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Spontaneous fluctuations in MRI signals from gray matter (GM) in the brain are interpreted as originating from
variations in neural activity, and their inter-regional correlations may be analyzed to reveal functional connectiv-
ity. However, most studies of intrinsic neuronal activity have ignored the spontaneous fluctuations that also arise
in white matter (WM). In this work, we explore spontaneous fluctuations in resting state MRI signals in WM based
on spatial independent component analyses (ICA), a data-driven approach that separates signals into independent
sources without making specific modeling assumptions. ICA has become widely accepted as a valuable approach
for identifying functional connectivity within cortex but has been rarely applied to derive equivalent structures
within WM. Here, BOLD signal changes in WM of a group of subjects performing motor tasks were first detected
using ICA, and a spatial component whose time course was consistent with the task was found, demonstrating
the analysis is sensitive to evoked BOLD signals in WM. Secondly, multiple spatial components were derived by
applying ICA to identify those voxels in WM whose MRI signals showed similar temporal behaviors in a resting
state. These functionally-related structures are grossly symmetric and coincide with corresponding tracts identi-
fied from diffusion MRI. Finally, functional connectivity was quantified by calculating correlations between pairs
of structures to explore the synchronicity of resting state BOLD signals across WM regions, and the experimental
results revealed that there exist two distinct groupings of functional correlations in WM tracts at rest. Our study
provides further insights into the nature of activation patterns, functional responses and connectivity in WM,
and support previous suggestions that BOLD signals in WM show similarities with cortical activations and are
characterized by distinct underlying structures in tasks and at rest.

1. Introduction 2014). Much attention has been focused on resting-state networks (RSN)

which may be delineated by detecting temporal correlations between

Functional MRI (fMRI) has been widely used to assess the functional
roles of localized brain regions based on detecting changes in neural
activity in gray matter (GM) via blood oxygenation level dependent
(BOLD) effects, and fMRI methods have been extended to be able to
measure functional connectivity between regions (Ogawa et al., 1990;
Biswal et al., 1995; Fox and Raichle, 2007; Gonzalez-Castillo et al.,

the spontaneous fluctuations in BOLD signals from different regions,
which are then assumed to exhibit functional connectivity (Fox and
Raichle, 2007; Gonzalez-Castillo et al., 2014; Zhang and Raichle, 2010;
Lee et al., 2013). Several temporally coherent RSNs that subserve crit-
ical functions including vision, hearing, language and attention have
been delineated in GM by resting state fMRI studies (Biswal et al., 1995;
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Fox and Greicius, 2010), while the default-mode network (DMN) in-
cludes a set of GM regions preferentially active when individuals are
left undisturbed by the external environment (Raichle et al., 2001;
Buckner et al., 2008). The DMN is not only robustly detectable in the
absence of a particular task, but also is of particular interest because it
is altered in a number of different neurological or psychiatric disorders
(Greicius, 2008). White matter (WM) comprises over half the brain vol-
ume and serves to connect and communicate information between dif-
ferent nodes within functional networks in GM. In most reports of fMRI
applications there is little mention of BOLD signal changes in WM, and
whether there are robustly detectable correlations of signals from within
WM that are related to specific functions remains unclear. However, a
few recent studies have reported robust activity-related BOLD signals in
WM as well as resting state correlations between specific WM tracts or
with parcellated cortical volumes (Ding et al., 2013; Ding et al., 2018;
Marussich et al., 2017; Peer et al., 2017). The origins of these functional
signals in WM have not been established, but equally they have not been
rigorously examined using the same methods as have been applied to
GM.

Diffusion tensor imaging (DTI) provides a way to delineate nerve
fiber tracts and analyze structural connectivity in WM, but DTI does not
reveal information about WM function (Basser et al., 1994). Whether
BOLD signals in WM are related to intrinsic neural activity, or are the
result of vascular changes in neighboring cortex, or some other pro-
cesses, remains unclear, but efforts have been made by several groups
to detect and evaluate BOLD signals in WM. In fact, a growing number
of studies have shown the feasibility of reliably detecting functional ac-
tivation and connectivity by fMRI in WM (Ding et al., 2013, 2018, 2016;
Gore et al., 2019; Grajauskas et al., 2019). For instance, Mazerolle et al.
reported functional activation in the isthmus of the corpus callosum by
using a Sperry task and high field imaging (4 T) (Mazerolle et al., 2008).
Gawryluk et al. replicated WM activation in the anterior corpus callosum
using an interhemispheric transfer task and asymmetric spin echo (ASE)
spiral sequence at 4 T (Gawryluk et al., 2009). These studies reported
activation in different areas of the corpus callosum, and both were func-
tionally consistent with the tasks. Gawryluk et al. also used a specialized
ASE spiral sequence and a motor task to elicit WM activation in the pos-
terior limb of the internal capsule (Gawryluk et al., 2011). Meanwhile,
Fabri and Polonara reported that BOLD effects can be evoked in the
corpus callosum by peripheral sensory stimulation or motor tasks, and
that the corpus callosum activation foci had locations consistent with
the sensory or motor stimulus applied (Fabri and Polonara, 2013). In
our own reports, we have demonstrated with various stimuli that rel-
evant WM tracts show task-specific BOLD changes (Ding et al., 2018;
Wau et al., 2017; Huang et al., 2018; Li et al., 2019).

Most previous studies of functional BOLD changes in WM are based
on evoked responses to tasks or stimulation prescribed with well-defined
timings, which facilitates the detection of WM activation by conven-
tional methods, e.g., by frequency spectrum analysis or convolution ap-
proaches. However, these methods are generally not applicable to other
situations in which task or stimulus timing is not known a priori. Dur-
ing resting state acquisitions, no explicit timing of spontaneous neural
events is available. Peer et al. (2017) used a K-means clustering analy-
sis of resting state signals in WM to identify a set of correlated voxels
corresponding to distinct networks but otherwise there have been only
sparse attempts to use data-driven analyses of whole brain resting state
data, as have been used for GM, to identify potential functional networks
in WM. Notably, Marussich et al. (2017) used independent components
analysis (ICA) to derive spatially independent patterns in 11 subjects
that appeared to reorganize during natural vision. Here we have em-
ployed spatial ICA to define a primary set of independent networks of
co-activation patterns in BOLD signals across the entire WM in the brains
of large sets of normal subjects.

Spatial ICA requires no prior regional seed definitions and separates
data into components that are maximally independent in a statistical
sense (Calhoun et al., 2001, 2009). Each independent component (IC)
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represents a major co-activation mode within the original data. ICA as-
sumes that the observed data are made up of statistically independent
components that are not separable experimentally and are combined
by an unknown linear mixing process. It attempts to separate the ob-
served data into independent sources by finding a linear transformation
that provides a set of maximally independent components, but with-
out making specific modeling assumptions (Calhoun et al., 2001). ICA
has been widely used to explore intrinsic neuronal activity and con-
nectivity in the cortex (Calhoun et al., 2009; McKeown et al., 1998;
Biswal and Ulmer, 1999), and to identify several networks including vi-
sion, default mode, cerebellar, sensorimotor, auditory, motor, executive
control and frontoparietal networks (Beckmann et al., 2005; Smith et al.,
2009, 2012). Here we apply similar ICA techniques to detect and iden-
tify patterns of BOLD signals in WM.

The main purposes of this work are to detect and identify patterns of
synchronized, spontaneous fluctuations of BOLD signals in WM in a rest-
ing state using the well-established ICA method, and to use the results to
derive structures which share BOLD-signal co-activation and provide the
basis for further analyses of functional connectivity within the brain. By
examining data from a large set of standardized scans, this goal would
establish objectively the principal RSN that are reliably found in WM.
We first applied ICA to evaluate WM signals produced during a simple
block-design motor task to validate the effectiveness of ICA for detect-
ing relevant WM BOLD changes with no prior information. Then we use
ICA to derive resting state functional structures in WM from a set of
images obtained by the China Human Connectome Project (CHCP). The
reproducibility of the results is demonstrated by applying the same anal-
yses to a second, larger, independent cohort of images from the Human
Connectome Project (HCP) (Van Essen et al., 2013). Lastly, we further
explore functional connectivity within and between the functional struc-
tures in WM derived from the CHCP data. Our results demonstrate (i)
that WM functional activation elicited during a motor task is detectable
using ICA; WM areas showing BOLD activation by ICA were adjacent to
corresponding GM motor areas; (ii) functional structures identified by
ICA are consistent with WM tracts derived from DTI (Mori et al., 2008);
(iii) functional connectivity within identified WM ICA components is in-
dicative of synchronized temporal fluctuations in BOLD signals within
individual WM tracts at rest (Shine et al., 2019); (iv) several pairs of
ICA components showed correlated time courses. This study provides
additional insights into the nature of functional activation, structures
and connectivity in cerebral WM, and confirms that BOLD signals in
WM are organized in a manner that they potentially reveal important
functional relationships between regions.

2. Methods
2.1. Subjects and image acquisitions

2.1.1. Subjects undertaking a motor task (data acquired at Vanderbilt
University)

The task data analyzed were part of the datasets reported in a previ-
ous study (Ding et al., 2018). 12 healthy right handed volunteers (mean
age: 27.8 + 4.8 years; range: 23-37 years), with no history of neuro-
logical, psychiatric or medical conditions as determined by interview,
participated in a protocol approved by the Institutional Review Board
at Vanderbilt University, Nashville, TN.

The motor task was prescribed in a block design format. Each subject
underwent two fMRI acquisitions with different conditions, one session
with left finger movements, and the other with right finger movements.
The subjects fixed on a cross sign projected on the middle of a screen in
their field of view when there were no tasks. Motor tasks started with 30
seconds of finger movement, in which subjects successively tapped each
finger of the hand indicated by an arrow, followed by 30 seconds of no
finger movement, for a total of seven blocks for each condition. Each
imaging run had a time duration of 435 seconds. Subject head motions
were minimized by restricting pads placed within the head coil.
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Functional and structural images of the brain were acquired with a
3 T Philips Achieva CX scanner (Philips Healthcare, Inc., Best, Nether-
lands) using a 32-channel head coil at the Vanderbilt University Institute
of Imaging Science. BOLD-sensitive functional images were obtained us-
ing a single shot T,*-weighted gradient echo (GE), echo planar imaging
(EPI) sequence (TR = 3000 ms, TE = 45 ms, matrix size = 80 x 80,
FOV = 24 x 24 cm?, 43 axial slices each 3 mm thick, and 145 volumes).
High resolution T;-weighted images were acquired using a multi-shot,
3D T; -weighted GE sequence (1 x 1 x 1 mm? nominal resolution).

2.1.2. Subjects in a resting state (data acquired at Peking University)

The data used in this analysis were obtained from the CHCP. Thirty
healthy volunteers (22 + 2 years old, range: 19-27 years, 16 females)
participated in this study in accordance with a protocol approved by
the Institutional Review Board at Peking University. Each subject un-
derwent two fMRI sessions with eyes-open in a resting state (we used
only the data of the first session). Functional and structural images of
the brain were acquired with a 3 T Siemens Prisma scanner using a
64-channel head coil at Peking University. BOLD-sensitive resting state
functional images were obtained using a multi-shot T,*-weighted GE,
EPI sequence (TR = 710 ms, TE = 30 ms, matrix size = 106 x 106,
flip angle=54°, FOV = 21.2 x 21.2 cm?, 72 axial slices each 2 mm
thick, and 634 volumes). High resolution T,-weighted images were ac-
quired using a 3D GE sequence (0.8 x 0.8 x 0.8 mm® nominal resolution,
TR/TE=2400/2.22 ms, flip angle=8°).

2.1.3. Subjects in a resting state (data acquired by the Human
Connectome Project)

To examine reproducibility and perform additional analyses, we used
data from the HCP, which were acquired on a customized Siemens 3 T
“Connectome Skyra” using a 32-channel Siemens receive head coil. To
minimize WM signal contamination from nearby GM, unprocessed fMRI
data were used from 100 participants (age range: 22-35 years; 50 fe-
males). For each participant, BOLD resting state data were acquired
using multiband gradient echo planar imaging. The following param-
eters were used for data acquisition: TR = 720 ms, TE = 33.1 ms, ma-
trix size = 104 x 90, flip angle=52°, FOV = 20.8 x 18.0 cm?2, 72 axial
slices each 2 mm thick with left-right encoding, and 1200 volumes. High
resolution T;-weighted images were acquired using a 3D GE sequence
(0.7 x 0.7 x 0.7 mm® nominal resolution, TR/TE=2400/2.14 ms, flip
angle=8°).

2.2. Data preprocessing

The Vanderbilt University data were preprocessed using SPM12
(http://www.fil.ion.ucl.ac.uk/spm). First, the fMRI data were corrected
for intra-volume acquisition time differences (module slice timing), and
inter-volume head displacements (module realign). Head motions of all
subjects were checked (<2mm in translation or <2° in rotation). Sec-
ond, T; structural images of each subject were segmented into WM, GM,
and cerebrospinal fluid (CSF) (module segment). Third, the segmented
images, as well as the T; images, were co-registered to the mean co-
ordinates of the fMRI data (module co-register). Fourth, all the result-
ing images were normalized into MNI (Montreal Neurological Institute)
space (module normalize). Lastly, the fMRI data were segmented into
WM and GM volumes based on the T; segmentation. To minimize po-
tential partial volume effects from nearby structures, the WM volume
was confined within a thresholded T; WM segment (>0.8), and spatial
smoothing with a 4 mm full-width at half maximum (FWHM) Gaussian
kernel was performed separately within the WM.

CHCP and HCP resting state data were processed in the same way
as above, except slice timing corrections were not performed as TR was
only 0.71 (CHCP) or 0.72 s (HCP). It should be noted that we didn’t
remove the mean of the time series from the fMRI data.
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2.3. Group independent component analysis

ICA is based on the assumption that observed data are made up of
independent components (source signals, which are not separately ob-
servable, are statistically independent and non-Gaussian in their prop-
erties), that have been combined using an unknown, but linear, mixing
process. ICA was originally developed for blind source separation or the
cocktail party problem, in which many people may be speaking simul-
taneously and ICA can successfully separate the contributions of each
speaker (Bell and Sejnowski, 1995). The underlying model can be ex-
pressed in matrix form as: X=MS, where X is the observed T-by-V data
(for fMRI data, T is the number of time points and V is the number of
voxels); S denotes the source signals, and M is an unknown mixing ma-
trix. The goal of ICA is to estimate an unmixing matrix W, such that
§ given by §=WX is a good approximation to the “true” source S. In
contrast to general linear models (GLM) that require the user to param-
eterize the data, a principal advantage of ICA is that it can characterize
the observed mixture data without making specific modeling assump-
tions (Calhoun et al., 2001).

Typical fMRI data may include spontaneous (resting state) fluc-
tuations, task-related activity signals, physiological noise signals (e.g.
from heart beat and breathing), motion-related effects and variations
caused by the MRI equipment. ICA may be used to separate fMRI data
into either spatially or temporally independent sources via spatial ICA
(McKeown et al., 1998) and temporal ICA (Biswal and Ulmer, 1999)
analyses. Either independence of spatial maps or of time courses can
be used to separate signal variations. ICA works well in both situa-
tions when appropriate assumptions are met (Calhoun et al., 2001;
McKeown et al., 1998), and has been increasingly used to discover hid-
den spatiotemporal structure or features contained within fMRI data
(Calhoun et al., 2009).

In this study, the preprocessed data were decomposed into in-
dependent components (ICs) using spatial ICA in which each com-
ponent identifies patterns of voxels within WM that share a time-
varying pattern of co-activation. Task and rest data were ana-
lyzed independently using the Group ICA of fMRI toolbox (GIFT)
(http://mialab.mrn.org/software/gift).

The task-related and resting-state data were both analyzed using the
same procedure. The workflow of an ICA analysis is summarized as
follows: the dimensions of each subject’s data were first reduced us-
ing principal component analysis (PCA); then the reduced data from all
subjects were concatenated in the temporal dimension to form one set
of data to be further reduced using PCA; lastly, the reduced data were
fed into ICA and analyzed with the Infomax algorithm, which is well
suited for spatial ICA analysis (Petersen et al., 2000), and the group
ICs were obtained. The averaged spatial map for each group IC was
converted to Z standard scores and thresholded at Z > 2 for display.
Voxels with Z-scores greater than the threshold were considered to be
the active voxels (McKeown et al., 1998). Once the aggregate compo-
nents were estimated, the unmixing matrix was obtained. GICA based
back-reconstruction methods use the aggregate components of ICA and
the results from the data reduction step to compute the individual sub-
ject components, whereas a spatial-temporal regression approach uses
aggregate components and the original data to reconstruct individual
subject components (Calhoun et al., 2001).

For analyzing the motor task data, there are two data reduction steps:
first, the data were reduced into 21 principal components, and then the
aggregate data were reduced to 14 principal components; lastly the re-
duced data were fed into the ICA algorithm to obtain the aggregate com-
ponents. We tried different numbers of components, and when the fMRI
data are decomposed into 14 independent components, the time course
of one specific spatial map best fit the stimulus signal waveform. In addi-
tion, the number of components estimated from all subject’s data using
the GIFT toolbox is 14.5. Therefore a 14-order ICA was implemented for
the task dada.
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For the resting-state data, we evaluated decompositions into dif-
ferent numbers of components (from 16 to 50). Previous studies have
demonstrated that higher-order models may provide more specific com-
ponents that correspond to known anatomical and functional segmen-
tations (Smith et al., 2009). In the data reduction steps used here, each
subject’s data are reduced, and the principal component numbers are set
to 1.5 times the number of final components. Secondly, the subjects are
then concatenated into one group and subjected to another data reduc-
tion step to reach the final number of principal components. Note that
the numbers of components for the resting state data are different from
the task data but they were analyzed using the same ICA procedure.

We separate signals from artifacts in independent components using
two approaches. First, we apply ICA with different orders of decomposi-
tion (16-50 components), and retain those components that consistently
appear. In the case of obvious artifacts, the components are excluded by
visual inspection. Second, the spatial maps from ICA decompositions
are compared with WM tracts in the JHU atlas using MRIcron software
(http://www.mricro.com). We assume that if the peak activation coor-
dinate of a component in the spatial maps is near the skeleton of a WM
tract, it is more likely to be a signal from WM.

To evaluate the functional connectivity (FC) between components
within WM, correlations between the time courses from pairs of WM
structures were estimated by calculating Pearson’s correlation coeffi-
cients. To do this, two steps of preprocessing were applied to the time se-
ries of each IC, including (i) six head-motion parameters were regressed
out of the time series; (ii) the time courses were low pass filtered with
a frequency cutoff of 0.1 Hz. Then we computed correlations between
ICs for each subject, and FC was computed as the mean FC across all
subjects.

To confirm the reliability of our methods, we also applied ICA to the
segmented GM regions alone. It should be noted that spatial smoothing
with a larger scale FWHM Gaussian kernel should be adopted to the seg-
mented GM, for the segmented cortical surface is only ~ 2-4 mm thick,
which is so thin that the group mask obtained by coregistering multi-
ple individuals may retain little tissue and fail to obtain the expected
results. In our study the segmented GM (thresholded at 0.8) masks were
smoothed with an 8 mm FWHM Gaussian kernel prior to applying the
same ICA methods as for WM.

3. Results
3.1. Functional activations in white matter evoked by motor task

To detect the IC which matches the stimulus, we compared the mean
time course of each spatial map with the stimulus signal (the motor task
waveform). Among the 14 ICs obtained from the WM fMRI data with
left finger movement, the time course of IC #4 was visually identified
to be most similar to the stimulus signal, so IC #4 was identified as
the activated IC corresponding to the stimulus. The spatial map and the
coordinate of the peak activations of IC #4 are presented in Fig. 1a (up-
per left). Here, to display voxels contributing most strongly to a specific
component map, ICA spatial maps were scaled to Z standard scores and
thresholded at Z > 2 (p < 0.05). More detailed distributions of IC #4
are presented in Fig. 1b, which shows a superposition of axial slices
from —40 to 58 onto the MNI 152 standard template. It can be seen that
there is distinct lateralization of these spatial maps, with larger WM
activated regions located in the contralateral bundles. The peak acti-
vation regions are located in the corticospinal tract (CST) (defined by
Biirgel et al., 2006) and in the middle cerebellar peduncle (MCP) for the
contralateral and ipsilateral hemisphere, respectively.

To compare the functional response between WM and GM, the same
ICA algorithm as for WM was applied to the segmented GM data. The
maps of GM signal changes corresponding to the stimulus and the peak
activation coordinates are shown in Fig. 1a (upper right). To compare
the responses of white and gray matter, the mean time series of the WM
and GM activation maps (IC #4 in WM and IC #2 in GM) across 12
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subjects (one session each) are presented in Fig. 1a (lower). To show
the results clearly, the mean fMRI signals within the ICs were removed.
It can be seen that (i) the time courses of signal variations in the WM are
similar to those in the activated GM, both of which are consistent with
the stimulus; (ii) signal changes in GM are much greater than in WM,
with stimulus-induced signal increases from the baseline of 2.45% and
0.78%, respectively for the GM and WM (iii) there is little difference in
time delay between WM and GM.

We also compared the signal-to-noise ratio (SNR) between GM and
WM in the two selected ICs. The SNR was computed as the ratio of the
mean to the standard deviation of the response time series averaged over
the 12 subjects studied. Specifically, the spatial map corresponding to
each of the ICs was first identified in the GIFT output for each subject,
from which the mean time series of the spatial map was computed. Then
the mean response time series across the 12 subjects was obtained. The
mean BOLD signal was found to be 2.44 x 10° and 1.86 x 10° (arbitrary
units) for GM and WM, respectively, and the standard deviation of the
mean response time series was 4.37 x 103 and 2.28 x 103 for GM and
WM, respectively, which yields an SNR of 55.77 and 81.63 respectively
for GM and WM. The coefficients of variations, defined as the inverse of
SNR, are 0.018 and 0.012 for GM and WM, respectively. These measures
are consistent with our earlier report (Huang et al., 2018). Of note, the
observation that GM has a higher standard deviation may be due to the
greater physiological noise in regions of higher vascular density.

Spatial maps and time courses shown in Fig. 1 represent group com-
ponents (averaged across 12 subjects) with left finger movement. Simi-
lar results from right finger movement are presented in supplementary
materials (Fig. S1) where the time course of IC #5 is visually nearly
identical to the stimulus waveform. It is appreciated that, similar to the
left finger movement above, peak activations appear in the contralateral
CST and in the ipsilateral MCP. However, there is also a noticeable dif-
ference between the left and right finger tasks: while the former elicits
peak activation in the cerebrum (CST), the latter evokes peak activation
in the cerebellum (MCP).

3.2. Functional structures in white matter in a resting state

We applied ICA to the CHCP and HCP datasets using identical proce-
dures and parameters to derive functional structures in WM from resting
state data, and also explored their reproducibility across different stud-
ies. To evaluate the impact of the number of components on the ICA
results, it was varied from 16 to 50, and we observed that several com-
ponents were very similar between the two separate datasets. The most
reproducible components are presented in Fig. 2 (the first and second
columns corresponding to the results of the CHCP and HCP data, respec-
tively), which correspond closely with WM tracts in the JHU atlas. To
find the correspondence between these components and specific tracts,
we first determined the location of the peak value for each component,
and then established which spatial domain of the JHU WM atlas it falls
in using the software MRIcron.

Each component from the ICA decomposition represents voxels
showing correlated patterns of BOLD signals over time, which may be in-
terpreted as a functional structure. Four representative functional struc-
tures are shown in Fig. 2: MCP, posterior thalamic radiation (PTR) (in-
cluding optic radiation, OR), splenium of corpus callosum (SCC), and
CST. It should be noted that the PTR results in the HCP data may be
further decomposed into two ICs if the number of components >=30, as
shown in the third column of Fig. 2, but spatial maps of MCP, SCC and
CST are consistent from 24 to 50 dimensional ICA decompositions, as
shown in the supplementary materials (Fig. S2).

We also compared the above functional structures (MCP, SCC and
PTRderived from CHCP) with the JHU atlas, as shown in Fig. 3. It can
be seen that MCP, SCC and PTR derived from ICA decomposition (the
first row) closely resemble corresponding tracts in the JHU atlas (the
second row), with a Dice similarity of 0.81 (for MCP), 0.58 (for SCC)
and 0.35 (for PTR) between the two maps. Although the JHU atlas is
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Fig. 1. Spatial maps and time courses from ICA averaged across 12 subjects for left finger movement task (the right brain is on the right side). a) Three selected
orthogonal slices of the ICA components #4 in WM (upper left) and #2 in GM (upper right) superimposed onto T; weighted images in MNI space; the mean time
series of the activations shown in the same WM and GM components (Z-scores > 3) are shown below (WM: red; GM: blue; stimulus: green), and the mean fMRI
data within the IC maps were removed for display; b) Axial slices (—40-58) showing spatial maps of ICA component #4 in WM in MNI space. All spatial maps were
thresholded at Z > 2 (p < 0.05), and the color bar denotes Z-scores.
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HCP dataset

Fig. 2. Functional structures within WM from the 30-subject CHCP database and the 100-subject HCP dataset using ICA (the order of ICA decomposition here is 24).
This figure shows the three most informative orthogonal slices for each functional component. All spatial maps were thresholded at Z > 2 (p < 0.05), and the color

bar denotes Z-scores.
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Fig. 3. Comparisons of WM structures derived from ICA results of fMRI (the first
row, ICA decomposition from BOLD data) and JHU atlas from DTI (the second
row, WM tracts from JHU atlas).

derived from DTI data, which represents the structural architecture of
WM, our results from fMRI data demonstrate that these functional struc-
tures of WM match the anatomical architecture well, confirming a strong
relationship between BOLD signals and DTI tractography.

More details of ICs for different orders (from 24 to 50) are provided
in the supplementary materials (Fig. S3). It can be seen that more de-
tailed separations of components showing correlated BOLD variations
are obtained with a higher-dimensional ICA decomposition.

3.3. Symmetry of functional structures in white matter in a resting state

Several components were found to be paired bilaterally in the rest-
ing brain, as shown in Fig. 4. Spatial maps of these ICs superimposed
on T; images and their coordinates are provided in Fig. S4 and Table

S1. These components correspond to tracts in the JHU atlas including
the posterior limb of the internal capsule (PLIC), anterior corona radia-
tion (ACR), superior corona radiation (SCR), posterior corona radiation
(PCR), and superior longitudinal fasciculus (SLF). It can be seen that one
pair of tracts in the JHU atlas may correspond to two or more pairs of
ICs derived by ICA decompositions, such as PLIC. The findings demon-
strate that functional structures identified as sharing common patterns
of spontaneous fluctuations in BOLD signals in a resting state, as de-
tected by ICA, are consistent with specific tracts depicted in the JHU
atlas that are derived from DTI, and these sub-structures are located
symmetrically in bilateral WM tracts.

3.4. Functional connectivity between components in white matter in a
resting state

We computed mean correlations between IC components by averag-
ing the IC correlations of individual subjects, and found two groupings
of correlated BOLD signals in WM. There is a clear anti-correlation be-
tween the two patterns, as indicated by the large cluster of blue elements
in Fig. 5. The first pattern captures ICs that include MCP, pontine cross-
ing (PC), PLIC, cerebral peduncle (CP), CST and SCC which are situated
in and around the brain stem (termed here the synchronized brain stem
systems). The second pattern contains some ICs that include PTR, SLF,
ACR SCR and PCR, which are mainly located in the occipital lobe and
involve areas related to higher order cognition (termed as the synchro-
nized higher order cognition system including vision).

To further demonstrate coordinated patterns between components,
the time courses of one pair of ICs (IC #19 and IC #24) are presented
in Fig. 6. Although they are separated by a large spatial distance, their
time courses are similar, with correlation coefficient of 0.59. It can be
seen that IC #19 is located in the ACR (the peak value of IC #19 falls
in ACR according to the JHU atlas and the software MRIcron), and IC
#24 is in the optic radiation (Mori et al., 2008), the former of which
is densely connected with the inferior frontal gyrus involved in visual
processing (Takahashi et al., 2013) and the latter links directly to the
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Fig. 4. Symmetric functional structures in

IC12 1C2 1C8 IC1 IC5 1C6 white matter derived from ICA; more details of
components are presented in supporting infor-
. PLIC ‘ . PLIC ' ' PLIC ‘ mation (Fig. S4 and Table S1).
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Fig. 5. Functional connectivity within WM structures. ICs are grouped based on their anatomical properties and correlation coefficients, and include posterior limb
of internal capsule (PLIC), cerebral peduncle (CP), corticospinal tract (CST), middle cerebellar peduncle (MCP), pontine crossing (PC), splenium of corpus callosum
(SCCQ), superior longitudinal fasciculus (SLF), posterior thalamic radiation (PTR), sagittal striatum (SS), anterior corona radiation (ACR), superior corona radiation
(SCR) and posterior corona radiation (PCR). The spatial maps of these ICs are provided in supplementary materials (Fig. S5).
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Fig. 6. Spatial maps and time courses of one pair of ICs (IC #19 and IC #24). All spatial maps were thresholded at Z > 2 (p < 0.05), and the color bar denotes

Z-scores.

visual cortex. We infer that those components in synchrony with the op-
tic radiation define a visual-related coactivation pattern, in which they
share common baseline fluctuations, suggesting there may be general
temporal oscillation patterns in WM across subjects.

The correlations between ICs represent a synchronous variation
between BOLD signals, and reveal patterns of connectivity consis-
tent with anatomical and functional relationships. For example, clus-
ters of positive correlations correspond to coordination of information
among WM networks, whereas the interpretation of negative correla-
tions between the brain stem and vision-related neural activity is as yet
unclear.

4, Discussion and conclusion

In this study, well-established ICA methods were applied to BOLD
signals in WM during a task and at rest, to detect functional changes,
to reveal functional structures and to explore functional connectivity
within fMRI WM data. We first applied ICA to images produced by a
finger movement task, and an IC evoked by the stimulus was robustly
found. The time course of the IC was consistent with the task wave-
form. For left finger movements, WM signal changes were identified in
the right corticospinal tract and in the left cerebellar peduncle, and were
especially stronger in the right corticospinal tract than in the left. For
right finger movements, WM signal changes were identified in the left
corticospinal tract and in the right cerebellar peduncle, and were espe-
cially stronger in the left corticospinal tract than in the right. Overall,
stronger functional changes were detected in the contralateral bundle of
the corticospinal tract and in the ipsilateral bundle in the cerebellar pe-
duncle, consistent with previous reports (Biswal et al., 1995; Ding et al.,
2018), which demonstrates that functional changes in WM BOLD signals
during a motor task can be detected by ICA.

We compared the response time series of voxels in single ICs
in WM and GM, averaging across 12 subjects performing a left
motor task, and found that the mean BOLD signal was substan-
tially higher in GM than that in WM; but the standard deviation

of GM was also larger than that in WM, so that the mean SNR
across 12 subjects was lower in GM than that in WM, which agrees
with our previous work (Huang et al., 2018). There was little mea-
sureable difference in time delays in motor voxels between WM
and GM.

Second, ICA was applied to the WM BOLD data acquired from 30
subjects in a resting state to identify component structures that show
co-activation time courses. Independently, we also extracted the major
co-varying structures in the resting brains of 100 subjects taken from the
HCP data. The results of these two separate experiments were consistent
and demonstrated that functional architectures derived using ICA are
reproducible across datasets and largely agree with the WM tracts in
the JHU atlas (Mori et al., 2008). We also found symmetrical pairs of
co-activation structures, which indicates there are bilateral functionally
coupled variations in WM at rest.

Finally, functional connectivity derived from resting state temporal
correlations among different ICs were quantified to explore resting state
co-ordination of neural activity across WM regions. We found that there
are two distinct patterns of functional correlations within WM, and the
two patterns exhibit anti-correlation properties between each other, sug-
gesting a type of co-ordination of BOLD signals across WM (Shine et al.,
2019; Zhang et al., 2018). The two distinct patterns of functional corre-
lations are consistent with the presence of two different dominant pat-
terns of oscillations in WM BOLD signals.

To minimize potential signal contaminations from nearby structures,
the WM and GM volumes are confined within tightly thresholded masks
(>0.8), which are created by SPM for each individual subject. Spa-
tial smoothing with a small Gaussian kernel (FWHM=4 mm) is per-
formed separately within the WM volumes for each subject only af-
ter segmentation. Note that we examined individual WM masks and
have made sure no subjects included obvious GM. In GIFT, a group
mask is calculated using all subjects’ masks by Boolean AND oper-
ations. Individual components of back-reconstruction were computed
using the aggregate mixture matrix and the original input data. Be-
cause the input data contain only WM, individual components of
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back-reconstruction based on the input data will not introduce GM
signals.

To test the repeatability of the reconstruction of functional structures
in WM, ICs were derived from both CHCP and HCP datasets using iden-
tical procedures and parameters. To evaluate the impact of the number
of components on the ICA outcome, the number of components was set
from 16 to 50, and we observed that some components were very similar
between the two separate datasets. The most representative and stable
components are presented in Fig. 2 and Fig. S2, which agree well with
WM tracts in the JHU atlas. Spatial map details of ICs for different or-
ders (from 24 to 50) are provided in the supplementary materials (Fig.
S3).

Our ICA results of resting state networks in segmented GM regions
alone identified several networks consistent with previous results, in-
cluding auditory, somatosensory, visual and DMN (Smith et al., 2009),
giving confidence that our analysis methods were applied correctly. The
results of ICA with GM regions alone for 30 subjects in a resting state are
provided in Fig. S6, which shows that most networks are consistent with
those reported in previous literatures (Smith et al., 2009; Allen et al.,
2011).

4.1. Comparison with previous work

In our previous work, we demonstrated that BOLD signals in specific
WM tracts in a resting state showed significant correlations with specific
GM regions, and relevant WM tracts show BOLD increases in response
to a specific stimulus (Ding et al., 2018). We also detected WM acti-
vations using a frequency spectral analysis of BOLD signal fluctuations
evoked by visual stimuli administered with a well-defined frequency,
and found regional distributions of the WM activations are consistent
with fibers reconstructed using DTI (Huang et al., 2018). In both the
above works, functional signal changes in WM were detected using a
frequency spectrum analysis, in which signals at the fundamental stim-
ulus frequency are considered to reveal activity-related changes. That
approach relies on detecting the responses of BOLD signals to stimuli
with a well-defined, known frequency, which is generally not applica-
ble to resting state data because spontaneous fluctuations in resting con-
ditions are not centered around a specific frequency. This limitation is
overcome by the present work since ICA does not rely on prior knowl-
edge on response frequencies - it is a data-driven method and allows
us to be agnostic regarding the exact form of response (Calhoun et al.,
2009), which is the main difference between this work and our previous
work (Ding et al., 2018; Huang et al., 2018).

ICA has been employed earlier by Marussich et al., who analyzed
fMRI data acquired from human subjects both in a resting state and
during naturalistic scene perception. The study was focused on the func-
tional reorganization of WM structures, particularly in the optic tracts,
resulting from a steady-state stimulation, and found stronger synchro-
nization within the optic tracts and significant interactions with corti-
cal visual networks (Marussich et al., 2017). Another work of similar
flavor by Peer et al. classified WM voxels into distinct networks by K-
means clustering (Peer et al., 2017), which was performed on the basis
of functional connectivity. Compared to the clustering approach, which
relies on signal correlations for clustering rather than assuming signal
independence, our study uses a combination of PCA and ICA to achieve
clustering by imposing a strong constraint of signal independence on
the resulting components (Calhoun et al., 2001), similarly to Marus-
sich et al. It is recognized that the work by Peer et al, as well as that
by Marussich et al, share similar technical concepts with our work, all
of which are data driven WM parcellations, but this work extends the
earlier works by deriving WM functional structures in the entire brain
from co-activation patterns, which largely agree with JHU atlas, and
characterizing functional connectivity among the WM tracts, which fur-
ther reveals that there are two dominant patterns of signal oscillations
in WM functional activity.
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4.2. Contributions of this work

Our study demonstrates that WM functional signal changes evoked
by motor tasks are detectable using ICA without prior information on
the task or brain activity such as seed definitions or stimulus waveforms,
and we found that the amplitudes of activated voxels in GM are greater
than in WM. Symmetrical functional structures identified using ICA are
consistent with WM tracts derived from DTI. Analysis of functional con-
nectivity within WM functional structures averaged over all subjects
demonstrates that there are two distinct functional patterns of BOLD
signal changes in WM, and the two patterns show anti-correlation from
each other.

4.3. Limitations

One notable drawback of ICA is that criteria for selecting the num-
ber of components is not well defined, the number of desired compo-
nents may affect the outcome, and the optimal number may be appli-
cation dependent. To explore the appropriate number of components
for our datasets, we studied ICA decompositions increasing from 24 to
50 components, details of which are provided in Fig. S3. The ICs found
were nearly identical from the two separate datasets (CHCP and HCP).
However, when extracting a larger number of ICs from resting fMRI
data, more functional sub-structures are identified. Of note, some dis-
tinct functional components, including the MCP, CST, CP and PC, per-
sist and show similar patterns regardless of the number of ICs, while
some other functional components such as the PTR and PLIC are split
into sub-networks with higher-order ICA. Each component represents a
co-activated organization within WM voxels that shares similar tempo-
ral fluctuations, which may be defined as a functional network in WM
just like those defined in GM. Some of the functional structures exhibit
distinct neural functions, for instance, the PTR (including the optic ra-
diation), which could be defined as the visual network in WM, and the
MCP and CST related to motor function could be defined as the mo-
tor network. But other structures need further studies to clarify their
functionality. A number of RSNs were found in WM using ICA of fMRI
signals, but more efforts are still needed to classify and interpret these
networks.

Finally, we would like to point out that the similarity between the
functional structures derived by ICA and WM tracts from the JHU
atlas was only visually assessed in this work, except MCP, SCC and
PTR. To test the validity of the correspondence established visually, we
randomly shuffled the voxels within WM 1000 times before the data
were fed into the ICA algorithm, and found that the expected func-
tional structures disappeared. It is recognized that the visual assess-
ments performed here are qualitative in nature, and therefore more
statistically rigorous tests of significance of the overlaps between func-
tional structures and corresponding WM tracts are needed in future
studies.

In summary, in this study ICA was used to decompose fMRI WM
data into multiple components by maximizing their statistical indepen-
dence, in order to detect BOLD signal changes elicited by motor tasks, to
discover hidden spatiotemporal structures that show co-varying behav-
iors, and to explore function connectivity features within WM. Our find-
ings demonstrate that functional signal changes and functional struc-
tures in WM can be detected and identified; the functional connectiv-
ity within WM indicates that there exist two distinct functional pat-
terns of BOLD signal changes across widespread brain networks. Fu-
ture work could further explore the temporal flow of signal changes
within WM BOLD signals and characterize the time-frequency features
of the spontaneous fluctuations from WM fMRI. More generally, we
hope that this work will provide a platform for gaining insights into
the origins and interpretations of BOLD signal changes in WM, their
spatial structural organizations, and their measured apparent functional
connectivity.
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