
contribution of BOLD information in identification of the ICNs, resulting in ICNs which
are more closely related to neural activity. The CBF-based ICNs here were obtained by
performing ICA analysis on perfusion-weighted images calculated using sinc-subtraction
of label and control images. The previous study has been shown that sinc-subtraction
minimizes the BOLD effect within ASL data as compared to other subtraction methods.3”

2.4.5. Functional network connectivity analysis (FNC)—Finally, evaluating the
temporal coherence between ICNs has raised much interest and become a popular approach
to assess both static and dynamic functional connectivity of the brain. In this approach, FC
is calculated at the network level and has demonstrated promising results among various
brain disorders like schizophrenia and bipolar disorder. Considering the importance of
FNC analysis, it is valuable to assess the suitability of PASL data for FNC analysis. We
hypothesize that, similar to FNC obtained from rsfMRI data, FNC obtained from PASL
data will reveal a specific pattern across healthy individuals (significantly different from
correlations between uncorrelated time series). In our data, the FNC was calculated among
10 identified ICNs using a Pearson correlation and resulted in a symmetric 10 x 10 matrix
which includes 45 distinct values. To evaluate our hypothesis, we created an empirical null
distribution of rsfMRI-FNC. For this purpose, we used a resampling technique and created
5000 samples from time courses of rsfMRI-ICNs of 29 healthy subjects. For each sample,
the time courses of ICNs were randomly assigned from different subjects. For instance, for
sample /, the time course of the default mode network (DMN) was assigned from the time
course of the DMN of the subject m, and the time course of the dorsal attention network
(DAN) was assigned from the time course of the DAN of the subject n. In other words,

the time courses of different ICNs in each sample come from different subjects. Next, we
calculated the FNC for these 5000 samples and used the results to create an empirical null
distribution for rsfMRI-FNC.

2.4.6. Statistical analysis—Spatial similarity was measured using spatial correlation
(Equation (2)) to identify ICNs of PASL data based on similarity to rsfMRI-ICNs.33:38
Corresponding maps were identified between the two analyses based on the highest spatial
similarity, and this pairing was compared with the result of manually selecting paired ICNs.

e Yi((Xi = p)(Yi = ny))
\/Zi(xl - /"x)z X Zi (Yi - /"y)z

@
where X'and Yare spatial maps, and i is an index for corresponding voxels in the spatial
maps.

A non-parametric two-sample t-test was performed to compare mTBI patients and healthy
control subjects in each modality. The significant p-value was chosen to be 0.05, and
the statistical maps were corrected using spatial thresholding. The size of spatial (cluster)
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thresholding was obtained using the MonteCarlo simulation, part of Resting-State fMRI
Data Analysis Toolkit (http://www.restfmri.net/), which is equal to 2.5 cm3.33

3. Results

3.1. Participants

Demographic characteristics are presented in Table 1. The dataset includes 21 mTBI patients
(6 female and 15 male) and 29 healthy control subjects (9 female and 20 male). There is no
significant sex difference between two groups. However, there is a significant age difference
(two sample ttest, p-value = 0.013) between the two groups. For mTBI patients, the mean
age is 39.42 + 15.10 (mean + standard deviation) years, and for healthy control subjects it

is 29.71 £ 8.70 years. Therefore, we considered the effect of age in our statistical analyses
when we compared the data of the two groups.

mTBI patients and healthy controls were also statistically significantly different in race

in our sample (p value = 0.005). However, previous studies reported similar patterns of
ICNSs, particularly in the DMN, despite different race,3 so the effect of race is usually not
considered in intrinsic functional connectivity analyses, especially in studies with a small
sample size.26 Moreover, to the best of our knowledge, there is no rsfMRI study that reports
a significant race effect on FC.

3.2. PASL can identify similar (but not identical) networks as rsfMRI

For the first step of the analysis, the data from PASL and rsfMRI sequences from the 29
healthy control subjects were analyzed using infomax separately in each modality. Ten ICNs
were identified in both modalities and illustrated in Fig. 3, in which blue and green regions
shows the areas associated to the ICNs in rsfMRI and PASL data, respectively.

The 10 ICNs identified include (1) the default mode network (DMN),>-8:40-44 (2) and

(3) the left and right frontoparietal networks (LPFN and RPFN),5-840-42:44 (4) the frontal
default mode network (fDMN),>-7:414245.46 (5) the sensorimotor network (SMN),78.41-44.47
(6) the primary visual network (VisPri),>-8:40-44 (7) the secondary visual network
(VisSec),6-84041,4345 (g) the subcallosal network (SubN),”:39:44.48:49 (9) the dorsal attention
network (DAN),>44 and (10) the insula functional network (IFN).50:51 This demonstrates
that ICNs can be obtained from PASL data, and that they are very similar to the commonly-
identified rsfMRI-ICNSs, except for DAN and SubN. Quantitatively, the spatial correlation
between ICN maps from the two modalities demonstrates a high level of similarity between
the ICNs obtained from the two modalities (Table 2).

3.3. Comparing the results of analysis between two modalities

In the previous step, we illustrated the feasibility of extracting similar ICNs from PASL as
from rsfMRI. The next step was to compare and evaluate the result of a between-groups
analysis between these two modalities. We expected to observe similar findings that are
confirmatory and complementary to each other from the two modalities. For instance, if we
investigate the effect of a specific brain disorder using both modalities, we would expect
that both modalities would show a similar trend of alterations across regions (the findings
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of each modality would confirm the findings of the other). Moreover, we expected to see
some extra findings in each modality that are unnoticeable or invisible in the other but are
not opposed to the findings of the other. For this purpose, we compared the DMN between
healthy control subjects and mTBI patients and compared these findings between the two
modalities.

To achieve this goal and to perform fair comparisons, we first used the conjoined reference
which is the binary masks of 10 ICNs and GIG-ICA to identify corresponding spatial maps
across modalities. Using the conjoined reference, insures that the references for the GIG-
ICA would have equal contribution from each modality, and the obtained ICNs (including
the DMN that we investigated here) would not be biased towards one or the other.

3.3.1. GIG-ICA with conjoined reference findings—~For each individual subject,
ICNs were extracted using GIG-ICA and the conjoined reference. The DMN was compared
between the two groups using a non-parametric two sample t-test while considering age

as a confounding factor. The analysis revealed clusters of 5.38 cm3 and 3.39 cm? that
showed statistically significant increases in association of the angular gyrus with the DMN
in both PASL and rsfMRI data, respectively, in mTBI patients as compared to healthy
control subjects (Fig. 4(a)! and a2). This demonstrates that the two modalities can identify
similar findings. Moreover, rsfMRI data manifested a reduced association of the precuneus
with the DMN for a 2.75 cm3 cluster (Fig. 5(a)2). We observed a reduced association

of the precuneus with the DMN in PASL data in a 2.37 cm3 cluster (Fig. 5al), which

did not survive the spatial threshold of 2.50 cm3. In other words, while we observed a
similar trend of reduced association of the precuneus with the DMN, it was not statistically
significant in the PASL data. In summary, for GIG-ICA with the same reference, our
analysis demonstrated similar findings for PASL and rsfMRI data in the DMN.

3.3.2. GIG-ICA with independent references findings (confirmatory)—After
demonstrating similar findings for both modalities in a corresponding network, the next
question is how similar the findings of the two modalities are when they are investigated
separately. For this step, we again used GIG-ICA, which allows comparison of the findings
here with the findings of the previous step; however, we used the 20 IC maps obtained from
each modality’s group ICA as our reference rather than the ROIs used as the reference in
the previous step, so that each modality’s result is independent from the data of the other
modality. Similar findings were observed in the angular gyrus as in the previous GIG-ICA
analysis using the overlapping ROI reference. For the PASL data, we observed a significant
increase in association of the angular gyrus with the DMN in a 2.56 cm3 cluster (Fig. 4bl).
For the rsfMRI, the cluster in the angular gyrus that showed increased association with the
DMN was only 1.98 cm?3, which did not pass the spatial threshold (2.50 cm3) but clearly
shows that a similar pattern exists (Fig. 4b2). We also observed a similar trend in increased
association of the angular gyrus with the DMN in PASL data when we used GICA and in
rsfMRI when we used spatial-temporal regression approach (STR).22 This demonstrates that
PASL can identify changes in brain FC either along with or in the absence of rsfMRI. We
also observed a similar pattern of decreased functional association of the precuneus with the
DMN in TBI patients as we observed in the previous GIG-ICA step for rsfMRI data with
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a 2.56 cm3 cluster (Fig. 5b2), but this decrease in association between the DMN and the
precuneus was not observed in the PASL data even as a cluster that was too small to meet
the statistically significant threshold.

The results of these two steps reveal that rsfMRI and PASL complement each other and
could be used together. Moreover, these results demonstrate that the increase in association
of the angular gyrus with the DMN could be considered as a more significant effect of
injury and more robustly associated with the effect of injury than the decrease in association
between the precuneus and the DMN.

3.3.3. Back reconstruction approaches (GICA and spatial-temporal
regression) did not show consistent results between PASL and rsfMRI in

the DMN—We further evaluated the findings of our statistical comparisons of the DMN
using two common back reconstruction approaches: GICA and spatial-temporal regression
(STR).51 We did not observe a statistically significant increase in the association of the
angular gyrus with the DMN using either of these modalities. However, if we reduce

the spatial threshold value to less than 2.50 cm3, both of these approaches captured a

similar pattern in one of the two modalities, which demonstrates GICA’s and STR’s lower
sensitivity to detect this change as compared to GIG--ICA.2435 GICA was able to identify

a similar trend of increased functional association of the angular gyrus with the DMN only
in PASL data with a cluster size of 2.30 cm?3 (Fig. 4cl). By using STR, we observed a
similar trend in only rsfMRI data for a cluster with the size of 1.60 cm3 (Fig. 4d2). We also
observed decreased associations between the precuneus, PCC, and lateral occipital cortex
with the DMN across approaches and modalities. However, the most consistent finding

in the decreased association with the DMN is the precuneus, which was observed using
GIG-ICA. GIG-ICA reveals decreased association of the precuneus with the DMN, which
was a stronger effect in the rsfMRI data than in the PASL data. GICA demonstrated a similar
decrease in association of the precuneus and PCC with the DMN in the rsfMRI data in a
much larger cluster than in the GIG-ICA (cluster size 14.78 cm3) (Fig. 5¢2), but it did not
demonstrate the same effect in the PASL data; instead it showed a non-significant trend of an
decrease in functional association between the lateral occipital cortex and the DMN which
did not pass the statistical comparison spatial criteria (cluster size 2.30 cm3) (Fig. 5¢1). For
the STR approach, we did not observe the decrease in association of the precuneus with the
DMN for the statistical criteria in the rsfMRI data, but we did observe the similar pattern for
a cluster with the size of 1.92 cm3 (Fig. 5d2). Unlike the GICA in the PASL data, the STR
showed a decrease in the association of the precuneus, PCC, and lateral occipital cortex in
two clusters with a total size of 5.06 cm3 (Fig. 5d%).

3.4. CBF-based (perfusion-based) ICNs

The CBF-based ICNs were also obtained by performing ICA analysis, using infomax, on
perfusion-weighted images calculated using sinc-subtraction of label and control images.
The previous study has been shown that sinc-subtraction minimizes the BOLD effect within
ASL data as compared to other subtraction methods.3” Fig. 6 demonstrates the ICA results
generated using the CBF-based images. We were able to identify the same 10 ICNs from
perfusion-weighted images that we already observed in the rsfMRI and PASL data. ICNs
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obtained from BOLD-contaminated images and CBF-based images, which should be less
susceptible to the BOLD effect, were not compared here.

3.5. Functional network connectivity (FNC) comparison between PASLand rsfMRI-derived

networks

Fig. 7 (a) and (b), respectively, show the averages and standard deviations of FNC calculated
for the PASL data (upper triangle) and rsfMRI data (lower triangle). This presentation allows
a better comparison between two modalities. Fig. 7(a) shows a similar FNC pattern between
the two modalities. However, there are some differences which can be due to the different
sources of ICNs in each modality and also different SNR and number of volumes between
modalities. The effect of a lower number of volumes and lower SNR in the PASL data were
also observed as increases in standard deviations in Fig. 7(b), which shows higher variations
in FNC in the PASL data than in the rsfMRI data.

In order to quantify our FNC analysis and assess our hypothesis, we evaluated the similarity
between the FNC derived from PASL and rsfMRI data. Our hypothesis was that the
similarity FNC obtained from PASL (PASL-FNC) and rsfMRI (rsfMRI-FNC) is statistically
significant. The results show significant similarity between FNC of PASL and rsfMRI both
within and between subjects (Fig. 8). Performing two sample £test between within subject
similarity (similarity between FNC-PASL of subject 7and FNC-rsfMRI of subject /) and

the similarity between rsfMRI-FNC and the rsfMRI-FNC of the null distribution shows the
statistically significant difference with #value = 17.16 and confidence interval (Cl) =[0.43
0.54]. Using the same analysis and comparing between subjects (similarity between FNC-
PASL of subject /and FNC-rsfMRI of subject ;) with the similarity between rsfMRI-FNC
and the rsfMRI-FNC of the null distribution shows the statistically significant difference
with #value = 64.19 and CI = [0.33 0.35]. It should be noted that the larger #value, despite
lower confidence interval for between subjects analysis, is due to a higher degree of freedom
in the analysis.

4. Discussion

In this study, we were able to extract brain intrinsic connectivity networks from our

PASL data. Our findings are consistent with other previously published works that used
PCASL methods to identify functional connectivity, despite PASL’s lower SNR and CNR as
compared to PCASL. In this dataset, we extracted 10 major brain networks from the data of
both modalities, demonstrated similarities in the networks extracted from PASL and rsfMRI,
and detected similar changes in networks between mTBI patients and healthy controls with
both modalities. Previous works have demonstrated 5 networks and used PCASL data,
which is generally considered to be of higher quality in terms of SNR. This demonstration
using PASL opens new doors for new analyses of old datasets that preceded newer ASL
methods and rsfMRI.

Notably, the networks extracted from the PASL data slightly differ from those extracted
from the rsfMRI data, but with a priori reasons to trust these differences. For example, there
are some differences in regions associated with the DMN. However, the regions that show
significant association with the DMN in the PASL data are known to be involved in the
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DMN in others’ work, so it is not likely to be a random false positive. This offers a potential
advantage of using both modalities, since the PASL picked up some FC that the rsfMRI
missed, and vice versa. Thus, jointly analyzing both modalities may provide a better picture
of changes in brain FC.

Other studies using different ASL methods, like PCASL, may be expected to show better
results due to better SNR, as might other studies with greater subject numbers or greater
consistency in data collection. Our dataset also had some variation in the TR, TE, and
number of volumes collected, but was still sufficient for obtaining brain networks and
demonstrating changes in their connectivity patterns in an mTBI group as compared to a
healthy control group. This ability of studying FC using PASL data provides an opportunity
to reprocess massive previously-collected PASL datasets for new research purposes and
potentially helping to identify biomarkers for different brain disorders.

In this work, we also tested two separate ways of generating independent components from
the PASL data, looking at ICA on both the whole time series and on the subtraction images
generated from the labeled and unlabeled images. Each has some potential advantages and
disadvantages: using the entire dataset will reduce loss of information in the subtraction step
but may also include some BOLD variation that the ICA step may be using, while doing the
subtraction should reduce the BOLD contamination but also lowers the temporal resolution.
Both succeeded in extracting networks, suggesting that the temporal resolution is acceptable
even after subtraction and that the BOLD contamination is not the sole driver of the ICA
success.

5. Limitations and future directions

One limitation is that while we did demonstrate a difference between the two groups, the
mTBI patients and healthy controls, they do differ in a few ways besides the presence

or absence of an injury, reducing the interpretability of this work in the study of mTBI.
However, the main purpose of this study was to demonstrate that we can identify networks
and detect differences, so this does not hinder our main purpose despite reducing the
interpretability of this work for consequences of mTBI. Our successful application of this
method in mTBI indicates its potential utility in other disorders, as well. Our suggestions
for future work with this method include comparing FNC and doing dynamic analyses with
ASL data; performing joint analyses like joint ICA rather than analyzing each modality
alone; and studying FC using ASL in existing datasets.

6. Conclusions

This study demonstrated that PASL can be analyzed to identify resting state networks with
reasonable reliability. Based on our analyses, it suggests that existing datasets from studies
that included PASL but not rsfMRI may contain new information that is yet uninvestigated,
giving us a greater opportunity to test newer ideas about functional connectivity without
requiring new patients and funding to collect new data. Additionally, constructing networks
from CBF-based data rather than BOLD-based data provides a more direct measure of
functional connectivity.
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Fig. 1.

A%chematic of the analysis pipeline. Both rsfMRI and PASL data were preprocessed and
group independent component analysis (ICA) was applied using the infomax algorithm

to evaluate the ability of PASL data to identify intrinsic connectivity networks (ICNs).
Common regions of interest between two modalities were identified for each ICN and

used as input for group information guided ICA (GIG-ICA) to obtain each individual’s
ICNs. Default mode networks were compared between healthy subjects and patients using a
two-sample £test for each modality and the results were compared between modalities.
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Fig. 2.
An example for the process of obtaining the same set of spatial maps to be used as the

reference for GIG-ICA in both modalities. (a) and (b) show the default mode network
(DMN) for rsfMRI and PASL data. (c) and (d) demonstrate the areas in blue and green
associated with the DMN in rsfMRI and PASL data, respectively. (e) demonstrates these
areas from (c) and (d) with the overlap indicated in red. (For interpretation of the references
to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 3.
Spatial maps identified for each modality. The figures with the superscript of 1 demonstrate

the brain regions associated with various networks in PASL data in a green overlay, and

the figures with the superscript of 2 demonstrate the brain regions associated with various
networks in rsfMRI data in a blue overlay. The identified ICNs include (a) the default

mode network (DMN), (b) the left parietal-frontal network (LPFN), (c) the right parietal—
frontal network (RPFN), (d) the frontal default mode network (fDMN), (e) the sensorimotor
network (SMN), (f) the primary visual network (VisPri), (g) the secondary visual network
(VisSec), (h) the subcallosal network (SubN), (i) the dorsal attention network (DAN), and
(j) the insula functional network (IFN). (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)
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Fig. 4.
Blue overlay represents the regions that show higher association with the default mode

network (DMN) in mTBI patients compared to healthy subjects. (a) shows the results of
using the conjoined reference (the binary masks of 10 ICNs) and GIG-ICA (conjoined
reference). (b) demonstrates the result of using the 20 IC maps obtained from each
modality’s group ICA as the reference to perform GIG-ICA (independent references). (c)
and (d) illustrate the results of using two back reconstruction approaches, GICA and spatial-
temporal regression (STR), respectively. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)
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Fig. 5.
Red overlay represents the regions that show lower association with the default mode

network (DMN) in mTBI patients compared to healthy subjects. (a) (and (b) present the
results of GIG-ICA using two different references. (a) GIG-ICA with conjoined reference,
in which the reference is the binary masks of 10 ICNs. (b)GIG-ICA with independent
references, in which the reference was obtained from performing group ICA (infomax)

with 20 components on each modality. (c) and (d) illustrate the results of GICA and spatial-
temporal regression (STR), respectively, the two most used back reconstruction approaches,.
(For interpretation of the references to colour in this figure legend, the reader is referred to
the Web version of this article.)
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Fig. 6.
The 10 ICNSs obtained from the perfusion-weighted images.
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Fig. 7.

Average and standard deviation of FNC calculated in rsfMRI (lower triangle) and PASL
(higher triangle). Similar FNC patterns were observed in both modalities, demonstrating that
PASL can be used to track whole-brain functional network connectivity patterns.
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Fig. 8.

Si?nilarity of FNC obtained from rsfMRI (FNC-rsfMRI) with FNC obtained from samples
of empirical null distribution (null), PASL-FNC of different subjects (middle), and PASL-
FNC of the same subjects (right). Similarity between PASL-FNC and rsfMRI-FNC were
statistically significant for both within and between individuals.
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Demographic characteristics of patients and healthy controls enrolled in the study.

Table 1

Patients Controls p-value

Age Mean, years (SD)  39.42 (15.10) 29.71(8.70) 0.013

Median, years 43.11 27.54

Range, years 19.24-63.42  19.39-50.57
Sex Male (%) 15 (0.71) 20 (0.69) 0.851
Race African American 17 10 0.005

White 3 12

Other 1 7
Delay to scan  Mean, hours (SD)  83:57 (4.99) NA

Median, hours 10:15 NA

Range, hours 4:00-446:00 NA
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