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Recent advances in brain connectivity research suggest that
the human brain operates as a complex but economic
global network. Novel approaches from graph theory have
been applied to a variety of neuroimaging studies and
have achieved great success. However, the brain network
architecture and plasticity patterns vary across different
brain developmental periods, learning activities, and disease
effects. Translation of descriptive imaging levels into clinical
and other exploitation crucially depends on the potential to
induce andmonitor plastic changes in the network of interest.
This special issue is intended to stimulate the continuing
efforts in understanding the architecture and plasticity pat-
terns of brain networks. It also aims to broaden the attention
not only to the researchers who are currently working on
these areas but to the general scientific audience who are
interested in the brain structures and functions as well.

This special issue includes eleven papers that presented an
up-to-date progress of MR neuroimaging methods on brain
network architecture and plasticity investigation employing
various neuroimaging modalities: structural MRI, diffusion
MRI, and functionalMRI. In these papers, there are five stud-
ies focused on brain diseases, including Alzheimer’s disease,
mild cognitive impairment, mild traumatic brain injury, and
major depressive disorder. Two studies investigated the brain
plasticity changes after visual or hearing deprivations. Also,
there are two studies that assessed volunteers after mediation

or cognitive training, and, finally, the remaining two studies
are on the methodological development for brain network
construction.

Brain Diseases. In the paper entitled “Abnormal Resting-
State Functional Connectivity Strength in Mild Cognitive
Impairment and Its Conversion to Alzheimer’s Disease” by
Y. Li et al., an investigation was performed for individuals
diagnosed with mild cognitive impairment. With a 2-year
follow-up, those individuals converted to Alzheimer’s disease
were compared with nonconverters for their alterations on
functional connectivity strength and seed-based functional
connections.

The paper entitled “Topological Properties of Large-Scale
CorticalNetworks Based onMultipleMorphological Features
in Amnestic Mild Cognitive Impairment” by Q. Li et al.
investigated the topological properties of cortical networks
based on geometric measures (i.e., sulcal depth, curvature,
and metric distortion) change in aMCI patients compared
with normal controls.

The paper entitled “Multilevel Deficiency ofWhiteMatter
Connectivity Networks in Alzheimer’s Disease: A Diffusion
MRI Study with DTI and HARDI Models” by T. Wang et
al. conducted an evaluation of how the fiber tractography
method could influence the construction of brain white
matter network and eventually affect the extraction of brain
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2 Neural Plasticity

network properties, as well as group comparison using
Alzheimer’s disease patients as examples.

In the paper entitled “Compensation through Functional
Hyperconnectivity: A Longitudinal ConnectomeAssessment
of Mild Traumatic Brain Injury” by A. Iraji et al., patients
with mild traumatic brain injury were studied for possible
brain functional alterations. Brain functional network was
constructed through predefined seeds in a 358-landmark
mask and a groupwise clustering algorithm was employed to
identify general patterns of functional hyperconnectivity.

The paper entitled “Reorganization of Anatomical Con-
nectome following Electroconvulsive Therapy in Major
Depressive Disorder” by J. Zeng et al. presented a study for
patients with major depressive disorder that were treated
by electroconvulsive therapy. The plasticity of white matter
pathway was evaluated.

Sensory Deprivation. In the paper entitled “Alterations of
Regional Spontaneous Brain Activity and Gray Matter Vol-
ume in the Blind” by A. Jiang et al., authors investigated how
the early blindness shapes the regional spontaneous brain
activity and gray matter volume in visual areas compared
to sighted controls. A correlation analysis is also performed
between the onset age of blindness and the brain structure
and functions.

In the paper entitled “Functional Reorganizations of
Brain Network in Prelingually Deaf Adolescents” by W. Li et
al., authors used resting-state fMRI to study prelingually deaf
adolescents to access the possible brain network reorganiza-
tions due to their experience.

Training Influence. The paper entitled “State and Training
Effects of Mindfulness Meditation on Brain Networks Reflect
Neuronal Mechanisms of Its Antidepressant Effect” by C.-
C. Yang et al. designed a longitudinal analysis investigat-
ing resting-state fMRI both before and after 40 days of
meditation training. Differences in functional connectivity
both between states (rest versus meditation) and between
timepoints (before versus after training) were assessed and
reveal functional specificity of plastic reconfiguration of key
networks implied in MDD.

The paper entitled “The Exercising Brain: Changes in
Functional Connectivity Induced by an Integrated Multi-
modal Cognitive and Whole-Body Coordination Training”
by T. Demirakca et al. investigated the impact of “life kinetik”
training on brain plasticity in terms of an increased func-
tional connectivity during resting-state functional magnetic
resonance imaging (rs-fMRI). The training is an integrated
multimodal training that combines motor and cognitive
aspects and challenges the brain by introducing new and
unfamiliar coordinative tasks.

Methodology Development. The paper entitled “Closely
SpacedMEG Source Localization and Functional Connectiv-
ity Analysis Using a New Prewhitening Invariance of Noise
Space Algorithm” by J. Zhang et al. proposed a prewhitening
invariance of noise space as a new method for localizing
closely spaced and highly correlated cortical sources under
real magnetoencephalography (MEG) noise, to facilitate the
source-level functional connectivity analysis.

The paper entitled “Node Detection Using High-Dimen-
sional Fuzzy Parcellation Applied to the Insular Cortex” by
U. Vercelli et al. investigated a fuzzy parcellation scheme that
partitions insular cortex into a number of regions based on
the variances of their functional signals. Furthermore, the
identified 12 clusters located in the insular cortex are found to
best correlate with distinct brain areas that subserve different
brain circuits/functions.
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Previous studies have demonstrated that amnestic mild cognitive impairment (aMCI) has disrupted properties of large-scale
cortical networks based on cortical thickness and gray matter volume. However, it is largely unknown whether the topological
properties of cortical networks based on geometric measures (i.e., sulcal depth, curvature, and metric distortion) change in
aMCI patients compared with normal controls because these geometric features of cerebral cortex may be related to its intrinsic
connectivity. Here, we compare properties in cortical networks constructed by six different morphological features in 36 aMCI
participants and 36 normal controls. Six cortical features (3 volumetric and 3 geometric features) were extracted for each participant,
and brain abnormities in aMCIwere identified by cortical network based on graph theorymethod. All the cortical networks showed
small-world properties. Regions showing significant differences mainly located in the medial temporal lobe and supramarginal and
right inferior parietal lobe. In addition, we also found that the cortical networks constructed by cortical thickness and sulcal depth
showed significant differences between the two groups. Our results indicated that geometric measure (i.e., sulcal depth) can be used
to construct network to discriminate individuals with aMCI from controls besides volumetric measures.

1. Introduction

Mild cognitive impairment (MCI) is considered to be a tran-
sitional period between normal aging and Alzheimer’s dis-
ease (AD), which is a progressive, neurodegenerative disease
characterized by cognitive decline greater than expected for
one’s age and educational level yet not fulfilling the criteria of
AD [1]. AmnesticMCI (aMCI), as themost common subtype
of MCI, is characterized by primary memory impairments
with single ormultiple cognitive domains impaired and likely
progresses to AD [2–4]. Current studies of aMCI have shown
disrupted functional integration [5] and abnormal structural

connections between regions [6]. Morphological features
have been widely used to characterize brain structures [7,
8] and also served as structural measures to investigate
topological properties in large-scale cortical networks [9–
11]. Previous studies on large-scale cortical network in MCI
mostly used cortical thickness and gray matter volume as
descriptors to construct structural network of the human
cortex [12, 13].

However, different morphological features reveal dif-
ferent intrinsic properties of cerebral cortex. For example,
volumetric measures (i.e., cortical thickness, gray matter
volume) reflect the size, density, and arrangement of cells
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(neurons, neuroglia, and nerve fibers) [14, 15], and surface
area is linked to the number of mini columns in the cortical
layer [16]. Using large-scale cortical network analysis based
on cortical thickness, several studies have found disrupted
small-world properties (i.e., lower clustering coefficient and
shorter path length) in MCI patients compared to normal
controls [13, 17, 18]. A cortical network study using sur-
face area can reveal topological properties of the networks
resulting from the concurrent changes between different
anatomical regions [10]. In addition, geometricmeasures (i.e.,
sulcal depth, curvature, and metric distortion) mainly reflect
cortical folding pattern [19–21]. For instance, sulcal depth and
curvature measure specific aspects of the cortical geometry,
andmetric distortion is a wider measure of the overall degree
of cortical folding [22]. These geometric measures related
to cortical folding may vary with the changes of intrinsic
as well as extrinsic connectivity according to the tension
theory of the cerebral cortexmorphogenesis [19] and could be
more suitable descriptors for finding the anatomical-axonal
and morphological connectivity correlation [10]. Thus, we
assume that geometric measures can be used to construct
cortical network that may detect the alterations from struc-
tural disconnection in aMCI and show different topological
properties compared with volumetric measures (i.e., cortical
thickness, gray matter volume, and surface area).

Here, we investigated topological properties of large-
scale human cortical network based on graph theory analysis
method by employing multiple morphological features in
aMCI patients.Then we compared the topological properties
of different cortical networks constructed by different mor-
phological features. We expected that topological properties
of cortical networks based on geometric measures in aMCI
patients may be different from normal controls and can be
used to discriminate individuals with aMCI from controls.

2. Materials and Methods

2.1. Participants. Seventy-two right-handed participants,
including thirty-six aMCI and demography matched healthy
normal controls, participated in this study. The aMCI par-
ticipants were recruited from a clinical research program
at Xuanwu Hospital, Beijing, China. The healthy normal
controls were recruited from the local community through
advertisements. This study was approved by the Research
Ethics Review Board of Xuanwu Hospital, and written
informed consent was obtained from each participant.

All the aMCI participants were identified according to the
criteria for amnestic MCI [23–26], which included (a) mem-
ory complaint, preferably confirmed by an informant; (b)
objective memory impairment, adjusted for age and educa-
tion; (c) normal or near-normal performance on general cog-
nitive functioning and no or minimum impairment of daily
life activities; (d) the Clinical Dementia Rating (CDR) score
of 0.5; and (e) notmeeting the criteria for dementia according
to the DSM-IV (Diagnostic and Statistical Manual of Mental
Disorders, 4th Edition, revised). Participants with aMCIwere
diagnosed by experienced neurologists. Participants were
excluded if they met the following clinical characteristics:
(a) a clear history of stroke; (b) severe depression that led

Table 1: Subject demographics.

aMCI (𝑛 = 36) Control (𝑛 = 36) 𝑝 value
Gender (M/F) 14/22 15/21 0.813
Age 66.0 ± 8.7 (50–83) 63.9 ± 6.1 (56–79) 0.258
Education 10.2 ± 4.4 (2–21) 10.7 ± 3.2 (5–17) 0.651
MMSE 24.4 ± 3.2 (17–30) 28.1 ± 1.7 (20–30) <0.001
MoCA 20.6 ± 3.7 (15–27) 26.4 ± 2.4 (18–30) <0.001
Age, education,MMSE, andMoCAdata are expressed asmean± SD (range).
No significant differences were between two groups in gender, age, and
education years. Groups for aMCI and NC showed significant differences in
MMSE and MoCA scores (𝑝 < 0.01). Statistical p value was analyzed using
two-sample 𝑡-test, in which gender was converted into a virtual variable.

to mild cognitive impairment (Hamilton Depression Rating
Scale score >24 points); (c) other nervous system diseases,
which can cause cognitive impairment (such as brain tumors,
Parkinson’s disease, encephalitis, and epilepsy); (d) cognitive
impairment caused by traumatic brain injury; (e) other
systemic diseases, which can cause cognitive impairment,
such as thyroid dysfunction, severe anemia, syphilis, and
HIV; and (f) a history of psychosis or congenital mental
growth retardation. Clinical and demographic data for the
participants are shown in Table 1.

2.2. MRI Data Acquisition. MRI data acquisition was per-
formed on a 3.0 T Siemens scanner by employing a sagittal
magnetization-prepared rapid gradient echo (MP-RAGE)
sequence with the following imaging parameters: repetition
time (𝑇R) = 1900ms; echo time (𝑇E) = 2.2ms; inversion
time = 900ms; flip angle = 90∘; field of view (FOV) =
250mm× 250mm;matrix = 256×256; 176 slices, thickness =
1.0mm. Brain MR images were inspected by an experienced
neuroradiologist, and no gross abnormalities were observed
for any subject.

2.3. Cortical Reconstruction and Morphological Features
Extraction. Both the cortical reconstruction andmorpholog-
ical features extraction were obtained by using the FreeSurfer
software (http://surfer.nmr.mgh.harvard.edu/) with a stan-
dard cortical automatic handling protocol. First, the data
were normalized to a standard anatomical template [27]
and corrected for bias-field inhomogeneity. Then the images
were skull-stripped using a watershed algorithm [28] and
subsequently segmented into subcortical white matter and
deep gray matter volumetric structures [29, 30]. The initial
tessellation was formed by reconstructing the gray mat-
ter/white matter boundary (white surface) and the outer
cortical surface (pial surface) [31, 32]. Subsequently, a series
of deformable procedures were performed, including surface
inflation [31], registration to a spherical atlas [33], and
parcellation of the cerebral cortex into units based on gyral
and sulcal structures [30]. All reconstructed surfaces were
visually inspected for gross-anatomical topological defects.
Finally, a variety of morphological features at each vertex
on the pial surface were computed, including volumetric
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(cortical thickness, surface area, and GM volume) and geo-
metric (sulcal depth, metric distortion, and mean curvature)
measures, more details seen in this paper [34]. The thickness
maps of both NC and aMCI groups are shown in Figure 1(a).

2.4. Cortical Network Construction. We employed a cortical
scheme comprised of 148 regions from Destrieux Atlas. Cor-
tical networks were built from partial correlation of interre-
gional cortical morphological features. Prior to the corre-
lation analysis, a linear regression was performed at every
region to remove the effects of age, gender, and the total mor-
phological feature value for each measure. And the resulting
residuals were used to substitute for the raw morphological
feature values. In this experimental design, the number of
observations (participants, 𝑁 = 36) is smaller than the
number of dependent variables (regions, 𝑃 = 148). “Small
𝑁, large 𝑃” lead to inaccurate estimations of the covariance
matrix [35]. A method based on the Ledoit-Wolf lemma
was used to shrink the covariance estimates [36]. Finally,
the partial correlation coefficients were computed with R
software (http://www.r-project.org/). The partial correlation
matrixes (adjacent matrix) of cortical networks constructed
by thickness are shown in Figure 1(b).

The adjacent matrix was then binarized to an undirected
and unweighted graph as shown in Figure 1(c) (at the sparsity
of 5%) using a wide range of sparsity values (from 5% to 35%,
step = 0.01). Sparsity of 5% meant that only the strongest
5% of the connections remained and 95% of the connectivity
matrices were removed. If the sparsity was less than 5%, the
small-world properties were not estimable. And if the sparsity
was greater than 35%, more noise would be included in the
graph and it would be more like random network [37, 38].
The same sparsity range was applied for all network analyses.

2.5. Graph Theoretical Characterization. Graph theory is
usually considered an attractive model for the mathematical
treatment of cortical network connectivity [39]. In general,
a complex network can be represented as a graph 𝐺, which
consists of a set of nodes and a set of edges. Several important
parameters of the graph 𝐺 for the connectivity matrices were
estimated in this study.

Degree is the number of links connected to the node.
Degree of a node “𝑖” is defined as

𝑘
𝑖
= ∑

𝑗∈𝑁

𝑎
𝑖𝑗
, (1)

where 𝑁 is the set of all nodes in the network; 𝑎
𝑖𝑗
is the

connection status between nodes “𝑖” and “𝑗” and 𝑎
𝑖𝑗
= 1when

link exists; otherwise 𝑎
𝑖𝑗
= 0.

The clustering coefficient𝐶
𝑖
of a node “𝑖” with degree 𝑘

𝑖
is

defined as the ratio of the existing connections (𝑒
𝑖
) between

the node’s neighbors and the maximum possible connections
between neighbors of the node. The clustering coefficient of
node “𝑖” is given as

𝐶
𝑖
=

2𝑒
𝑖

𝑘
𝑖
(𝑘
𝑖
− 1)

. (2)

The clustering coefficient is an index of local structure, while
the clustering coefficient of the whole network is the average
𝐶
𝑖
over all nodes

𝐶 =

1

𝑁

𝑁

∑

𝑖=1

𝐶
𝑖
. (3)

The shortest path length 𝐿
𝑖,𝑗
between two nodes “𝑖” and

“𝑗” of the graph 𝐺 is the smallest number of edges that is
required to connect “𝑖” and “𝑗.” The shortest path length of
a node “𝑖” can be calculated as the distance between a node
“𝑖” and all other nodes [37]:

𝐿
𝑖
=

1

𝑁

𝑁

∑

𝑗=1, 𝑗 ̸=𝑖

𝐿
𝑖,𝑗
. (4)

The characteristic path length is defined as the mean of path
length 𝐿

𝑖,𝑗
over all pairs of nodes:

𝐿 =

1

𝑁

𝑁

∑

𝑖=1

𝐿
𝑖
. (5)

The small-worldness network parameter 𝜎 is defined as
those with small path length, like random network, and high
clustering coefficient networks, much higher than random
network. Small-world properties of a given network may be
influenced by its intrinsic features, such as the number of
nodes, edges, and the degree distribution.Thus, 1000 random
networks were generated by using a random rewiring process
[40], which preserves the number of nodes, mean degree, and
degree distribution. This results in a normalized clustering
coefficient 𝛾 = 𝐶

𝑝
/𝐶rand ≫ 1 and a normalized path length

𝜆 = 𝐿
𝑝
/𝐿 rand ≈ 1. Then a simple quantitative measurement

of small-worldness 𝜎 is acquired [41]:

𝜎 =

𝛾

𝜆

. (6)

The real cortical network 𝐺 is considered to be a small-world
network if it meets the following criteria [37]:

𝜎 =

𝛾

𝜆

> 1. (7)

Betweenness centrality is a measure of network hubs that
are crucial to efficient communication. BC is defined as the
ratio of the number of shortest path passing through node “𝑖”
to the total number of shortest paths between pairs of nodes
“𝑗” and “𝑘”:

BC
𝑖
= ∑

𝑗, 𝑘∈𝑁

𝑗 ̸=𝑘

𝜌
𝑗,𝑘(𝑖)

𝜌
𝑗,𝑘

,

(8)

where 𝜌
𝑗,𝑘

is the number of shortest paths between “𝑗” and
“𝑘” and 𝜌

𝑗,𝑘(𝑖)
is the number of shortest path between “𝑗”

and “𝑘” that passes through “𝑖.” For further comparison, the
betweenness BC

𝑖
would be normalized as bc

𝑖
= BC

𝑖
/BC,

where BC is the average betweenness of the network. Cortex
regions were defined as hubs, whose betweenness values were
more than twice the average betweenness of the network
(bc
𝑖
> 2).
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Figure 1: Flowchart for the construction of structural cortical networks. (a) Two representative cortical thickness maps (left for a control
subject and right for an aMCI subject) were obtained from anatomical MRI. The color bar indicating the range of thickness is shown on the
right. (b)The cortical thickness was mapped into 148 regions and the partial correlation matrices were obtained between regional thicknesses
across subjects within each group (left for NC and right for aMCI).The color bar indicating the partial correlation coefficient between regions
is shown on the right. (c) The correlation matrices of (c) were thresholded into the binarized matrices (left for NC and right for aMCI) by
sparsity of 5%. NC, normal controls.
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2.6. Statistical Analysis. Two-sample 𝑡-test was used to test
the demographics, in which gender was converted into a
virtual variable. To test the statistical significance of the
between-group differences in the parameters of the cortical
networks, a nonparametric permutation test was employed
[42]. In this permutation test, we calculated possible values
of the test statistic on a reference distribution after repeatedly
rearranging the observed data from NC and aMCI groups.
First, characteristics of the cortical network, such as 𝐶

𝑝
,

𝐿
𝑝
, and bc

𝑖
, were calculated for NC and aMCI groups,

respectively. Then NC and aMCI data were mixed. From
the mixed data, the same number of subjects as aMCI
patients was randomly chosen to be considered as aMCIs
and the rest to be NCs. Next, partial correlation matrix for
each randomized group was recalculated and corresponding
binarized matrix was obtained using the same sparsity as in
the real cortical networks.Third, network parameters for each
randomized groupwere computed.This process was repeated
1000 times and the 95 percentile points of each distribution
used as the critical values for a one-tailed procedure were
repeated at every sparsity value of the cortical networks.

3. Results

3.1. Demographics. Two-sample 𝑡-test was used to test the
demographics, in which gender was converted into a virtual
variable, and results are shown in Table 1. There were no
significant differences in gender, age, or years of education
between aMCI and NC. Groups for aMCI and NC showed
significant differences in MMSE and MoCA scores (𝑝 <
0.01).

3.2. Small-World Properties of Cortical Networks. Compared
with random networks, small-world networks had higher
clustering coefficients and similar characteristic path length.
Over a range of sparsity values (5% ≤ sparsity ≤ 35%),
clustering coefficient and characteristic path length were
calculated for both the NC and aMCI networks based on
different morphological features. The small-world attributes
of the networks are shown in Figure 2. Compared with
matched random networks which had the same number of
nodes and degree distribution, all morphological networks
had similarly characteristic path length (𝜆 ≈ 1) and larger
clustering coefficients (𝛾 ≫ 1) in both NC and aMCI
networks. Compared with NC, aMCI showed slightly larger
small-world characteristics (larger 𝜎) in the cortical networks
obtained for volumetric measures (cortical thickness and
GM volume) and there were no great differences between
NC and aMCI cortical networks based on surface area and
geometric measures (mean curvature, metric distortion, and
sulcal depth).

3.3. Abnormal Changes in Nodal Betweenness Centrality. As
crucial components required for efficient communication in
a network, hubs regulated information flow and played a
key role in network resilience against attacks. To study the
nodal characteristics, the cortical networks were constructed
at certain sparsity of 11%.This sparsity ensured that all regions

were included in the cortical networks while minimizing the
number of false-positive paths. Based on the results, some
regions were identified as hubs in the cortical network of both
the NC and aMCI groups. Details of the hub regions in the
cortical networks are shown in Table 2.

In this study, the identified hub in networks based on
volumetric measures, as shown in Figures 3(a) and 3(b),
was involved in the frontal, temporal, parietal, and insula
association cortex in the NC and temporal lobe, superior
parietal lobule, cingulate cortex, precentral sulcus, callosum,
and insula in the aMCI. High betweenness in network based
on geometric measures was similar to volumetric measures.
It was worth noting that hubs in networks using sulcal
depth as descriptor included frontal polar, lingual sulcus,
medial occipitotemporal sulcus, precentral sulcus, temporal
gyrus (Heschl), and corpus callosum in NC group. And
in aMCI group, regions included collateral sulcus, precen-
tral sulcus, postcentral sulcus, temporal-occipital incisures,
frontal gyrus, and corpus callosum (Figure 3(c)).

Permutation test was used to detect the significant dif-
ferences in betweenness between NC and aMCI. Regions
showing significant increase (𝑝 < 0.05) in the betweenness
of cortical networks using volumetric measures in aMCI
patients included collateral sulcus, occipital gyrus, temporal
gyrus, temporal pole, parietooccipital sulcus, postcentral
gyrus, and subcallosal gyrus. And decreased betweenness
(𝑝 < 0.05) regions were located in subparietal sulcus, middle
occipital gyrus, precuneus, and superior temporal sulcus as
shown in Figures 4(a) and 4(b). Betweenness in inferior tem-
poral gyrus, superior temporal gyrus, inferior frontal gyrus,
and pericallosal sulcus showed significant increase (𝑝 < 0.05)
in network constructed by sulcal depth in aMCI patients.
And betweenness in lateral sulcus, medial occipitotemporal
sulcus, lateral occipitotemporal sulcus, cingulate sulcus, and
short insular gyri significantly decreased (𝑝 < 0.05).

3.4. Comparing Networks from Different Morphological
Features between Groups

3.4.1. Volumetric Measures. As shown in Figures 5(a) and
5(b), clustering coefficient and characteristic path length
were higher in the structural cortical networks obtained
from volumetric measures (both cortical thickness and GM
volume) of aMCI. A permutation test was used to detect
the between-group differences. The arrows indicated the
significant differences between NC and aMCI in the clus-
tering coefficient (𝑝 < 0.05) of networks constructed by
cortical thickness at the sparsity of 12% and 14% as shown
in Figure 5(a). Significant differences in characteristic path
length (𝑝 < 0.05) of networks constructed by cortical
thickness had been detected between NC and aMCI at the
sparsity of 11%, 12%, and 14%. In the cortical networks
obtained from GM volume, as shown in Figure 5(b), no
significant differences were found in clustering coefficient
between NC and aMCI (𝑝 > 0.05). Only at the sparsity of
35% was a significant difference found in characteristic path
length (𝑝 < 0.05). Our findings provided further evidence
for which networks constructed by cortical thickness had a
small-world characteristic loss in aMCI.
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Figure 2: Small-world properties of volumetric measures networks and geometric measures networks. The graph shows the normalized
characteristic path length (lambda, 𝜆 = 𝐿

𝑝
/𝐿 rand) and clustering coefficients (gamma, 𝛾 = 𝐶

𝑝
/𝐶rand ≫ 1) over a range of sparsity values

(5% ≤ sparsity ≤ 35%). All the networks have 𝛾 ≫ 1 (green lines) and 𝜆 ≈ 1 (red lines), which imply small-world properties. (a) The values
of gamma and lambda in NC and aMCI of cortical thickness networks. (b)The values of gamma and lambda in NC and aMCI of GM volume
networks. (c) The values of gamma and lambda in NC and aMCI of surface area networks. (d) The values of gamma and lambda in NC and
aMCI of mean curvature networks. (e) The values of gamma and lambda in NC and aMCI of metric distortion (Jacobian) networks. (f) The
values of gamma and lambda in NC and aMCI of sulcal depth networks. Thickness, cortical thickness. Volume, gray matter volume. Area,
surface area. Curv, mean curvature. Sulc, sulcal depth. NC, normal controls.

In Figure 5(c), the clustering coefficient and characteristic
path length were much larger for aMCI in cortical network
using surface area as descriptor. However, no significant
differences (𝑝 > 0.05) were found in all permutation tests for
small-world properties of cortical network based on surface
area.

3.4.2. GeometricMeasures. Small-world properties of cortical
network using sulcal depth were very similar to properties in
network using thickness for both NC and aMCI. As shown in
Figure 5(f), the clustering coefficient was higher for aMCI,
and the characteristic path length had no much difference
between aMCI and NC. Statistical analysis further revealed
significant differences in the clustering coefficient (𝑝 < 0.05)
at 9% ≤ sparsity ≤ 11%, sparsity = 13%, 16%, and 18%, and

sparsity = 24% and 25%. Significant differences were found
in the characteristic path length betweenNC and aMCI at the
range of sparsity values (sparsity = 25%and 30% ≤ sparsity ≤
33%).

In Figure 5(e), small-world properties analysis using
metric distortion as a descriptor showed similar results to
properties in network based on cortical thickness. As shown
in Figure 5(e), the clustering coefficient was larger for the
aMCI compared with NC subjects. What is more, the charac-
teristic path length had no much difference between NC and
aMCI. However, statistical analysis revealed no significant
differences (𝑝 > 0.05) in all the topological parameters
over the whole range of sparsity values. Similar to metric
distortion, no significant differences were found when using
mean curvature as descriptor in cortical network (𝑝 > 0.05).
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Table 2: The abbreviations of Destrieux Atlas.

Index Long name Abbreviations
1 Frontomarginal gyrus (of Wernicke) and sulcus GSF
2 Inferior occipital gyrus (O3) and sulcus GSOI
3 Paracentral lobule and sulcus GSP
4 Subcentral gyrus (central operculum) and sulci GSS
5 Transverse frontopolar gyri and sulci GSTF
6 Anterior part of the cingulate gyrus and sulcus (ACC) GSCA
7 Middle-anterior part of the cingulate gyrus and sulcus (aMCC) GSCMA
8 Middle-posterior part of the cingulate gyrus and sulcus (pMCC) GSCMP
9 Posterior-dorsal part of the cingulate gyrus (dPCC) GCPD
10 Posterior-ventral part of the cingulate gyrus (vPCC, isthmus of the cingulate gyrus) GCPV
11 Cuneus (O6) GC
12 Opercular part of the inferior frontal gyrus GFIOper
13 Orbital part of the inferior frontal gyrus GFIOrb
14 Triangular part of the inferior frontal gyrus GFIT
15 Middle frontal gyrus (F2) GFM
16 Superior frontal gyrus (F1) GFS
17 Long insular gyrus and central sulcus of the insula GILSCI
18 Short insular gyri GIS
19 Middle occipital gyrus (O2, lateral occipital gyrus) GOM
20 Superior occipital gyrus (O1) GOS
21 Lateral occipitotemporal gyrus (fusiform gyrus, O4-T4) GOTLF
22 Lingual gyrus, lingual part of the medial occipitotemporal gyrus (O5) GOTML
23 Parahippocampal gyrus, parahippocampal part of the medial occipitotemporal gyrus (T5) GOTMP
24 Orbital gyri GO
25 Angular gyrus GPIA
26 Supramarginal gyrus GPIS
27 Superior parietal lobule (lateral part of P1) GPS
28 Postcentral gyrus GPost
29 Precentral gyrus GPCen
30 Precuneus (medial part of P1) GPCun
31 Straight gyrus, gyrus rectus GR
32 Subcallosal area, subcallosal gyrus GS
33 Anterior transverse temporal gyrus (of Heschl) GTSGTT
34 Lateral aspect of the superior temporal gyrus GTSL
35 Planum polare of the superior temporal gyrus GTSPP
36 Planum temporale or temporal plane of the superior temporal gyrus GTSPT
37 Inferior temporal gyrus (T3) GTI
38 Middle temporal gyrus (T2) GTM
39 Horizontal ramus of the anterior segment of the lateral sulcus (or fissure) LFAH
40 Vertical ramus of the anterior segment of the lateral sulcus (or fissure) LFAV
41 Posterior ramus (or segment) of the lateral sulcus (or fissure) LFP
42 Occipital pole PO
43 Temporal pole PT
44 Calcarine sulcus SCal
45 Central sulcus (Rolando’s fissure) SCen
46 Marginal branch (or part) of the cingulate sulcus SCM
47 Anterior segment of the circular sulcus of the insula SCIA
48 Inferior segment of the circular sulcus of the insula SCII
49 Superior segment of the circular sulcus of the insula SCIS
50 Anterior transverse collateral sulcus SCTA
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Table 2: Continued.

Index Long name Abbreviations
51 Posterior transverse collateral sulcus SCTP
52 Inferior frontal sulcus SFI
53 Middle frontal sulcus SFM
54 Superior frontal sulcus SFS
55 Sulcus intermedius primus (of Jensen) SIPJ
56 Intraparietal sulcus (interparietal sulcus) and transverse parietal sulci SIPT
57 Middle occipital sulcus and lunatus sulcus SOML
58 Superior occipital sulcus and transverse occipital sulcus SOST
59 Anterior occipital sulcus and preoccipital notch (temporooccipital incisure) SOA
60 Lateral occipitotemporal sulcus SOTL
61 Medial occipitotemporal sulcus (collateral sulcus) and lingual sulcus SOTML
62 Lateral orbital sulcus SOL
63 Medial orbital sulcus (olfactory sulcus) SOMO
64 Orbital sulci (H-shaped sulci) SOHS
65 Parietooccipital sulcus (or fissure) SPO
66 Pericallosal sulcus (S of corpus callosum) SPer
67 Postcentral sulcus SPost
68 Inferior part of the precentral sulcus SPIP
69 Superior part of the precentral sulcus SPSP
70 Suborbital sulcus (sulcus rostrales, supraorbital sulcus) SSO
71 Subparietal sulcus SSP
72 Inferior temporal sulcus STI
73 Superior temporal sulcus (parallel sulcus) STS
74 Transverse temporal sulcus STT

4. Discussion

In this study, we explored the properties of large-scale
human brain cortical networks usingmultiplemorphological
features (including 3 volumetric measures, cortical thick-
ness, surface area, and gray matter volume, and 3 geo-
metric measures, sulcal depth, metric distortion, and mean
curvature) based on graph theory analysis in cognitively
normal older adults and amnestic mild cognitive impairment
(aMCI) patients. We found that all networks constructed by
these morphological features showed small-world properties
which implied high efficiency of information transformation
in human cognition. Properties in networks constructed
by cortical thickness and sulcal depth showed significant
differences between NC and aMCI patients. Besides, regions
showing significant differences mainly located in the medial
temporal lobe and supramarginal and right inferior parietal
lobe. Our results indicated that geometricmeasure (i.e., sulcal
depth) can be used to construct network to discriminate
individuals with aMCI from controls besides volumetric
measures and provided new insights into the study of the
pathophysiological mechanism of amnestic MCI.

Previous studies have demonstrated that the cortical
thickness and GM volume can be used as morphological
descriptors to study the complex cortical networks, and
networks based on the cortical thickness and GM volume
followed the small-world properties [10–12, 43, 44]. Similar

to previous studies, networks based on volumetric mea-
sures showed altered small-world properties (i.e., increased
clustering coefficient and path length) in aMCI patients
compared with NC subjects. Short path length and high
clustering coefficient in cortical network mean effective and
rapid transfers of information between and across remote
regions that are believed to constitute the basis of cognitive
processes. Large 𝜎 means an optimal balance between local
specialization and global integration. The cortical thickness
changes are related to myelination of gray matter or the
underlyingwhitematter, aswe knowdamage ofmyelin sheath
is often associated with decreased functional efficiency. Here,
we found longer path length and higher clustering coefficient
in aMCI that may indicate a disturbance of the normal
balance [45].

Consistent with the volumetric measures, all networks
based on geometric measures also followed the small-world
properties but less optimal small-worldness in aMCI net-
work, while properties in network constructed by sulcal
depth showedmuchmore significant differences betweenNC
and aMCI patients compared with properties in networks
based on other geometric measures through a range of
sparsity values. Previous studies have demonstrated that
geometric differences are predominantly linked with the
development of neuronal connections and cortical pattern of
connectivity [19, 46] and are thus amarker for cerebral devel-
opment or abnormal cortical connectivity due to disorders.
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Figure 3: Hubs regions in cortical networks. Global hub regions derived from normalized nodal betweenness centrality in NC and aMCI.
The blue spheres indicate the global hubs whose betweenness is more than twice the average betweenness of the network. (a) Global hubs in
cortical thickness networks. (b) Global hubs in gray matter volume networks. (c) Global hubs in sulcal depth networks. Thickness, cortical
thickness. Volume, gray matter volume. NC, normal controls. For the abbreviations of regions, see Table 2.
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Figure 4: Abnormal changes in nodal betweenness centrality.The graph shows significant difference (𝑝 < 0.05) in betweenness between two
groups. The green spheres indicate significant decreases in between-group nodal centrality. The red spheres indicate significant increases in
between-group nodal centrality. (a) Abnormal changes in cortical thickness networks. (b) Abnormal changes in graymatter volume networks.
(c) Abnormal changes in sulcal depth networks. Thickness, cortical thickness. Volume, gray matter volume. NC, normal controls. For the
abbreviations of regions, see Table 2.

Here networks constructed by sulcal depth in aMCI with
less optimal small-worldness implied abnormal structural
connections between specific regions in aMCI patients.

Previous studies indicated that hubs were mainly in
regions of the parietal, temporal, and frontal heteromodal
association cortex (SPL, SMG, MTG, STG, IFG, and SFG)
and highly connected primary motor cortex (PrCG) [45].
Hubs in this study were predominately in frontal, temporal,
parietal, and insula association cortex in NC of networks
based on volumetric measures. Many previous studies ignore
the insula when constructing cortical network because the
insula is covered by other lobes. Compared with NC, there
were more hubs in aMCI involved intemporal lobe, superior

parietal lobule, cingulate cortex, precentral sulcus, callosum,
and insula. In networks based on sulcal depth, hub regions in
NC were compatible with previous studies of functional and
structural cortical network [47]. These hub regions, which
are considered to be the substrates of human cognition and
consciousness, are in the association cortex that receives
convergent inputs from multiple other cortical regions [12].
And in networks based on sulcal depth, hub regions in aMCI
had more hubs compared with NC, which was similar to
regions in networks based on volumetric measures.

Evidences from previous studies have shown the shrunk
brain regions in aMCI patients located in parahippocampal
gyrus, medial temporal lobe, entorhinal cortex, cingulum,
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Figure 5: Continued.
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Figure 5: Between-group differences in clustering coefficient (𝐶
𝑝
) and characteristic path length (𝐿

𝑝
) of different morphological features

based networks. The graph shows the differences in 𝐶
𝑝
and 𝐿

𝑝
between NC and aMCI as a function of sparsity of geometric measures

networks. The blue lines represent the mean values (open circles) and 95% confidence intervals of the between-group differences obtained
from 1000 permutation tests at each sparsity value. The arrows indicate significant (𝑝 < 0.05) difference in 𝐶

𝑝
or 𝐿
𝑝
between the two groups.

(a) Between-group differences in 𝐶
𝑝
and 𝐿

𝑝
as a function of sparsity of cortical thickness networks. (b) Between-group differences in 𝐶

𝑝

and 𝐿
𝑝
as a function of sparsity of gray matter volume networks. (c) Between-group differences in 𝐶

𝑝
and 𝐿

𝑝
as a function of sparsity of

surface area networks. (d) Between-group differences in 𝐶
𝑝
and 𝐿

𝑝
as a function of sparsity of mean curvature networks. (e) Between-group

differences in 𝐶
𝑝
and 𝐿

𝑝
as a function of sparsity of metric distortion (Jacobian) networks. (f) Between-group differences in 𝐶

𝑝
and 𝐿

𝑝
as

a function of sparsity of sulcal depth networks. Thickness, cortical thickness. Volume, gray matter volume. Area, surface area. Curv, mean
curvature. Sulc, sulcal depth. NC, normal controls.

insula, and thalamus [48, 49]. Our results were partially
consistent with previous studies. Abnormal changes in the
temporal, occipital gyrus and cingulated sulcus in aMCI
group have been reported as being related to memory per-
formance.What is more, significantly higher nodal centrality
in aMCI was considered as increased functional connectivity
occurred in various brain regions [50]. This may serve as a
compensatorymechanism that enables patients with aMCI to
use other additional resources to maintain normal cognitive
performance [51, 52]. The abnormal characteristics of the
cortical networks observed in aMCI may reflect anatomical
structural abnormalities. Our findings may contribute to an
understanding of the cerebral organization in aMCI.

Some limitations should be addressed in the future.
Firstly, several studies have demonstrated that network res-
olution has an effect on topological properties of human
neocortex by using volumetric measures as descriptors of
anatomical connectivity [10, 53, 54]. In our network anal-
ysis, we only used 148 nodes to construct the network. In
the future, it is interesting to investigate the relationship
between network resolution and topological properties of
human neocortex by using geometric measures. Secondly,
topological properties of a given network may be influenced
by intrinsic features of that network, such as the number of
nodes, number of connections, and degree distribution. To
counteract these effects, we used random networks with the
same number of nodes and edges as surrogates to normalize
the corresponding graph measures. Without any correction,
the small-world index cannot be used to compare the small-
worldness of different empirical networks. However, random
surrogates may increase the sensitivity to differences in
nodes number and degrees for the commonly used small-
world index [55]. The minimum spanning tree (MST) [56],

amathematically defined and unbiased subnetwork, provides
similar information about network topology as conventional
graph measures. It is noted that the MST discards all loop
connections that the clustering coefficient and path length in
the small-world index are highly correlated. Several network
characteristics such as modularity, hierarchy, and rich club
cannot be interpreted with the MST. There is still no optimal
method to normalize network measures. Thirdly, differ-
ent thresholding may lead to different network topological
organizations [47]. Notably, connectivity values often vary
depending on subjects and conditions, which can result in
differences in average degree when using the same threshold
for all networks. In the future, it is important to study the
optimal thresholding methods in constructing networks.

5. Conclusions

This work demonstrated that besides cortical thickness and
gray matter volume, sulcal depth can also be used to study
the topological properties of cortical networks. We found
that networks based on both the volumetric measures and
geometric measures showed small-world properties and
properties in these networkswere different from aMCI toNC.
Notably, properties in cortical network constructed by sulcal
depth showed significant differences between the two groups.
Our results indicate that geometric measure (sulcal depth)
can be used to construct network to discriminate individuals
with aMCI from controls.
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The topic of investigating how mindfulness meditation training can have antidepressant effects via plastic changes in both resting
state and meditation state brain activity is important in the rapidly emerging field of neuroplasticity. In the present study, we used
a longitudinal design investigating resting state fMRI both before and after 40 days of meditation training in 13 novices. After
training, we compared differences in network connectivity between rest and meditation using common resting state functional
connectivity methods. Interregional methods were paired with local measures such as Regional Homogeneity. As expected,
significant differences in functional connectivity both between states (rest versus meditation) and between time points (before
versus after training) were observed. Duringmeditation, the internal consistency in the precuneus and the temporoparietal junction
increased, while the internal consistency of frontal brain regions decreased. A follow-up analysis of regional connectivity of the
dorsal anterior cingulate cortex further revealed reduced connectivity with anterior insula during meditation. After meditation
training, reduced resting state functional connectivity between the pregenual anterior cingulate and dorsal medical prefrontal
cortex was observed. Most importantly, significantly reduced depression/anxiety scores were observed after training. Hence, these
findings suggest that mindfulness meditation might be of therapeutic use by inducing plasticity related network changes altering
the neuronal basis of affective disorders such as depression.

1. Introduction

Mindfulness meditation has been shown to be therapeutic
in emotion regulation [1–5]. Mindfulness practice, inher-
ited from the ancient Buddhist tradition, involves observ-
ing thoughts nonjudgmentally in the present moment.

Mindfulness-based meditation (MBM) or mindfulness-
based intervention (MBI) is increasingly being employed
in western psychology to alleviate a variety of mental and
physical conditions including obsessive compulsive disorder
and anxiety and in the prevention of relapse in depression
and drug addiction [6–10]. Despite the fact that recent

Hindawi Publishing Corporation
Neural Plasticity
Volume 2016, Article ID 9504642, 14 pages
http://dx.doi.org/10.1155/2016/9504642

http://dx.doi.org/10.1155/2016/9504642


2 Neural Plasticity

neuroimaging studies indicate the several positive aspects
of mindfulness practice, its neuronal mechanisms are still
poorly understood.

Amain theme inmeditation research is the question if the
observed effects are dependent on practice/expertise or on
personal characteristics. Usually, studies on meditation com-
pare expert practitioners with novice practitioners in cross-
sectional studies [11–13]. Functional studies have employed
fMRI block designs to investigate the blood-oxygen level
dependent (BOLD) signal changes during meditation [11,
12, 14], as well as exploring resting state fMRI (rs-fMRI)
differences between experienced meditators and novices [11,
13, 15]. Crucially, longitudinal studies of the impact of short-
term meditation practice on the same novice group have
the potential to reflect effects of meditation independently
of individual differences, for example, personal interest in
meditation or previous meditation experience. Hölzel et al.
[4] observed changes in gray matter density in a longitudinal
study with 8 weeks of a mindfulness-based stress reduction
(MBSR) programme.

Resting state functional connectivities (RSFC) methods
provide one approach for exploring howmindfulnessmedita-
tion alters neural plasticity among brain regions.The interre-
gional dynamics of RSFC specifically afford the advantages of
being task independent, rendering reliable estimates of neural
circuit functionality corresponding to structural topography
[16, 17].

To investigate the impact of mindfulness practice on the
neuronal level and its antidepressant effects, alteration in the
activation pattern of the Default Mode Network (DMN) is
of particular interest and the DMN is thus selected as the
target brain network [13]. We know that the DMN involves
several brain regions active when the brain is not actively
engaged in a cognitively demanding task but rather is in a
relaxed state [18]. Consistently, theDMN includes areas at the
medial posterior cortex, specifically the posterior cingulate
cortex (PCC; areas 23/31), the precuneus, and the medial
frontal cortex (MFC, including areas 24/10-m/32), as well as
bilateral inferior parietal and posterior temporal areas around
the temporoparietal junction area (TPJ) [19].

Recent findings suggested that the DMN has altered
resting state functional connectivity between networks when
depressed patients were compared to healthy participants
[20]. Among these DMN regions, dmPFC was shown to be
involved in self-inspection [21] and emotion regulation [22]
and demonstrated increased activity in depression [23].Thus,
major depressive disorder (MDD) patients showmore neural
functional connectivity between the posterior cingulate cor-
tex and the subgenual-cingulate cortex during rest periods
compared to healthy individuals [24].

Several regions of anterior cingulate are of importance
in depression-related disorders. Pregenual anterior cingulate
cortex (pgACC) has been shown to be hypoactivated in
MDD [25]. The dorsal anterior cingulate cortex (dACC) is
associated with the involvement of cognitive control over
attentional resources [26, 27], and it is strongly impaired in
MDD. van Tol et al. [28] showed that dACC and pgACC
are also structurally affected in MDD, while pgACC was
furthermore found to be molecularly affected by altered

glutamate concentrations. In contrast to the dACC, the
pgACC belongs to an affective subdivision of the ACC [26]
and was shown to mediate the increased internal focus
present in the ruminative thinking style of depressed patients.
Furthermore, the pgACC is specifically impaired in highly
anhedonic patients [29].

The neurobiological model of depression [30] states
that impaired cognitive control, mediated by regions in the
prefrontal cortex (PFC), cooccurs with hyperactivation of
the amygdala, which facilitates encoding and retrieval of
emotional stimuli via modulation of hippocampal activity.
Activity in the medial prefrontal cortex (MPFC), which
is associated with internal representations of the self, is
consequently increased as well. The suppressed regulatory
influence of PFC regions facilitates an undesired recall of
negative (mood-congruent) events. The DMN has been
shown to support internally oriented and self-referential
thoughts andMDD has been associated with both hypercon-
nectivity within the DMN and hyperconnectivity between
frontoparietal control systems and regions of the default
network [31]. Furthermore, MDD has been characterized by
hypoconnectivity within the frontoparietal network, a set
of regions involved in cognitive control of attention and
emotion regulation, and hypoconnectivity between frontal
systems and parietal regions of the dorsal attention network
involved in attending to the external environment [31].
These networks modulate affective and cognitive processes
disturbed in depression.

In the cases described here, impairment refers to increase
or decrease of an existing functional connection. Alterations
reflect changes in operational properties of interregional
connections and their local resting state activity. As much
as MDD is characterized by hyperactivity in, for example,
ventral and subcortical regions, this was discussed to be
directly related to hypoactivity and resulting disinhibition
from dorsal cortical regions [30]. Likewise, within-network
connectivity can be altered in opposite direction compared
to between-network connectivity (in terms of functional
connectivity) as soon as a hub region is concerned, which
connects both to its own functional module and towards
regions outside its own functional subnetwork.

Recent neuroimaging publications benefit from the uti-
lization of multiple imaging methods. Resting state fMRI
widely used seed-based correlation analysis between regions
of interest (ROIs) by investigating interregional functional
connectivity to reveal highly consistent patterns of functional
connectivity across regions [32]. In this study we selected two
ROIs in the ACC, pgACC, and dACC, due to their role in
emotion regulation and as portions of theDMN. Earlier stud-
ies showed that the pgACCwas associatedwith internalmon-
itoring [33, 34] and Mood States [35]. Likewise, the dACC
has been shown to relate to focused attention [26, 27] and
recent study from Dickenson and colleagues had found that
the dACC was recruited during mindfulness meditation as
compared to the mind wandering for the novice practitioner
[36]. Both pgACC and dACC are therefore target regions
for specific symptoms in depression related to mindfulness
and emotional/interoceptive awareness, and we focused our
analysis on these two regions with supposedly differential,
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if not contrary, effects, as previously reported in patient
studies and suggested by their involvement in potentially
antagonistic networks. The method of seed-based functional
connectivity was used to test their resting state behavior
both before and after training. Furthermore, independent
component analysis (ICA), which neither relies on a priori
model of brain activity, parcellation into ROIs, nor choice
of seed regions but has been widely used to detect resting
state networks [37], was chosen as a complementary, data-
driven approach. We hypothesized that some regions within
DMNwould be relevant to emotional regulation and ICAwas
used for functional parcellation of the DMN. In addition to
seed-based functional connectivity method and ICA, which
reflect the interregional neuronal properties between distant
brain regions, ReHo was used to map the level of regional
activity synchronization across thewhole brain [38]. Regional
Homogeneity (ReHo) measures the similarity of the time
series of a given voxel to those of neighbouring voxels [39],
which reflects the temporal homogeneity of localized neural
dynamics [40–42].

Therefore, our aimswere to analyze both the interregional
and local features of fMRI signal during resting state (RS)
in a longitudinal study of RS activation, as well as compar-
ing RS activation to meditation state (MS) activation. We
hypothesized that the training of mindfulness meditation
will lead to changes in the following: (1) the interregional
functional connectivity of our a priori seed ROIs—pgACC
and dACC (by means of seed-based FC); (2) the internal
consistency of the DMN (by means of ICA); and (3) the
regional synchronization of fMRI time series (by means of
ReHo).

2. Materials and Methods

2.1. Subjects. Thirteen university students (Spanish native
speakers) were recruited by university advertisement to
participate in 40 days of mindfulness meditation course.
Sample demographic characteristics are detailed in Table 1.
All study protocols were approved by the Institutional Review
Board of the Universitat Jaume I of Castellón and informed
consent was obtained from all subjects. Participants were
screened for psychiatric or neurological conditions prior to
enrollment in the meditation course. No previous meditation
experience was reported by the subjects.

2.2.MindfulnessMeditation Training. Themindfulness train-
ing programmes consisted of 8-week courses, with daily
practice at home in sessions of around 45 minutes [43].
Themindfulness-based stress reduction (MBSR) programme
[44] as well as acceptance and commitment therapy [45]
was used to design the meditation-mindfulness training
programme based on self-observation training. The self-
observation training programme consisted of eight 1.5-hour
sessions over a period of 8weeks.Thefirst hour of the sessions
was devoted to simple physical and breathing exercises
during which the participants were instructed to perform
Vipassana meditation exercises, by focusing their attention
on thoughts that came to their mind without dwelling on any
of them. After the exercises, participantsmeditated in silence,

Table 1: Characteristics of the subject sample. Wherever relevant,
group mean (± standard deviation) is given.

Number of participants 13
Ratio of males and females 3/10
Age 24.53 (±5.89)
Ratio of handedness right = 13, left = 0
Minutes of meditation practice per day 10.67 (±1.66)
Total number of meditation days until
scanning 39.23 (±3.63)

Total number of minutes of meditation
practice until scanning 418.07 (±71.45)

continuing to observe their thoughtswithout censoring them.
The time devoted tomeditationwithout the physical exercises
gradually increased over the course. The final half hour was
used to talk about the experience and explain the charac-
teristics of meditation and mindfulness in which videos and
fables reflecting themost significant aspects of themeditation
and self-observation experience were used. Participants were
also encouraged to do the meditation exercises at home; they
were given a meditation diary in which to record their daily
experiences, which was handed in to the course instructor.
A quantification of the participants’ amount of meditation
practice at the end of the course is detailed in Table 1.

2.3. Self-Report Measures. Three self-assessment question-
naires were administrated to participants both before and
after the training period. We applied the Profile of Mood
States (POMS) throughout the study in its abbreviated,
Spanish version [46] of the original POMS [47]. It is a 44-item
inventory, whichmeasures currentmood state by rating state-
ments on a Likert scale (0 to 4). It consists of six subscales:
anger, fatigue, tension, depression, vigor, and friendliness. To
evaluate changes in depressive symptoms of our sample, we
used the Center for Epidemiologic Studies Depression Scale
(CES-D) which is a well-validated, 20-item inventory [48].
Subjects were asked to rate statements based on the previous
week on a Likert scale (0–3) and scores range from 0 to 60,
whereat higher scores indicate higher levels of depression.
The State-Trait Anxiety Inventory [49] is a 40-item scale
designed tomeasure the state and trait anxiety based on a Lik-
ert scale (1–4), which was also applied. Scores range from 20
to 80 whereat higher scores relate to higher levels of anxiety.

2.4. Data Acquisition. In this longitudinal study participants
were scanned twice. Before the training of mindfulness
meditation, subjects underwent a single resting state (RS)
scan (time point 1, TP1). Later on, at day 40 (time point
2, TP2), subjects underwent two scans, RS scan and a scan
during which they practiced meditation (MS). During the
RS, subjects were instructed to close their eyes, be at the
normal relaxing condition without engaging in any specific
task or mental activity, and not fall into meditation. During
meditation scan, subjects were instructed to close their eyes,
openly monitor the surrounding environment by accepting
all sensations rise and fall nonjudgmentally, and specifically
to be aware of the present moment as they were trained. At
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time point 2 (TP2), RS scan was measured for 9 minutes
followed by continuous MS lasting for 12 minutes. Long time
acquisition for both conditions was set to obtain sufficient
power for the functional connectivity analyses given the
relatively small sample size [37].

2.5. MR Sequence Parameters. MR measurements were per-
formed on 1.5 T Siemens AVANTO scanner (Siemens Erlan-
gen, Germany). A structural image was acquired from each
subject with a magnetization-prepared rapid gradient-echo
(MP-RAGE) sequence (TR = 2200ms, TE = 3.79ms, flip
angle (FA) = 15∘, 160 slices, matrix size = 256 × 256, field-
of-view (FOV) = 256mm × 256mm, and slice thickness =
1mm). For both RS and MS, a standard EPI sequence was
used (TR = 2300ms, TE = 55ms, FA = 90∘, FOV = 224mm ×
224mm, matrix size = 64 × 64, and slice thickness = 4mm,)
with 25 axial slices for whole brain coverage. Finally, an
extra gradient field mapping sequence (gre field mapping)
was acquired followed by each EPI sequence (TR = 487ms,
TE1 = 8ms, TE2 = 12.76ms, FA = 65∘, FOV = 224mm ×
224mm, matrix size = 64 × 64, and slice thickness = 4mm)
with 25 slices with the same coverage used in EPI sequence.

2.6. Data Preprocessing. B0 inhomogeneity correction was
performed to reduce static field inhomogeneity using an
EpiUnwarping tool based on FSL (http://surfer.nmr.mgh
.harvard.edu/fswiki/epidewarp.fsl) [50]. Preprocessing was
performed using Statistical Parametric Mapping (SPM8,
http://www.fil.ion.ucl.ac.uk/spm/) and Data Processing
Assistant for resting state fMRI (DPARSF v 2.3 [51]). Func-
tional images were slice-time corrected. Motion correction
was performed by using a least squares approach and a six-
parameter (rigid body) linear transformation. Spatial norma-
lization to MNI space was carried out by using unified seg-
mentation of T1-weighted acquired images, and the extracted
normalization parameters from segmentation were applied
to normalize the functional volumes for each participant
(normalized images were then resampled to 3-mm isotropic
cubic voxels). Finally, functional volumes were smoothed
by applying a 4mm FWHM Gaussian kernel. Smoothed
volumeswere used for ICA and seed-based FC. ReHo analysis
was performed on nonsmoothed functional volumes and
images were smoothed after the analysis, because smoothing
prior to ReHo calculation would increase regional similarity
[51].

We conducted additional preprocessing for seed-based
FC and ReHo analyses using the DPARSF tool through the
following steps: (i) removing a linear trend in the time series
and (ii) temporal band-pass filtering (0.01–0.08Hz) to reduce
the effect of low frequency drift and high-frequency noise
[52, 53]. For the seed-based FC analysis, several sources of
spurious variance were removed from the data through linear
regression: six parameters from rigid body correction of head
motion, white matter signal, cerebrospinal fluid signal, and
the global mean signal [54].

ForMS, the first and the last 40 volumes of the functional
images were discarded (total 313 volumes were acquired
before removing the 80 volumes). The reason for removing
the first 40 volumes was to allow the participants to get used

2

1

Figure 1: Seed ROIs used for RSFC analysis. ROI1: pregenual ACC
(pgACC) as marked in red color. ROI2: dorsal ACC (dACC) as
marked in blue color overlaid on the T1 anatomical MNI space.

to the scanning environment and ensure a reasonable estab-
lishment of the meditation state. The reason for removing
the last 40 volumes was aiming at avoiding distraction effects
at the end of the meditation, yielding a duration similar to
the RS. The central 233 (8min 33 sec) functional volumes of
the times series were sufficient for estimation of independent
components (ICs) [37].

2.7. Seed-Based Functional Connectivity. In addition to a
data-driven approach, we performed a hypothesis-driven
seed-based FC analysis. Two independent seed ROIs placed
in the pregenual anterior cingulate cortex (pgACC) and the
dorsal anterior cingulated cortex (dACC) were chosen based
on previous reports on their involvement in meditation and
affective disorders such as depression [55].

To examine FC in the pgACC and the dACC in a whole
brain voxel-wise analysis, these two seed regionswere defined
by the Montreal Neurological Institute (MNI) coordinates
(𝑥, 𝑦, 𝑧): 0, 41, and 9 (pgACC) and 0, 27, and 30 (dACC). Both
ROIs had a radius of 10mm resulting in a volume of approx-
imately 4mL, maximizing the gray matter contribution as
described previously [56], as shown in Figure 1.The averaged
time course from each seed region was obtained for each
subject at both time points and for both conditions (RS, MS)
separately. An individual FCmap for each seedwas generated
by calculating the voxel-wise correlation coefficients in the
whole brain, which were then converted into 𝑧-maps by
Fisher’s 𝑍 transformation to enhance normality. The 𝑧-maps
of the dACC and pgACC of each individual were entered into
second-level paired 𝑡-test.

2.8. Group Independent Component Analysis (Group ICA).
A group independent component analysis was performed
using GIFT (v 2.0e, http://mialab.mrn.org/software/gift/)
[57] to investigate the following: (a) the training-relatedRSFC
changes and (b) the FC difference between RS and MS.
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These analyses were performed based on FC analysis from
spontaneous BOLD activity from the average fMRI time
course of the entire brain.

In the analysis of training-related RSFC changes over
time, the longitudinal resting state data were grouped
together when conducting group ICA following a previous
report [58]. In the analysis of FC differences between RS and
MS experimental conditions, a single ICA was performed
at the group level for RS and MS conditions separately,
in agreement with previous studies [59, 60]. The data of
each condition was restricted to twenty-four independent
components (ICs) using the MDL criteria and extracted by
ICA decomposition using the Infomax algorithm [61]. To
determine the reliability of the ICA algorithm, multiple runs
of ICA were performed using ICASSO. Each IC consists of
a spatial map and an associated time course. The ICs which
resembled the DMN most were firstly spatially sorted by
using the DMN template built-in in GIFT [57] and then fur-
ther identified by visual inspection by two different raters for
RS and MS separately. Subsequently, individual subject maps
were back reconstructed to obtain single-subject results.
Finally, the resulting individual IC maps were converted into
voxel-wise 𝑧-score maps representing the degree to which
each voxel belongs to the overall ICA component map.

Individual subject 𝑧-maps were entered into SPM
random-effect analyses. The RSFC analysis involved a longi-
tudinal analysis of changes in temporal correlations in con-
nectivity fluctuations before and after training. To compare
RS and MS conditions, one paired 𝑡-test was performed.
In the IC decomposition, only DMN was extracted to be
compared between time points and conditions.We computed
the DMN from the average fMRI time course from the entire
network as described before. Furthermore, in the analysis
between RS andMS, the DMN comparisonwas not restricted
to a mask of the conjunction between both conditions, since
it would involve the restriction of any other regions that may
be identified as the DMN in the MS as different from the
DMN in the RS, but to the addition of themasks for theDMN
identified under RS and MS.

Additionally, exploratory mask restricted analysis was
performed but not reported because its contribution was
similar to the unrestricted comparison in the target regions of
the DMN, although covering differences in other out regions.

2.9. Regional Homogeneity (ReHo). ReHo images of the
whole brain for both MS and RS were generated using
DPARSF. Voxel-by-voxel Kendall’s coefficient of concordance
(KCC, [39]) of the time series of a given cluster of 27
neighbouring voxels was calculated [62]. To reduce the global
effects of individual variability across participants, the ReHo
of each voxel was scaled by the mean value of whole brain
ReHo for each participant [20].

A paired 𝑡-test was performed to identify the effects of
meditation onReHo during resting state activity between TP1
and TP2. A second paired 𝑡-test was performed to identify
the differences in ReHo between the resting states (RS) and
meditation state (MS) at TP2. The resulting 𝑡-value maps
of each contrast of interest was displayed after applying a
statistical height threshold of 𝑝 < 0.001 for each voxel and

Table 2: Profile of Mood States (POMS), Center for Epidemio-
logic Studies Depression Scale (CES-D), and State-Trait Anxiety
Inventory (STAI) scores before and after meditation training.
Group means and standard deviations are listed. Significant group
differences are listed as follows: ∗∗∗: significant at 𝑝 < 0.001, ∗∗:
significant at 𝑝 < 0.01, and ∗: significant at 𝑝 < 0.05. n: before
training, 6 out of 13 subjects surpassed the cutoff for depression. (+):
positive mood state factor, (−): negative mood state factor.

Questionnaire Before training After training
POMS
Anger (−) 2.84 (±3.78) 3.30 (±6.07)
Fatigue (−) 4.84 (±2.67) 3.69 (±4.57)
Vigor (+) 11.92 (±5.31) 12.30 (±5.36)
Friendliness (+) 18.92 (±2.98) 19.46 (±4.27)
Tension (−) 8.00 (±3.36) 5.38 (±5.18)∗

Depression (−) 3.76 (±3.94) 4.53 (±8.04)
CES-D 16.23 (±9.54)n 9 (±6.20)∗∗∗

STAI, state 17.84 (±4.75) 14.38 (±10.16)
STAI, trait 21.30 (±8.6) 16.84 (±9.56)∗∗

a corrected cluster threshold at 𝑝 < 0.05, as determined by
a Monte Carlo simulation (see AlphaSim in AFNI http://afni
.nimh.nih.gov/pub/dist/doc/manual/AlphaSim.pdf).

3. Results

3.1. Behavioral Self-Report Measures. A paired 𝑡-test analysis
of the total scores of CES-D indicated a significant reduction
of depression scores after meditation training (𝑡(12) = 4.43;
𝑝 < 0.001). Before meditation training, the mean CES-D
score of the sample was 16.23±9.54, which slightly surpassed
the cutoff score for depression (a CES-D above 16 indicates
depression; see [63]). After training, the mean CES-D score
was reduced to 9 ± 6.20.

Pre-post comparisons of the STAI measures revealed a
significant reduction in trait anxiety (𝑡(12) = 2.76; 𝑝 < 0.01),
but not in state anxiety scores. Neither the sum score of the
POMS nor its sub-scores showed a significant change (all
𝑝 < 0.05, controlled for multiple comparisons). However, the
tension subscore did show a change (𝑡(12) = 1.883, 𝑝 < 0.05,
uncorrected); see Table 2.

As an exploratory step, the changes in CES-D scores
were correlated with the changes in connectivity of the FC
components, but the results were not significant for dACC (r
= .122, 𝑝 > 0.1) and pgACC (r = −.064, 𝑝 > 0.1).

3.2. Seed-Based Functional Connectivity

3.2.1. Comparison of FC Differences between RS and MS. For
the contrast between resting andmeditation states (RS>MS),
the pgACC showed a reduced connectivity with the bilateral
inferior parietal gyri but an increased connectivity with the
MPFC, the left superior temporal gyrus (STG), and the right
TPJ duringMS as shown in Figure 2(a) and Table 3 (𝑝 < 0.05,
FWE-corrected).
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Table 3: Regions showing functional differences between conditions (rest versus meditation).

Analysis Rest >meditation Meditation > rest
Region Side 𝐾 MNI coordinates 𝑧-score Region Side 𝐾 MNI coordinates 𝑧-score

ICA (𝑝 < 0.001, FWEa-corrected cluster threshold at 𝑝 < 0.05)b

dACC R 202 9 21 36 5.70 Precuneus R 178 3 −66 27 4.94
sgACC R 349 9 27 0 5.60 TPJ/IPL L 157 −51 −57 27 4.31
AI L 336 −39 9 0 5.02
AI R 37 45 18 0 4.34

IFG/BA9 R 21 60 18 27 4.26
Seed-based FC (𝑝 < 0.001, FWE-corrected cluster threshold at 𝑝 < 0.05)b

(ROI: pgACC) IPL L 42 −45 −39 36 4.31 TPJ R 58 57 −66 36 4.51
IPL R 45 39 −51 51 4.17 MPFC R 36 9 51 9 4.49

STG L 23 −42 −60 18 3.86
(ROI: dACC) AI L 20 −36 18 3 4.2 n.s.

ReHo (𝑝 < 0.001, FWE-corrected cluster threshold at 𝑝 < 0.05)b

n.s. dACC R 125 0 36 15 5.32
MPFC R 125 6 48 12 4.24
Putamen L 77 −21 6 3 4.40

Notes: AI, anterior insula; dACC, dorsal anterior cingulate cortex; IPL, inferior parietal lobe; K, cluster size;MPFC,medial prefrontal cortex; pgACC, pregenual
anterior cingulate cortex; sgACC, subgenual anterior cingulate cortex; STG, superior temporal gyrus; TPJ, temporoparietal junction; and BA: brodmann area.
aFamily-wise error.
bA combined threshold of 𝑝 < 0.001 and a minimum cluster size determined by AlphaSimc algorithm in AFNI, resulting in FWE-corrected threshold of 𝑝 <
0.05. An estimate of the spatial correlation across voxels was modeled using the program 3dFWHMd in AFNI.
cAlphaSim: http://afni.nimh.nih.gov/pub/dist/doc/manual/AlphaSim.pdf.
d3dFWHM: http://afni.nimh.nih.gov/pub/dist/doc/program help/3dFWHM.html.

FC difference (seed: pgACC) 

RS > MS 

z = 51

IPL

IPL

MS > RS 

MPFC

TPJ

x = 5

x = 55
6

5

4

3

2

1

0

(a)

FC difference (seed: dACC) 

AI

RS > MS 

z = 3 AI
6

5

4

3

2

1

0

x = −36

(b)

Figure 2: (a) Paired comparison of seed-based FC maps (seed = pgACC) between rest and meditation at TP2 (𝑝 < 0.05, FWE-corrected).
Bar plot represents the 𝑡-values. White labels indicate the coordinate of each slice in theMNI frame of reference (𝑥, 𝑧). (b) Paired comparison
of seed-based FCmaps (seed = dACC) between rest and meditation at TP2. FC decreases between dorsal ACC and left AI during meditation
as compared to rest (𝑝 < 0.05, FWE-corrected). Bar plot represents the 𝑡-values. White labels indicate the coordinate of each slice in theMNI
frame of reference (𝑥, 𝑧).

The dACC showed a decreased FC with the left anterior
insula (AI) during MS (𝑝 < 0.05, FWE-corrected); see
Figure 2(b) and Table 3.

The voxel-wise significance level was set at 𝑝 < 0.001with
a spatial extent threshold of 16 contiguous voxels, yielding

a whole brain threshold of 𝑝 < 0.05 corrected for multiple
comparisons using AlphaSim algorithm implemented in
AFNI (data dimension: 61 × 73 × 61 voxels, Gaussian filter
widths: FWHMx = 6.66, FHWMy = 6.88, and FWHMz =
6.79).
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Figure 3: (a) Longitudinal seed-based RSFC results (seed = pgACC) (𝑝 < 0.05, FWE-corrected). Bar plot represents the 𝑡-values. White
labels indicate the coordinate of each slice in the MNI frame of reference (𝑥, 𝑧). (b) Longitudinal seed-based RSFC results (seed = dACC)
(𝑝 < 0.05, FWE-corrected). Bar plot represents the 𝑡-values. White labels indicate the coordinate of each slice in the MNI frame of reference
(𝑥, 𝑧).

3.2.2. Longitudinal Analysis of RSFC Changes due to Medi-
tation. The longitudinal effect of meditation practice (TP1
> TP2) on RSFC was tested separately for pgACC and
dACC. For pgACC, a decreased connectivity to the left
PCC/precuneus, the left dorsal medial prefrontal cortex
(dmPFC), the right superior temporal gyrus (STG), the left
middle occipital gyrus, and left inferior temporal gyrus was
observed, while connectivity to the right inferior temporal
gyrus, the right inferior frontal gyrus (IFG), and the right
TPJ/IPL increased after meditation training (𝑝 < 0.05, FWE-
corrected; see Figure 3(a) and Table 4).

In dACC, meditation training entailed a reduction of
RSFC to calcarine sulcus and the cuneus but an increased
RSFC towards cerebellum, the right inferior parietal lobe
(IPL), and the posterior cingulated cortex (PCC) (𝑝 < 0.05,
FWE-corrected; see Figure 3(b) and Table 4).

The voxel-wise significance level was set at 𝑝 < 0.001with
a spatial extent threshold of 16 contiguous voxels, yielding a
whole brain threshold of𝑝 < 0.05 corrected formultiple com-
parisons using AlphaSim algorithm implemented in AFNI
(data dimension: 61 × 73 × 61 voxels, Gaussian filter widths:
FWHMx = 6.66, FHWMy = 6.88, and FWHMz = 6.79).

3.3. Group Independent Component Analysis

3.3.1. Comparison of the DMN Independent Component
between RS and MS. To ensure that our DMN comparison
between these two conditions was performed in the same low
frequency band, power density spectra were obtained. The
results revealed that both DMNs were derived from the same
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Figure 4: Mean power spectral density of the Default Mode
Network (DMN) component.The peak power density was observed
below 0.04Hz for both conditions (resting state and meditation
state). AU stands for arbitrary unit.

very low frequency band (<0.04Hz). This insured that the
comparison between RS andMS were performed in the same
“expected” very low frequency domain [60]; see Figure 4.

At TP2, ICA revealed reduced activation during med-
itation in dACC, sgACC, bilateral insula, superior frontal
gyrus, and inferior frontal gyrus (IFG) when compared to
rest (𝑝 < 0.05, FWE-corrected). The precuneus and the left
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Table 4: Regions showing RSFC differences between time points.

Analysis TP1 > TP2 TP2 > TP1
Region Side 𝐾 MNI coordinates 𝑧-score Region Side 𝐾 MNI coordinates 𝑧-score

ICA n.s. (𝑝 < 0.001, FWEa-corrected cluster threshold at 𝑝 < 0.05)b

Seed-based FC (𝑝 < 0.001, FWE-corrected cluster threshold at 𝑝 < 0.05)b

(ROI: pgACC) PCC/precuneus L 58 −12 −51 15 4.71 ITG R 16 54 −63 −18 4.23
dmPFC L 49 −12 45 54 4.35 IFG R 17 39 24 6 3.84
STG R 53 54 −63 15 4.34 IPL/TPJ R 18 33 −60 42 3.76
MOG L 22 −24 −102 6 4.19
ITG L 21 −57 0 −24 4.01

(ROI: dACC) Calcarine/cuneus L 18 −9 −84 21 4.37 Cerebellum L 22 −30 −54 −30 4.56
BA19 L 26 −27 −90 21 4.01 IPL R 16 36 −60 45 4.20

PCC R 19 3 −30 30 4.13
ReHo n.s. (𝑝 < 0.001, FWE-corrected cluster threshold at 𝑝 < 0.05)b

Note: dmPFC, dorsal medial prefrontal cortex; IFG, inferior frontal gyrus; IPL, inferior parietal lobe; ITG, inferior temporal gyrus;𝐾, cluster size; PCC, post
cingulate cortex; STG, superior temporal gyrus; MOG, middle occipital gyrus; and BA: brodmann area.
aFamily-wise error.
bA combined threshold of 𝑝 < 0.001 and a minimum cluster size determined by AlphaSimc algorithm in AFNI, resulting in corrected threshold of 𝑝 < 0.05.
An estimate of the spatial correlation across voxels was modeled using the program 3dFWHMd in AFNI.
cAlphaSim: http://afni.nimh.nih.gov/pub/dist/doc/manual/AlphaSim.pdf.
d3dFWHM: http://afni.nimh.nih.gov/pub/dist/doc/program help/3dFWHM.html.
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Figure 5: ICA results. DMN differences at TP2 for RS >MS andMS > RS (𝑝 < 0.05, FWE-corrected). Bar plot represents the 𝑡-values. White
labels indicate the coordinate of each slice in the MNI frame of reference (𝑥, 𝑧).

temporoparietal junction (TPJ) showed an increased internal
consistency in the ICs during MS; see Figure 5 and Table 3.

The voxel-wise significance level was set at 𝑝 < 0.001with
a spatial extent threshold of 16 contiguous voxels, yielding
a whole brain threshold of 𝑝 < 0.05 corrected for multiple
comparisons using AlphaSim algorithm implemented in
AFNI (data dimension: 61 × 73 × 61 voxels, Gaussian filter
widths: FWHMx= 7.39, FHWMy= 8.18, and FWHMz = 8.19).

3.3.2. Longitudinal Analysis of RS Changes in the DMN
Independent Component due to Meditation. The paired t-
test at a threshold of 𝑝 < 0.05, FWE-corrected, did not
reveal longitudinal changes within the DMN independent

components. The voxel-wise significance level was set at
𝑝 < 0.001 with a spatial extent threshold of 23 contiguous
voxels, yielding a whole brain threshold of 𝑝 < 0.05 cor-
rected for multiple comparisons using AlphaSim algorithm
implemented in AFNI (data dimension: 61 × 73 × 61 voxels,
Gaussian filter widths: FWHMx = 7.84, FHWMy = 8.68, and
FWHMz = 8.53).

3.4. Regional Homogeneity (ReHo) Analysis

3.4.1. ReHo Comparison between MS and RS. The com-
parison of MS and RS (MS > RS) showed an increased
ReHo in dACC, left striatum (putamen), MPFC, and TPJ
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Figure 6: Regional homogeneity difference between MS and RS
(𝑝 < 0.05, FWE-corrected). Bar plot represents the 𝑡-values. White
labels indicate the coordinate of each slice in the MNI frame of
reference (𝑥, 𝑧).

(supramarginal gyrus), FWE-corrected at 𝑝 < 0.05; see Fig-
ure 6 and Table 3.

The voxel-wise significance level was set at 𝑝 < 0.001with
a spatial extent threshold of 63 contiguous voxels, yielding
a whole brain threshold of 𝑝 < 0.05 corrected for multiple
comparisons using AlphaSim algorithm implemented in
AFNI (data dimension: 61 × 73 × 61 voxels, Gaussian filter
widths: FWHMx = 13.25, FHWMy = 13.98, and FWHMz =
12.13).

3.4.2. Longitudinal Analysis of ReHo Changes. Longitudinal
effects of meditation on the ReHo of RS activity were tested
between time points using a paired t-test. However, no
significant differences between time points were found. The
voxel-wise significance level for this analysis was set at 𝑝 <
0.001 with a spatial extent threshold of 70 contiguous voxels,
yielding a whole brain threshold of 𝑝 < 0.05 corrected
for multiple comparisons using AlphaSim algorithm imple-
mented in AFNI (data dimension: 61 × 73 × 61 voxels,
Gaussian filterwidths: FWHMx= 14.28, FHWMy= 14.53, and
FWHMz = 12.48).

4. Discussion

4.1. Summary. In the current study, for the first time, we
investigated longitudinal effects of mindfulness meditation
training on changes in functional connectivity between brain
areas. To our knowledge, no previous study has directly
compared a meditation condition with a resting condition
using sophisticatedmethods like ICA, ReHo, and FC. During
the analyses, we specifically focused on target regions and
resting state network playing a role in affective disorders like
depression such as the pgACC, the dACC, and the DMN.

We found significant differences in functional connec-
tivity both between states (rest versus meditation) and

between time points (before versus after training). The ICA
analysis showed differences in the internal consistency in
the precuneus and the temporoparietal junction, increased
during meditation, while the internal consistency of frontal
brain regions decreased.The dACC further revealed reduced
connectivity with anterior insula during meditation. As an
indication of plastic changes following mindfulness medita-
tion, reduced RSFC between the pgACC and dorsal medical
prefrontal cortex was observed after meditation training.

4.2. Detailed Findings, Previous Work, and Explanations

4.2.1. Imaging Findings. ICA revealed that, during MS, in
comparison to RS, the DMN component had stronger
association of TPJ and precuneus, while activity in frontal,
cingulate, and insular cortex was less associated with DMN.
This may reflect the expected network dissociation as a
function of cognitive task during meditation.

4.2.2. Psychometry Findings. Our findings indicate that the
short-term practice of mindfulness meditation leads to dif-
ferences in CES-D score before and after training. Nearly
50% reduction in depressive symptoms after mindfulness
meditation training is consistent with recent meta-analyses
reported by [3, 64].

Short-term meditation training yielded lowered acute
feelings of tension at the time of scanning in our study.
Likewise, our results emulate previous reports on the effects
of meditation on well-being in anxiety trait and depression
self-reports [65].

4.2.3. Implication for Acute Effects and Plasticity Induction
during Supporting Therapeutic Efficacy of Meditation. The
reported beneficial effects of mindfulness meditation for the
treatment of emotional dysregulation in major depression
and other affective disorders led us to hypothesize longitu-
dinal changes in the RSFC. Changes in self-reports suggest
that meditation training are very well in accordance with
enduring changes in brain function as found in the literature
and also in our study [66, 67]. In this sense, the longitudinal
observation of RSFC decreases is very well in line with
cross-sectional observations of altered functional responses
[25] and RS connectivity, especially in the DMN. As one
key region mediating depression-related symptoms, pgACC
showed a longitudinal reduction in its connectivity with the
PCC/precuneus region and conversely increased its connec-
tivity with the right IPL. Such a reduction of intrinsic connec-
tivity betweenpgACCand the posteriorDMNcomponents in
precuneus would indeed reflect the expected directionality of
connectivity changes if a hyperconnectivity within DMN in
major depressive disorder (MDD), being considered a target
of the antidepressant efficacy of meditation training. Sheline
and colleagues [20] reported that such hyperconnectivity
in the DMN exists for MDD; and, in their study, they
highlighted the importance of abnormal hyperconnectivity of
a “dorsal nexus.”Quite consistently, we also found a reduction
of connectivity between pgACC and dmPFC, close to the
previously reported dorsal nexus region. That such changes
of RSFC after interventions of antidepressant action can
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also be observed in healthy subjects was recently supported
by a finding from Scheidegger and colleagues [68], who
showed that, similar to our finding, a connectivity decrease of
anterior and posterior DMN components, located in pgACC
and PCC, was observed after 24 hrs of ketamine injection,
mirroring the substances’ maximum antidepressant effects
in patients. In other words, the neuronal effects observed
after 40 days of meditation, which was shown to affect
depression-related psychometry, also reduced connectivity
in a network that is hyperconnected in MDD, and, given
the predominance of pgACC findings, this further suggests
some specificity given the overall role of its dysfunction and
abnormal connectivity in depression [29].

Longitudinal meditation training effects on functional
connectivity are expected to be subserved by acute medi-
tation effects when compared to resting conditions. Similar
to the observed longitudinal reduction of RSFC between
anterior and posterior DMN components we found an
opposite pattern of connectivity changes from rest for pgACC
compared to lateral and medial parietal DMN subcompo-
nents. At the same time, the frontal DMN subcomponents
seemed to aggregate as indicated by the increased RSFC
between pgACC and dmPFC during meditation. Next to
within-network connectivities our results showed conver-
gence of state (between conditions) and trait (between time
points) effects on the alteration of the functional connectivity
between pgACC and right TPJ. Here increased connectivities
between these two regions would be in line with functional
role of TPJ in reorienting of attention [69]. In the meditation
technique applied here, both focused attention and open
monitoring aspects were combined.While increased pgACC-
TPJ connectivity very well fits together with an improvement
of open monitoring behavior such as “present moment
awareness,” it would equally well fit into potential antide-
pressant efficacy reversing narrowed or biased attention
[30], although we did not include a direct measure of such
behavioral effects.

When investigating the effects on the attention mainte-
nance network [27], dACC was found to exert a reduced
connectivity with its functional counterpart in the AI in
MS compared to RS (Figure 2(b)). Previous studies reported
insula activity duringmeditation [12] and anatomical changes
in terms of increased gray matter [70, 71]. The dACC region
was however not found to show increased gray matter
in either study. This structural distinction of subregions
with and without volumetric differences within the cingulo-
opercular network would be in line with our structural
decoupling during meditation. In the literature there are also
findings of increases in dACC activity, especially in expert
meditators [72] and recent investigations of focused breath-
ing versus mind wandering reported increased activation in
both dACC and AI [36]. When interpreting our findings in
line with functional involvements of dACC and AI, next to
specifications of the explicit study design, one also has to
acknowledge that one region can be part of several networks.
This is especially true for AI, which next to its involvement in
focused attention, together with dACC, is activated together
with MPFC during self-referential conditions and further
plays an important role in orchestrating different networks

[73]. In contrast to the observed decoupling of AI and
dACC in our seed-based analysis, the finding of reduced
correlation with the DMN independent components of these
two regions appears within a general observation of reduced
IC connectivity in all task-positive regions (Figure 5). Here
dACC and AI both showed similar effects of functional
decoupling with DMN as an effect of differentiated task
behavior during meditation, which however does not imply
that theywere necessarily anymore functionally coupled.The
differential effects on dACC and AI are also supported by the
local metrics of the ReHo analysis.

Here, the comparison between RS and MS conditions
revealed increased ReHo during MS in the MPFC and the
dACC and subcortical regions but not in insula cortices.
Since this is the first paper to our knowledge to apply ReHo
measures to resting or active states in meditators, we cannot
directly relate our observations to other findings. When
trying to relate changes of temporal synchrony [62] to cross-
sectional changes in patient populations, one likewise has to
acknowledge that for MPFC both increases and decreases
have been reported. While decreases have been for MPFC
and ACC in depression [74], but also social anxiety [75] or
Alzheimer disease [76], a recent study in bipolar depression
rather indicated an increase inMPFCReHo [74]. If indeed the
functional distinction in increased versus decreased ReHo
in bipolar versus MDD patients would mirror functional
states that also discern rest versus active meditation, this
would need to be subject to future investigations targeting the
specificity and the physiological meaning of this observation.
One important addition to the other connectivity-based
findings is however provided by altered ReHo in putamen.
This structure has been repeatedly reported in meditation
studies [14, 77–80] but, distinct from the other main regions
frequently reported, was not revealed by our connectivity
analyses.

4.3. Strengths and Limitations of the Current Study. Mind-
fulness meditation and its neural correlates have been inves-
tigated in several studies [36, 81] by means of block-design
fMRI. A limitation of such a design is that meditation is
difficult to perform with a short on-and-off period (30–
45 sec), especially for novice meditators. This limitation
also results from the GLM itself, in which a longer epoch
will decrease the design efficiency. However, the study of
Bærentsen et al., 2010, investigated continuous meditation
by means of fMRI. They performed both SPM GLM and
ICA on continuous meditation and focused on the difference
between the meditation onset period and the maintained
state of meditation.

Onemay argue that independent component comparison
still would best be performed for components identified
across all conditions. In our case, however, similar to Har-
rison et al., 2008, who used a continuous sad mood induc-
tion paradigm compared to RS, we decided to decompose
independent components for both conditions separately, also
following the method of Calhoun et al., 2008, who used
ICASSO to insure ICA stability.

As we did not recruit a control group, our findings cannot
be causally attributed solely to mindfulness meditation so
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this will be important improvement for future directions of
further investigation.

Moreover, the small sample size, due to discarding of
incomplete subjects and imaging artifacts due to motion
inside the scanner, limits the generalizability of findings. An
increased sample size will increase the statistical power in a
future study.

At baseline, the CES-D score of our sample slightly
surpassed the clinical cutoff for depression (CES-D > 16),
which could be a potential selection bias. Despite a negative
diagnosis of depression based on a personal interview, some
of the participants may have had a subclinical depression.
In this aspect, our sample may still be representative of the
general population due to the high prevalence of subclini-
cal depression in general population; however inference to
entirely healthy population is limited.

In our present study we did not collect physiological data.
Future studies might consider inclusion of certain parame-
ters, such as heart rate, breath rate, and respiration amplitude.
High-frequency heart rate variability (HF-HRV) which is a
measure of parasympathetic nervous system output that has
been associated with enhanced self-regulation [80] would
be of particular interest. Since meditation has been shown
to increase HF-HRV, this might serve as a biomarker for
meditation training-related effects. Recent findings however
also suggest a direct relationship especially betweenHF-HRV
andRSFCof, for example, cingulate regions [82], so that func-
tional interpretation of connectivity changes could thus be
directly related to autonomous nervous system tone. Further
studies on MDD and other affective disorders may help to
clarify the actual role of these changes in emotional regulation
after short-term meditation, as well as its therapeutic effects.

5. Conclusion

Wewere able to show that the 40-daymindfulnessmeditation
training resulted not only in amelioration of depression-
related symptoms but also in changes inwhole brain networks
towards connectivity states usually found when comparing
healthy controls to MDD patients in clinical studies. These
longitudinal changes were in part mirrored in short-term
effects when directly comparing RS and MS. This was
especially evident in the involvement of the temporoparietal
junction and its connectivity to anterior cingulate cortex,
demonstrating cross-network interaction. Within-network
consistency was most strongly affected in the DMN where
anterior and posterior subcomponents segregated both lon-
gitudinally and in direct comparison of MS and RS. In par-
ticular effects in dACC which also showed altered local fluc-
tuations duringMS and in consequence strongest decoupling
fromDMNindirect comparison toRS spatially overlapwith a
network related to attentionmaintenance [27]; however indi-
vidual analysis steps revealed variable cluster locations within
anatomical boundaries of themidcingulate cortex.These net-
work effects were in part paralleled by observations of altered
local fluctuations, which further supported distinct effects
in subregions of the salience network, as also supported by
reduced connectivity between insula and dACC. Finally we
could again identify the putamen as an important subcortical

region during meditation, characterized by increased local
synchronization of signal variations. Critically, our results
may provide insight into the brain circuits that potentially
subserve the plastic antidepressant effects of mindfulness
meditation training.
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[35] S. Krüger, D. Seminowicz, K. Goldapple, S. H. Kennedy, and
H. S. Mayberg, “State and trait influences on mood regulation
in bipolar disorder: blood flow differences with an acute mood
challenge,” Biological Psychiatry, vol. 54, no. 11, pp. 1274–1283,
2003.

[36] J. Dickenson, E. T. Berkman, J. Arch, and M. D. Lieberman,
“Neural correlates of focused attention during a brief mindful-
ness induction,” Social Cognitive and Affective Neuroscience, vol.
8, no. 1, pp. 40–47, 2013.

[37] S. M. Smith, K. L. Miller, G. Salimi-Khorshidi et al., “Network
modelling methods for FMRI,” NeuroImage, vol. 54, no. 2, pp.
875–891, 2011.

[38] B. Zhang, M. Li, W. Qin et al., “Altered functional connectivity
density in major depressive disorder at rest,” European Archives
of Psychiatry and Clinical Neuroscience, 2015.

[39] J. D. Kendall and M. G. Gibbons, Rank Correlation Methods,
Edward Arnold, London, UK, 5th edition, 1990.

[40] Z. Yao, L. Wang, Q. Lu, H. Liu, and G. Teng, “Regional homo-
geneity in depression and its relationship with separate depres-
sive symptom clusters: a resting-state fMRI study,” Journal of
Affective Disorders, vol. 115, no. 3, pp. 430–438, 2009.



Neural Plasticity 13

[41] Z. Liu, C. Xu, Y. Xu et al., “Decreased regional homogeneity in
insula and cerebellum: a resting-state fMRI study in patients
with major depression and subjects at high risk for major
depression,” Psychiatry Research—Neuroimaging, vol. 182, no. 3,
pp. 211–215, 2010.

[42] M.-J. van Tol, L. R. Demenescu, N. J. A. van der Wee et al.,
“Functional magnetic resonance imaging correlates of emo-
tional word encoding and recognition in depression and anxiety
disorders,” Biological Psychiatry, vol. 71, no. 7, pp. 593–602, 2012.

[43] R. A. Baer, “Mindfulness training as a clinical intervention: a
conceptual and empirical review,” Clinical Psychology: Science
and Practice, vol. 10, no. 2, pp. 125–143, 2006.

[44] J. Kabat-Zinn, Full Catastrophe Living: Using theWisdomof Your
Body andMind to Face Stress, Pain, and Illness, RevUpdEdition,
Bantam, New York, NY, USA, 1990.

[45] S. C. Hayes, J. B. Luoma, F. W. Bond, A. Masuda, and J. Lillis,
“Acceptance and commitment therapy: model, processes and
outcomes,” Behaviour Research and Therapy, vol. 44, no. 1, pp.
1–25, 2006.

[46] E. Andrade, C. Arce, J. Torrado, J. Garrido, C. De Francisco, and
I. Arce, “Factor structure and invariance of the POMS mood
state questionnaire in Spanish,” Spanish Journal of Psychology,
vol. 13, no. 1, pp. 444–452, 2010.

[47] D. M. McNair, M. Lorr, and L. F. Droppleman, Manual for
the Profile of Mood States, Educational and Industrial Testing
Service, San Diego, Calif, USA, 1971.

[48] L. S. Radloff, “The CES-D scale: a self-report depression scale
for research in the general population,” Applied Psychological
Measurement, vol. 1, no. 3, pp. 385–401, 1977.

[49] C. D. Spielberger, R. L. Gorssuch, P. R. Lushene, P. R. Vagg,
and G. A. Jacobs, Manual for the State-Trait Anxiety Inventory,
Consulting Psychologists Press, 1983.

[50] S. M. Smith, M. Jenkinson, M. W. Woolrich et al., “Advances in
functional and structural MR image analysis and implementa-
tion as FSL,” NeuroImage, vol. 23, supplement 1, pp. S208–S219,
2004.

[51] C.-G. Yan and Y.-F. Zang, “DPARSF: a MATLAB toolbox for
‘pipeline’ data analysis of resting-state fMRI,”Frontiers in System
Neuroscience, vol. 4, article 13, 2010.

[52] B. Biswal, F. Zerrin Yetkin, V. M. Haughton, and J. S. Hyde,
“Functional connectivity in the motor cortex of resting human
brain using echo-planarMRI,”Magnetic Resonance inMedicine,
vol. 34, no. 4, pp. 537–541, 1995.

[53] M. J. Lowe, B. J. Mock, and J. A. Sorenson, “Functional con-
nectivity in single and multislice echoplanar imaging using
resting-state fluctuations,”NeuroImage, vol. 7, no. 2, pp. 119–132,
1998.

[54] K. Murphy, R. M. Birn, D. A. Handwerker, T. B. Jones, and P. A.
Bandettini, “The impact of global signal regression on resting
state correlations: are anti-correlated networks introduced?”
NeuroImage, vol. 44, no. 3, pp. 893–905, 2009.

[55] J. L. Price and W. C. Drevets, “Neurocircuitry of mood dis-
orders,” Neuropsychopharmacology, vol. 35, no. 1, pp. 192–216,
2010.

[56] A. Lord, D. Horn, M. Breakspear, and M. Walter, “Changes in
community structure of resting state functional connectivity in
unipolar depression,” PLoS ONE, vol. 7, no. 8, Article ID e41282,
2012.

[57] V. D. Calhoun, T. Adali, G. D. Pearlson, and J. J. Pekar, “A
method for making group inferences from functional MRI data
using independent component analysis,” Human Brain Map-
ping, vol. 14, no. 3, pp. 140–151, 2001.

[58] S. Chen, T. J. Ross, W. Zhan et al., “Group independent com-
ponent analysis reveals consistent resting-state networks across
multiple sessions,” Brain Research, vol. 1239, pp. 141–151, 2008.

[59] V. D. Calhoun, K. A. Kiehl, and G. D. Pearlson, “Modulation of
temporally coherent brain networks estimated using ICA at rest
and during cognitive tasks,”Human Brain Mapping, vol. 29, no.
7, pp. 828–838, 2008.

[60] B. J. Harrison, J. Pujol, H. Ortiz, A. Fornito, C. Pantelis, and M.
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Alzheimer’s disease (AD) is themost common form of dementia in elderly people. It is an irreversible and progressive brain disease.
In this paper, we utilized diffusion-weighted imaging (DWI) to detect abnormal topological organization of white matter (WM)
structural networks. We compared the differences between WM connectivity characteristics at global, regional, and local levels
in 26 patients with probable AD and 16 normal control (NC) elderly subjects, using connectivity networks constructed with the
diffusion tensor imaging (DTI) model and the high angular resolution diffusion imaging (HARDI) model, respectively. At the
global level, we found that the WM structural networks of both AD and NC groups had a small-world topology; however, the AD
group showed a significant decrease in both global and local efficiency, but an increase in clustering coefficient and the average
shortest path length. We further found that the AD patients had significantly decreased nodal efficiency at the regional level, as
well as weaker connections in multiple local cortical and subcortical regions, such as precuneus, temporal lobe, hippocampus, and
thalamus. The HARDI model was found to be more advantageous than the DTI model, as it was more sensitive to the deficiencies
in AD at all of the three levels.

1. Introduction

Alzheimer’s disease (AD) is the most common form of
dementia in elderly people and is characterized by chronic
cortical atrophy and neurodegeneration, resulting in behav-
ioral changes, loss of memory and language function, and
general cognitive decline [1]. It is an irreversible and progres-
sive brain disease and usually diagnosed in people older than
65. Nearly 36 million people worldwide are affected by AD,
with 5.2 million alone just in the United States [2].

Tau and amyloid beta (A𝛽) in cerebrospinal fluid are
considered to be reliable biomarkers of AD [3]. However,
the invasiveness, cost, and availability associated with the
measurement of these quantities are significant drawbacks.

On the other hand, magnetic resonance imaging (MRI)
has been widely recognized as a noninvasive means for
neurodiagnosis and disease staging. Previous studies using
T1-weighted structural MRI revealed AD-induced gray mat-
ter (GM) atrophy in multiple brain regions, including the
hippocampal and entorhinal cortices [4, 5], the temporal and
cingulate gyri, the precunei, the insular cortices, the caudate
nuclei, the frontal cortices [6], the sensorimotor cortices, the
occipital poles, the cerebellum, and the medial thalami [7].

On the other hand, diffusion-weighted magnetic reso-
nance imaging (DWI) [8] can recover the local profile of
water diffusion in tissue, yielding information on white mat-
ter (WM) integrity and connectivity that is not available from
standard structural MRI. Specifically, tractography methods
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[9, 10] can be used to fit continuous streamlines through
directional diffusion data at each voxel for reconstructing
WM fiber tracts. With the obtained tractography, WM
integrity can be analyzedwith both region-of-interest- (ROI-)
based analysis, for example, tract-based spatial statistics
(TBSS) [11] and fiber clustering [12, 13], and parcellation-
based connectome analysis [14].

WM abnormalities in AD were reported in previous
studies. Liu et al. [15] performed voxelwise TBSS to compare
fractional anisotropy (FA) between the AD patients and the
healthy controls.MultipleWM tracts, such as parahippocam-
pal WM, cingulum, uncinate fasciculus, inferior and supe-
rior longitudinal fasciculus, and corpus callosum, showed
decreased FA in the AD group. Jin et al. [16] used the
tract-based clustering method to relate fornix degeneration
to cognitive decline in AD with various diffusion-derived
measures. Mean diffusivity (MD) was shown to be more sen-
sitive to the group difference among AD and normal controls
than FA did. Li et al. [17] proposed a spectral diffusional
connectivity framework to explore the connectivity deficit in
AD.The framework was based on studying eigenvalues of the
Laplacianmatrix of the diffusion tensor field at the voxel level.
The peaks of the diffusional connectivity spectra were shifted
in the AD group compared to the normal controls that did
not shift. Daianu et al. [18] found widespread breakdown in
AD in the 68-ROI based connectivity networks with multiple
connectivity metrics on the “𝑘-core” structure.

Importantly, WM tracts can be used to form the connec-
tivity networks that give comprehensive pictures of interac-
tions between different brain regions. A WM connectivity
network can be described mathematically as a graph consist-
ing of (1) a collection of nodes, representing the ROIs and
(2) a set of edges between nodes, describing the connections
(e.g., fiber counts) between ROI pairs.The characteristics of a
connectivity network can be described using metrics at three
hierarchical levels: global, regional, and local.

The stability of connectivity networks is influenced by
multiple factors, including field strength [19, 20], scanners
[21], imaging acquisition parameters [22], and tractography
parameters [23]. Zhan et al. [24] compared several trac-
tography and feature extraction methods in relation to AD
diagnostic accuracy. Among these factors, the choice of
diffusionmodels is found to be themost influential.Themost
commonly used approach, namely, diffusion tensor imaging
(DTI), is based on the Gaussian assumption of water diffu-
sion.This approach works well in regions with unidirectional
fiber bundles, but this model may fail in regions with
fiber crossings, which may introduce tractography errors in
these regions. To address this issue, advancedmodels for high
angular resolution diffusion imaging (HARDI) were pro-
posed to estimate orientation distribution functions (ODF)
[25, 26] at each voxel. By detecting the peaks (i.e., local
maxima) of the ODF, one can then infer the number of
directions contained in each voxel.

In this study, we investigate the global, regional, and local
changes of whole-brain connectivity networks in AD patients
in comparison to healthy elderly subjects. DTI and HARDI
models are used to construct two different sets of connectivity
networks for comparison. Such a systematic network analysis

at multiple levels on AD, to our knowledge, has not been
attempted previously.

2. Methods

2.1. Participant Recruitment. This study involved 26 patients
who were diagnosed with probable AD at the Alzheimer’s
Disease and Related Disorders Center (ADRDC) in the
tertiary hospital of Shanghai Mental Health Center (SMHC)
at Shanghai Jiao Tong University School of Medicine. 16
cognitively healthy elderly subjects from the community of
Shanghai Chang Ning district were included as the normal
control (NC) group. Subjects were enrolled via self-referral or
referral from families or physicians.The study was conducted
from May 2011 to May 2012 at ADRDC. The SMHC Institu-
tion’s Ethical Committee approved the consent form and the
study protocol. The study was carried out in accordance with
the Declaration of Helsinki. Informed consent was obtained
from all subjects and/or their legal guardians.

The ages of the AD subjects enrolled ranged from 50s to
90s. Prior to enrollment, patients provided their medical his-
tory and were given physical and neurological examinations,
laboratory tests, and both T1-weighted and fluid-attenuated
inversion recovery (FLAIR) MRI scans. Enrollment criteria
included (1) the National Institute of Neurological and Com-
municative Disorders and Stroke/Alzheimer’s Disease and
Related Disorder Association (NINCDS/ADRDA) criteria
for probable AD [27]; (2) the Diagnostic and Statistical
Manual for Mental Disorders, 4th edition (DSM-IV) criteria
for the Alzheimer’s dementia; (3) a Hachinski Ischemia Score
less than 4; (4) the systolic blood pressure between 95 and
160 and the diastolic blood pressure between 60 and 95; (5)
identification of a responsible and consistent caregiver; (6)
absence of diabetes, renal impairment, significant systemic
conditions, psychiatric disorders, seizures, or traumatic brain
injuries that could compromise their cognitive or brain
functions; (7) significant brain abnormalities on the patient’s
T1-weighted MRI; (8) clinical score requirements. In the
Chinese version of the Mini-Mental Status Exam (MMSE)
[28], there are three cut-off thresholds for AD diagnosis
according to education levels: (1) AD subjects who had not
been educated exhibited MMSE scores <18; (2) those with
elementary school education exhibitedMMSE scores <21; (3)
those with higher than middle school education exhibited
MMSE scores<25.TheClinicalDementia Rating (CDR) scale
[29] was equal or more than 1.

The NC group was cognitively functioning healthy indi-
viduals. The NC group did not have any history of cognitive
decline, neurological disorders, or uncontrolled systemic
medical disorders. Their CDR scales were equal to 0. All
subjects in the study were required to have fewer than two
lacunar ischemia strokes (of diameter <1 cm) in the brain, as
revealed by FLAIR.

The demography and clinical scores for the AD group and
the NC group are listed in Table 1. No significant differences
between the two groups were observed in age or education.
The differencewas observed in gender. However, the effects of
gender, age, education level, and brain sizewould be regressed
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Table 1: The demography and clinical scores of the subjects in the
study. The 𝑝 values are based on the two-sample 𝑡-tests except the
gender. The gender ratio was examined by the Chi-squared test.

NC (𝑛 = 16) AD (𝑛 = 26) 𝑝 value
Age (years) 70.1 ± 7.5 69.5 ± 7.1 0.81
Male/female 11/5 8/18 0.03
Education (years) 10.6 ± 3.2 10.4 ± 3.9 0.91
CDR 0.0 ± 0.0 2.0 ± 0.7 <0.001
MMSE 25.3 ± 3.6 15.2 ± 6.5 <0.001

out in our analysis. As expected, the group difference was
observed in the MMSE (𝑝 < 0.001) and CDR scores (𝑝 <
0.001).

2.2. MR Image Acquisition. MRI images were scanned with a
Siemens MAGNETOM VERIO 3T scanner at SMHC. T1-
weighted images were obtained with 128 sagittal slices using
the 3D magnetization prepared rapid acquisition gradient
echo (MPRAGE) sequencewith the following parameters: TR
= 2,530ms, TE= 3.39ms, flip angle = 7∘, and spatial resolution
= 1 × 1 × 1.3mm3, and the acquisition time was 8 minutes 7
seconds. The DWI images were acquired with 75 axial slices
by using an echo planar imaging (EPI) sequence that covered
the whole brain. The acquisition parameters were as follows:
TR = 10,000ms, TE = 91ms, and spatial resolution = 2 ×
2 × 2mm3. A total volume of 62 directions was acquired,
where two volumes were without diffusion gradient (𝑏 =
0) and the rest 60 volumes were with diffusion gradient of
𝑏 = 1,000 s/mm2. The acquisition time was 5 minutes and 42
seconds.

2.3. Image Preprocessing. T1-weighted images were first
resampled to be 1mm isotropic, intensity inhomogeneity
corrected [30], and skull stripped to remove nonbrain tissues
[31]. The resulting images were then tissue segmented to
separate GM, WM, and cerebrospinal fluid (CSF) with FSL
FAST (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/). DWI images
were skull stripped and then corrected for eddy-current
induced distortion with FSL. FA and MD images were then
extracted from DWI data after diffusion tensor fitting.

2.4. Network Construction. Whole-brain tractography was
performed with both DTI and HARDI models. For DTI, the
diffusion tensors were fitted to the data using a weighted-
least-squares estimation algorithm and the eigenvector of
the largest eigenvalue was taken as the principal diffusion
direction [32]. Seed points were chosen as voxels with FA >
0.3. The maximum turning angle was set to 45∘ and tracking
was stopped when FA < 0.2. The allowed fiber length
was at minimum, 20mm, and at maximum, 300mm. For
HARDI, ODFs were estimated with dictionary-based spher-
ical deconvolution [26]. A maximum of three peaks were
detected from the ODF at each voxel [26]. Four seeds were
randomly sampled within each seed voxel. The criteria of
fiber tracking were the same for both methods. The resulting

tractography was manually visualized and checked in Par-
aView (Kitware, http://www.paraview.org/).

TheAutomatedAnatomical Labeling (AAL) template [33]
is a widely used high-resolution T1-weighted brain parcella-
tion based on a single adult subject, which includes 90 cortical
and subcortical brain regions for the cerebrum. The names
and abbreviations of these 90 ROIs are listed in Table 2. First,
we nonlinearly registered the AAL template to each subject’s
segmented T1-weighted image using HAMMER [34]. Then,
the T1-weighted image was rigidly aligned to the FA image.
The original 90 ROIs of the AAL template were transferred
to each individual’s DWI space using the deformation fields
and the affine transformation matrix generated during the
registration step. These ROIs were used as nodes in the
connectivity network for each subject.

Two ROIs were considered anatomically connected, if
there were fibers traversing them. In the network, the edge,
connecting the nodes representing these two ROIs, was
defined as the number of fibers connecting them. Two ROIs
were considered connected if there were no less than four
fibers between them, which has been proven effective to
reduce false-positive connections [35–37]. As a result, the
WM connectivity network, represented by a symmetric 90 ×
90matrix, was constructed for each subject.The network was
weighted and undirected.

2.5. Multilevel Network Measures. Three hierarchical levels
(global, regional, and local) of complex network measures
were used to compare the measures of connectivity networks
constructed in Section 2.4 between the AD group and the NC
group.Themeasures were calculated with the GRETNA tool-
box (https://www.nitrc.org/projects/gretna/). For a detailed
review of those measures, please see [38].

2.5.1. Global Measures. Global and local network efficiencies
are used to describe global and local characteristics of parallel
information transfer in a network. Global network efficiency
quantifies the exchange of information across the entire brain:

𝐸glob =
1

𝑁 (𝑁 − 1)

𝑁

∑
𝑖=1

𝑁

∑
𝑗=1,𝑗 ̸=𝑖

1

𝐿
𝑖𝑗

, (1)

where 𝐿
𝑖𝑗
is the shortest absolute path length between node

𝑖 and node 𝑗.𝑁 is the total number of nodes. Similarly, local
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where 𝐺
𝑖
is a subgraph comprising nodes directly connected

to node 𝑖, and 𝑁
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is the node number of the subgraph 𝐺
𝑖
.

Therefore, the average local network efficiency for the whole
brain is 𝐸loc = (1/𝑁)∑

𝑁

𝑖=1

𝐸𝑖loc.
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Table 2: Names and abbreviations of the 90 ROIs defined in the AAL template.

Index∗ Region Abbreviation
1, 2 Precentral gyrus PreCG
3, 4 Superior frontal gyrus (dorsal) SFGdor
5, 6 Orbitofrontal cortex (superior) ORBsupb
7, 8 Middle frontal gyrus MFG
9, 10 Orbitofrontal cortex (middle) ORBmid
11, 12 Inferior frontal gyrus (opercular) IFGoperc
13, 14 Inferior frontal gyrus (triangular) IFGtriang
15, 16 Orbitofrontal cortex (inferior) ORBinf
17, 18 Rolandic operculum ROL
19, 20 Supplementary motor area SMA
21, 22 Olfactory OLF
23, 24 Superior frontal gyrus (medial) SFGmed
25, 26 Orbitofrontal cortex (medial) ORBmed
27, 28 Rectus gyrus REC
29, 30 Insula INS
31, 32 Anterior cingulate gyrus ACG
33, 34 Middle cingulate gyrus MCG
35, 36 Posterior cingulate gyrus PCG
37, 38 Hippocampus HIP
39, 40 Parahippocampal gyrus PHG
41, 42 Amygdala AMYG
43, 44 Calcarine CAL
45, 46 Cuneus CUN
47, 48 Lingual gyrus LING
49, 50 Superior occipital gyrus SOG
51, 52 Middle occipital gyrus MOG
53, 54 Inferior occipital gyrus IOG
55, 56 Fusiform gyrus FFG
57, 58 Postcentral gyrus PoCG
59, 60 Superior parietal gyrus SPG
61, 62 Inferior parietal lobule IPL
63, 64 Supramarginal gyrus SMG
65, 66 Angular gyrus ANG
67, 68 Precuneus PCUN
69, 70 Paracentral lobule PCL
71, 72 Caudate CAU
73, 74 Putamen PUT
75, 76 Pallidum PAL
77, 78 Thalamus THA
79, 80 Heschl gyrus HES
81, 82 Superior temporal gyrus STG
83, 84 Temporal pole (superior) TPOsup
85, 86 Middle temporal gyrus MTG
87, 88 Temporal pole (middle) TPOmid
89, 90 Inferior temporal ITG
∗The odd and even indices indicate the regions in the left and right hemispheres, respectively.
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Figure 1: Directional glyphs at the intersection of the left corticospinal tract and the corpus callosum given by (a) the DTI method and (b)
the HARDI method.

The global clustering coefficient gives an overall indica-
tion of clustering in a network. It is the average of absolute
local clustering coefficients of all nodes:

𝐶 =
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where 𝐶
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is the local clustering coefficient for node 𝑖, 𝐸
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of node 𝑖, and
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denotes the number of nodes in 𝐺

𝑖
. In other words, 𝐶

𝑖

is the proportion of edges between the nodes within the
neighborhood of node 𝑖 divided by the number of edges that
could possibly exist between them. In addition, the average
shortest path length of the network is defined as
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The human brain exhibits the “small-world” property charac-
terized by dense local clustering between neighboring nodes
and high global network efficiency with short path lengths
due to the existence of relatively few long-range connections
[39–41]. Mathematically, it can be represented by the ratio of
the normalized global clustering coefficient 𝛾 = 𝐶real/𝐶rand

to the normalized shortest path length 𝜆 = 𝐿real/𝐿rand, where
𝐶rand and 𝐿rand are the global clustering coefficient and the
normalized shortest path length of a random network. A
random network was simulated by iteratively rewiring 50%
pairs of random edges of the existing brain network for 1,000
times. Then, small-worldness can be measured as 𝜎 = 𝛾/𝜆
[42] and it should be greater than 1 if the graph demonstrates
the small-world property.

2.5.2. Regional Measures. Thenodal efficiency was computed
to represent the regional characteristics of a network. The
nodal efficiency 𝐸

𝑖
is defined as

𝐸
𝑖
=
1

𝑁 − 1
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∑
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1

𝐿
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where 𝐿
𝑖𝑗
is the shortest path length between node 𝑖 and

node 𝑗. Therefore, 𝐸
𝑖
measures the overall information flow

between a given node 𝑖 and the rest of the nodes in the
network. The node 𝑖 is defined as a hub if 𝐸

𝑖
is at least 1

standard deviation (SD) above the average nodal efficiency
of the network.

2.5.3. Local Measures. The network edges, that is, the fiber
counts between each pair of ROIs, were directly used to
describe the local characteristics of a network.

2.6. Statistical Analysis. The nonparametric permutation test
was used to evaluate statistical differences of brain network
properties between the AD and NC groups. First, linear
regression was performed on all the network measures at
global, regional, and local levels (described in Section 2.5),
respectively, with age, gender, level of education, and intracra-
nial volume (ICV) as covariates. Then, after removing those
factors on the measures, the regressed measures were per-
muted 5,000 times to assess the statistical significance of the
differences [36]. The significance level was set as 𝑝 < 0.05,
with false discovery rate (FDR) [43] for multiple comparison
correction. To compare the performance between the DTI
andHARDImethods, the same analysis was performed to the
networks constructed by each method, respectively.

3. Results

3.1. DTI versus HARDI. We compared the DTI and HARDI
networks, in terms of their ability, to distinguish the AD
group from the NC group. Figure 1 shows that HARDI
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Figure 2: Tractography results based on a seed ROI at the brain stem with (a) the DTI method and (b) the HARDI method.
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Figure 3: The 90 × 90 connectivity matrices built with the DTI method and the HARDI method, respectively. The right panel shows the
binary difference between the left two matrices for a selected subject, where the entries with +1 denote connections detected by HARDI but
not DTI, and −1 for connections detected by DTI but not HARDI.

method can handle fiber crossings in the intersection
between the left corticospinal tract and the corpus callosum.
The DTI method, on the other hand, was not able to do so.
Figure 2 shows the tractography results based on a seed ROI
near the brain stem.TheHARDImethod was able to produce
significantly more fibers than the DTI method.

Figure 3 shows the 90 × 90 connectivity matrices (≥4
fiber connections) with both DTI and HARDI methods
from a randomly selected subject in our dataset. The binary
difference between the two matrices is also shown, where
the entries with +1 denote connections detected by HARDI
but not DTI, and −1 for connections detected by DTI
but not HARDI. For this selected subject, the meaningful
connections (≥4 fiber connections) account for 38% and 52%
out of the total connections forDTI andHARDI, respectively.
From the difference map in the right panel of Figure 3, it is
obvious that more connections can be detected with HARDI
compared to DTI.

3.2. Global Characteristics. Both the NC and the AD groups
showed small-world organization (𝜎 > 1) in their networks.

The AD networks actually showed higher small-worldness
than the NC networks did, in both DTI and HARDI cases
(𝜎AD > 𝜎NC). In both cases, the AD group, when compared
to the NC group, showed decreases in global efficiency and
local efficiency but increases in the normalized shortest path
length (𝜆) and the normalized clustering coefficient (𝛾). Also,
all results given by the HARDI method were statistically
significant (𝑝 < 0.05), while most results by the DTI method
were not, except global efficiency. Table 3 lists the values of
these measures for the AD and NC groups by both the DTI
and HARDI methods.

3.3. Regional Characteristics. An ROI is defined as a network
hub, if its nodal efficiency is 1 SD greater than themean nodal
efficiency of the network. For the HARDI case, we identified
20 hub nodes in the NC group, including 6 association
cortical regions, 13 paralimbic cortical regions, and 1 primary
cortical region. Only 16 hub nodes were identified in the
AD group, including 5 association regions and 11 paralimbic
regions. In both groups, 12 ROIs were identified as hubs
in common, including the bilateral superior frontal gyri,
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Table 3: The comparison of the global connectivity characteristics between the AD and the NC groups with the DTI and HARDI models,
respectively.

𝐸glob 𝐸loc 𝛾 𝜆 𝜎

DTI
AD 524 ± 93 674 ± 134 1.46 ± 0.18 1.20 ± 0.06 1.22 ± 0.11
NC 617 ± 114 748 ± 121 1.39 ± 0.12 1.16 ± 0.04 1.20 ± 0.07
Difference −93 −74 0.07 0.03 0.02
𝑝 value 0.03 0.12 0.12 0.07 0.20

HARDI
AD 426 ± 100 578 ± 126 1.66 ± 0.24 1.27 ± 0.08 1.31 ± 0.16
NC 543 ± 134 674 ± 144 1.53 ± 0.19 1.22 ± 0.06 1.25 ± 0.11
Difference −116 −95 0.14 0.05 0.06
𝑝 value 0.01 0.05 0.03 0.03 0.04

dorsolateral (SFGdor), the bilateral supplementary motor
areas (SMA), the bilateral median cingulate gyri (MCG), the
bilateral precunei (PCUN), the bilateral putamina (PUT),
and the bilateral thalami (THA). In addition, 4 ROIs, such
as the left insula (INS.L), the right caudate nucleus (CAU.R),
and the bilateral pallida (PAL), were identified as the hubs in
the AD group but not in the NC group. 8 ROIs, such as the
right medial superior frontal gyrus (SFGmed.R), the bilateral
posterior cingulate gyri (PCG), the right calcarine cortex
(CAL.R), the right cuneus (CUN.R), the bilateral superior
occipital gyri (SOG), and the left middle occipital gyrus
(MOG.L), were identified as the hubs in theNC group but not
in theADgroup. For theDTI case,most of the hubs identified
in the HARDI case were also detected.The AD group had the
exact 16 hubs as in the HARDI case, while the NC group only
had 19 hubs. The right calcarine cortex (CAL.R) and the left
middle occipital gyrus (MOG.L) were only identified in the
HARDI case for the NC group, while the left medial superior
frontal gyrus (SFGmed.L) was only identified in theDTI case.
The hub distributions in the AD and NC groups are shown in
Figure 4 for both methods.

In both DTI and HARDI cases, when compared to the
NC group, the AD group showed reduced nodal efficiency
(𝑝 < 0.05, FDR corrected) in the bilateral superior occipital
gyri (SOG), the right middle occipital gyrus (MOG.R), the
right rectus gyrus (REC.R), the left posterior cingulate gyrus
(PCG.L), the right parahippocampal gyrus (PHG.R), the
right middle temporal pole (TPOmid.R), the right inferior
occipital gyrus (IOG.R), the right fusiform gyrus (FFG.R),
the right precuneus (PCUN.R), and the bilateral cunei
(CUN). Besides all of the regions shown above, the right
posterior cingulate gyrus (PCG.R), the right calcarine cortex
(CAL.R), and the left precuneus (PCUN.L) showed the
significantly reduced nodal efficiency only in the HARDI
case, while the leftmiddle temporal pole (TPOmid.L) showed
the reduced efficiency only in the DTI. The comparison
between the ROIs that had the reduced efficiency in the two
groups for the DTI and HARDI cases is shown in Figure 5.

3.4. Local Characteristics. We utilized the fiber counts
between a pair of ROIs to measure the strength of their

connection. After performing the permutation test [36] on
each connection, the axial and the sagittal views of those
significantly different connections (𝑝 < 0.05) between
the AD group and the NC group, with the DTI and
HARDI method, are illustrated in Figure 6. Additionally, the
connectogram, a circular representation tool called Circos
(http://www.cpan.org/ports/) [44], was used to demonstrate
those connections with the two models in Figure 7. In
both figures, the stronger connections (higher fiber counts
between a pair of ROIs) in the AD group are shown in blue,
and the weaker connections (lower fiber counts between a
pair of ROIs) are in red. Particularly, the thicker the line in
Figure 7, the greater the difference in the connection between
the two groups. The identified differences in connections
spread over the entire brain. A large portion of these dif-
ferences was located in the limbic system and subcortical
regions. It is obvious that the HARDI model was able to
detect noticeablymore pairs of different connections between
the groups (30 pairs in HARDI versus 20 pairs in DTI).
For example, the connections through the left supplementary
motor area (SMA.L), the right lingual gyrus (LING.R), the
left superior parietal gyrus (SPG.L), the bilateral thalami
(THA), the left middle temporal gyrus (MTG.L), and the left
hippocampus (HIP.L) were only shown in the HARDI case.

4. Discussion

This study investigates the impact of AD on the topological
characteristics of the WM connectivity network at three
hierarchical levels, global, regional, and local level, through
tractography data reconstructed using DTI and HARDI
methods, respectively. The main findings are as follows: (1)
the global and average local network efficiency are reduced
in AD, with increased shortest path length; (2) the number
of regional hubs and nodal efficiency decreases in AD; (3)
the local connections weaken in AD; (4) the HARDI method
has an advantage over the DTI method in identifying more
abnormal network characteristics at all the three levels.

At the global level, consistent with the previous studies
[41, 45, 46], our results indicate that the WM connectivity
networks of both AD and NC have the small-world topology.
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Although the AD networks show a slightly elevated small-
world attribute, most global measures are lower in AD, com-
pared to those in NC. AD patients show significant decreases
in global efficiency and average local efficiency, but increases
in normalized shortest path length. Global efficiency and
average local efficiency are known to reflect the overall ability
of information transfer between different nodes in a network.
They are comprehensive indices for the capability of parallel
information processing. The reductions in those measures
can be attributed to the degeneration ofWM, which indicates
that connections between cortical regions are abnormal. The
less strength of connections between cortical regions is due

to the damaged WM integrity, resulting in longer pathways
that connect different regions in the brain. The breakdown
in the optimal brain balance between the local specialization
and the global integration causes information processing
to malfunction in AD. Similarly to previous studies [47],
we have also found that the normalized weighted shortest
path length increases in the AD group. Shortest path length
ensures interregional effective communication, or prompt
transfer of information between regions, which constitutes
the basis of cognitive processes [48]. The WM damage can
lead to an increase in shortest path length. Therefore, it is
likely that, in people with AD, information may flash in a
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certain brain region but fail to transmit to other regions effec-
tively to form stable memories. The normalized clustering
coefficient is a ratio of local information transfer capability
in a network to that of a random network. In AD, its increase
reflects the reinforcement of information transfer capability.
Likewise, previous studies have also found a greater clustering
coefficient and a longer absolute path length in AD, which
may indicate that the organization of the cortical network is
least optimal in AD [49].

At the regional level, several hubs identified in NC are
not shown in AD, such as precuneus (PCUN) and posterior
cingulate gyrus (PCG). These two regions also demonstrate
reduced connectivity in functionalmagnetic resonance imag-
ing (fMRI) studies in patients with amnesic mild cognitive
impairment (aMCI), a stage with high risk in developing
AD [50], which may suggest that these two regions maintain
pivotal roles in both structural and functional default mode
networks in AD [51].

The AD networks also show decreased nodal efficiency
in many cortical regions, mainly located in the bilateral
cunei (CUN), the right precuneus (PCUN.R), the bilateral
posterior cingulate gyri (PCG), the right temporal pole,
middle (TPOmid.R), and the right parahippocampal gyrus
(PHG.R). The cuneus (CUN), the precuneus (PCUN), and
the posterior cingulate gyrus (PCG) are thought to be
involved in the episodic memory information transmission
and malfunction in AD [52]. Although the degeneration of
the posterior cingulate gyrus was originally interpreted as
not being a direct consequence of degeneration in the medial
temporal lobe, recent studies have revealed that this area has
atrophy and metabolic abnormalities in incipient AD [52–
54]. In a study that examined the cingulum tract in AD, both
the anterior and posterior regions were affected [55]. The
posterior cingulate region is a key “hub” affected in AD. The

temporal pole, middle (TPOmid), and the parahippocampal
gyrus (PHG) are involved in semantic memory processing
and recognition [56] and show atrophy and neuronal loss
in AD [57, 58]. Notably, the decreased efficiency in the
temporal lobes was observed to bemainly located in the right
hemisphere. Together, the reduced nodal efficiency suggests
that possible WM degeneration in these brain regions may
negatively affect information transmission and functional
integration in AD patients.

At the local level, weaker connection (lower fiber counts)
happens predominantly in the area of the bilateral precunei
(PCUN), the right cuneus (CUN.R), the left middle temporal
gyrus (MTG.L), and left hippocampal gyrus (HIP.L). These
areas, which are mostly associated with linguistic integration,
emotion, and semantic memory [56, 59], are affected in AD
patients [57, 58]. It is worth noting that precuneus, cuneus,
and temporal lobe also show reduced nodal efficiency at the
regional level. In addition to the typicallywell-known affected
regions in AD, the right amygdala (AMYG.R) and the right
middle frontal gyrus (MFG.R) show weaker connections
as well. These regions are the structures mostly involved
in emotional processing, perceptions, psychological states,
and behavioral responses [60]. Weaker connections can
also be identified at the right thalamus (THA.R), which is
known to have a significantly reduced volume in AD [61].
Interestingly, a few regions show increased local connection
in the AD group than in the NC group, for example, the
connection between the left insula (INS.L) and left inferior
parietal lobule (IPL.L). It is possible that this may result from
the compensation to weak connections in the neighboring
regions.

Overall, the HARDI method outperforms the DTI
method in terms of differentiating AD and NC at all three
levels. At the global level, the HARDI method has more
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Table 2 for the label of each ROI.

statistical power in distinguishing the groups for all the
measures, according to the 𝑝 values in Table 3. The group
differences of all the measures are statistically significant in
the HARDI case, while most of them are not statistically
significant in the DTI case. At the regional level, the HARDI
method detects more regions with reduced nodal efficiency.
These include the bilateral posterior cingulate gyri (PCG) and
the bilateral precunei (PCUN), while the results of the DTI
method only show the unilateral deficiency of these regions.
The results from theHARDImethod aremore consistentwith
the pathology of AD, as the bilateral posterior cingulate gyri
and precunei are both associated with memory processing
and affected inAD [62, 63]. At the local level, the twomethods
show the greatest difference. The HARDI method is able to
identify 50% more of the weaker connections in AD than
the DTI method (30 pairs versus 20 pairs). This may be

because the HARDI method is able to find the correct tract
directions at the fiber crossing regions and can find more
connections in the NC group. Specifically, the left superior
parietal gyrus (SPG.L), the right thalamus (THA.R), and
the left middle temporal gyrus (MTG.L), especially the left
hippocampus (HIP.L) and the left cuneus (CUN.L), are only
found using the HARDI method. During the early onset of
AD, the superior parietal gyrus and the middle temporal
gyrus undergo neuronal loss [64]. Besides the neocortical
atrophy, subcortical structures, such as the thalamus, also
suffer atrophy and may contribute to cognitive decline and
emotion disorder in AD [65].

Fiber count is one of the most commonly used measures
in evaluating connectivity characteristics. For example, Den-
nis et al. [66] computed graph theory metrics based on the
fiber count to track changes in both structural connectivity
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Figure 7: Connectograms showing significantly different connections (𝑝 < 0.05) based on the fiber counts between the AD group and the
NC group, given (a) the DTI method and (b) the HARDI method. The thickness of each line indicates the extent of the difference between
the corresponding connections in the two groups. The stronger connections (higher fiber counts between a pair of ROIs) in the AD group
are shown in blue, while the weaker connections (lower fiber counts between a pair of ROIs) are in red. Refer to Table 2 for the label of each
ROI.

and network efficiency in young healthy individuals, while
Zhan et al. [67] developed a machine learning framework to
classify different stages of AD with fiber counts as features.
However, sometimes, fiber countmay not be a suitable feature
in connectivity studies. For instance, in [68, 69], the networks
constructedwith themean FA,MD, and fiber length provided
better performance in identifying high-risk autistic infants
than fiber count. Therefore, we will consider incorporating
other network measures in our future work since they may
provide additional insights into connectivity breakdown,
especially for the case that the fiber count based networks
cannot reveal the progression of AD.

The conventional statistical analysis on network prop-
erties is often performed in a univariate manner, that is,
pairwise comparison between groups. This might overlook
the interaction among sets of connections in group differ-
ence. On the other hand, instead of doing simple pairwise
comparison, a classification framework is able to consider all
individual connection features, as well as their relationships,
for selecting the most discriminative features for classifica-
tion [68–70]. Ensemble learning algorithm, such as random
forest, is one of this type of classification algorithms that can
be applied to identify discriminative connectivity patterns in
a multivariate manner for AD orMCI classification.This will
be our future work.

We do acknowledge that there are some limitations in this
study. Firstly, the sample size of our study is quite small. In
the future, more participants need to be recruited to increase
the statistic power of the results. Secondly, the lack of gold

standard for regional parcellationmakes the definition of ROI
not very precise, especially on the boundary. Registration
error may also play a role in this issue.Therefore, it may affect
the accuracy in the analysis of connectivity networks [71,
72]. Thirdly, the underlying biological relationship between
the network properties and the AD progression is currently
unclear. Studying the intermediate stage, for example, MCI,
may be beneficial for further understanding of the relation-
ship [73, 74]. In the future work, we will include participants
from this stage to perform a more comprehensive study on
this topic.

5. Conclusion

In summary, we performed a systematic study on the WM
connectivity comparison at three hierarchical levels (global,
regional, and local) between the two groups: the AD group
and the NC group. The analysis was conducted using trac-
tography data generated using two diffusion models (DTI
and HARDI) to evaluate the influence of tractography on
the network analysis. Globally, both the AD group and the
NC group demonstrate the small-world topology. However,
many global measures, such as global efficiency, average
local efficiency, and normalized shortest path length, were
suboptimal in the AD group. Regionally, the AD group had
the reduced number of hubs and significantly decreased
nodal efficiency in the precuneus and the temporal lobe
(the well-known atrophic regions in AD). Locally, weaker
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connections exist in these regions, as well as regions in the
limbic system and the subcortex, such as hippocampus and
thalamus.The HARDI method outperforms the DTI method
at all three levels since the advanced model in the HARDI
method can more accurately reflect the underlying complex
fiber configurations.
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Several functional connectivity approaches require the definition of a set of regions of interest (ROIs) that act as network nodes.
Different methods have been developed to define these nodes and to derive their functional and effective connections, most of
which are rather complex. Here we aim to propose a relatively simple “one-step” border detection and ROI estimation procedure
employing the fuzzy 𝑐-mean clustering algorithm. To test this procedure and to explore insular connectivity beyond the two/three-
region model currently proposed in the literature, we parcellated the insular cortex of 20 healthy right-handed volunteers scanned
in a resting state. By employing a high-dimensional functional connectivity-based clustering process, we confirmed the two patterns
of connectivity previously described. This method revealed a complex pattern of functional connectivity where the two previously
detected insular clusters are subdivided into several other networks, some of which are not commonly associated with the insular
cortex, such as the default mode network and parts of the dorsal attentional network. Furthermore, the detection of nodes was
reliable, as demonstrated by the confirmative analysis performed on a replication group of subjects.

1. Introduction

One powerful method for studying brain organization is the
graph-theoretical approach [1]. Similar to other connectivity
methods, such as seed-based functional connectivity and
diffusion-tensor-imaging approaches, this method requires
the definition of a set of regions of interest (ROIs) that act as
network nodes [2]. Several techniques have been employed to
functionally derive these nodes and their connections [3, 4].
The definition of such nodes often involves complicated func-
tional connectivity estimation and border detection proce-
dures [5]. Here, we suggest a relatively simple “one-step” bor-
der detection andROI estimation procedure. In particular, we
propose to take advantage of one of the characteristics of the
fuzzy 𝑐-mean clustering algorithm [6].This procedure allows
a fixed percentage of voxels with a borderline pattern of
connectivity to be nonunequivocally attributed. The further
we move from the centre towards the border of a cluster,

the more the characteristics of the pattern of connectivity
are intermixed with those of the neighbouring clusters (e.g.,
nonunequivocally determined). As was recently shown by
Smith et al. [7], the maximization of spatial independence
could lead to suboptimal detection of networks that share
significant spatial overlaps. Our method maximizes the
temporal independence because the criterion used in the
clustering algorithm is the correlation between the time series
of each voxel and the time series of the centre of each cluster.

Previous clustering studies [6, 8–10] performed the clus-
tering procedure at subject level. Given the relative deficiency
of time points (about 120–200 points in a six-minute run),
this procedure has good reliability only for low-dimensional
parcellation (e.g., with a limited number of clusters). In line
with other investigations [2, 11, 12], we concatenated the time
courses across all subjects to constitute a very big dataset
that allowed us to obtain a higher clustering dimensionality.
Far from representing a step backwards, this “fixed-effect”
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approach permits good estimation of a common set of
clusters (and thereby of nodes) for a given group of subjects.
Subsequently, the between-subject variance was taken into
consideration, so that each node’s functional connectivity
pattern was evaluated at the subject level and summarized
using a random-effect analysis. This method is very similar
to the dual regression approach [13], according to which the
independent component analysis (ICA) was first applied to
the concatenated dataset.

To investigate how this node detection method performs
with real data, we applied our procedure to the insular surface
of 20 healthy subjects scanned in a resting state. A second
dataset of 18 healthy volunteers was used for replication
testing. We chose the insular surface because the insula is a
complex and pivotal [14] brain area in which different inputs
from the body and the external world are highly integrated
[15]. This brain region has been parcellated by using different
measures, such as resting-state functional connectivity [8, 10,
14], task-related functional connectivity [16, 17], and diffusion
tensor imaging [18, 19], into two [8, 16, 20–23], or three
[9, 10], or more clusters [4, 5, 17, 24], each of which has a
unique pattern of connectivity. A recent paper by Kelly et al.
[25] demonstrated a convergence between resting state, task-
based functional connectivity, and anatomical coactivations
at several different parcellation levels (from two to 12 clusters
per side; with more than 12 clusters, reliability dropped by
about 50%), thus supporting a common hierarchical struc-
ture within the insular cortex.

Given these premises, it would be of great interest to
test this new node detection method in search of a resting-
state functional parcellation of the insular surface. As an
additional consideration, we suppose that high-dimensional
clustering [11] can make it possible to demonstrate the exis-
tence of a more complex pattern with “echoes” [12] of several
brain networks nested within the two main insular patterns
previously reported.

2. Methods

2.1. Main Group. Main group consists of twenty healthy
right-handed volunteers (10 females, with a mean age of
32.6 ± 11.2). Replication group comprises eighteen healthy
right-handed volunteers (nine females, with a mean age of
25.3 ± 4.2). All subjects were free of neurological or psychi-
atric conditions, were not taking any medication known to
alter brain activity, and had no history of drug or alcohol
abuse. Handedness was ascertained with the Edinburgh
Inventory [26]. We obtained written informed consent from
every subject, in accordance with the Declaration of Helsinki.
The study was approved by the institutional committee on
ethical use of human subjects at the University of Turin.

2.2. Task and Image Acquisition. Images were acquired dur-
ing a resting-state scan on a 1.5 Tesla INTERA scanner (Phil-
ips Medical Systems). Functional T2∗ weighted images were
acquired using echoplanar (EPI) sequences, with a repetition
time (TR) of 2000ms, an echo time (TE) of 50ms, and a
90∘ flip angle. The acquisition matrix was 64 × 64, with a

200mm field of view (FoV). A total of 200 volumes were
acquired, with each volume consisting of 19 axial slices;
slice thickness was 4.5mm with a 0.5mm gap, while in-
plane resolution was 3.1mm. Two scans were added at the
beginning of functional scanning to achieve steady-state
magnetization before acquiring the experimental data. A set
of three-dimensional high-resolution T

1
-weighted structural

images was acquired, using a fast field echo (FFE) sequence,
with a 25ms TR, an ultrashort TE, and a 30∘ flip angle. The
acquisition matrix was 256 × 256 and the FoV was 256mm.
The set consisted of 160 contiguous sagittal images covering
the whole brain.

2.3. Data Analysis. Datasets were preprocessed and analysed
using BrainVoyager QX software (Brain Innovation, Maas-
tricht, The Netherlands).

Functional images were preprocessed to reduce artefacts
as follows [27]: (i) slice scan time correction was performed
using a sinc interpolation algorithm; (ii) 3D motion correc-
tion was applied using a trilinear interpolation algorithm
according to which all volumes were spatially aligned to the
first volume by rigid body transformations, and the roto-
translation information was saved for subsequent elabora-
tions; (iii) spatial smoothing was performed using a Gaussian
kernel of 8mm FWHM. Several nuisance covariations were
regressed out from the time courses to control for the effects
of physiological processes, such as fluctuations related to car-
diac and respiratory cycles and motion [28–30]. Specifically,
we included nine additional covariations from white matter
(WM), global signal (GS) [31], and cerebrospinal fluid (CSF),
as well as six motion parameters. Subsequently, time courses
were temporally filtered in order to keep only frequencies
between 0.008 and 0.08Hz and normalized.

Following the preprocessing, we implemented some steps
to improve intersubject analysis of the anatomical location of
brain activations. For each subject the functional scans were
coregistered with a relatively high-resolution structural scan.
This coregistration was done using both the slice positioning
as stored in the raw data’s headers and fine adjustments
calculated comparing the intensity values of the data sets.
After this we transformed each subject’s 3D structural data
into Talairach space [32]. This was obtained by translating
and rotating the cerebrum on the plain passing through the
anterior and the posterior commissure; then, the borders of
the cerebrum were identified. The coregistration matrix of
anatomical and functional data consisted of the parameters
of rotation and translation during the coregistration step
and the parameters of Talairach normalization. Finally, by
applying the anatomical-functional coregistration matrix we
transformed into Talairach space the functional time course
of each subject and created the volume time course.

We applied a fuzzy 𝑐-mean algorithm to the time courses
of all the insular voxels and clustered these voxels on the
basis of their temporal similarity. As is typical of fuzzy
clustering techniques, a certain percentage of voxels can be
nonunivocally attributed to the parcels. The percentage of
nonunivocally attributed voxels (the fuzziness coefficient) is
an arbitrary parameter. In line with other studies [33], we
chose 20% of nonunivocally attributed voxels.
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The fuzzy clustering technique parcels out a subset of 𝑁
voxels in𝐶 “clusters” of activation [34]. Signal time courses of
all voxels were z-standardized. We subsequently confronted
the voxel’s time courses x

𝑛
(𝑛 = 1 ⋅ ⋅ ⋅ 𝑁) with each other

and derived a representative cluster of time courses (cluster
centroids) v

𝑐
(𝑐 = 1 ⋅ ⋅ ⋅ 𝐶). On the basis of this unsupervised

method, and starting from the original fMRI time series,
we got a predefined number of spatial modes, which were
composed of a spatial map and an associated centroid time
course. Accordingly, a voxel is assigned to a cluster with
reference to the similarity (e.g., by correlation) of its time
course to the cluster centroid.This similarity is determined in
a fuzzyway, whichmeans that a voxel is not uniquely assigned
to one cluster (hard clustering) because the similarity is
expressed by the “membership” 𝑢

𝑐𝑛
of voxel 𝑛 to cluster 𝑐.

Centroids v
𝑐
andmemberships 𝑢

𝑐𝑛
are both updated in an

iterative procedure [35], which terminates when successive
iterations do not further change memberships. Cluster cen-
tres are determined via classical cluster-algorithm distance
measures and are expressed as follows:

𝐶

∑

𝑐=1
𝑢
𝑐𝑛
= 1 (1)

k
𝑐
=

∑
𝑁
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1
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2/(𝑚−2) ,

(2)

where 𝑑 is the distance between a voxel and a cluster centre
and 𝑚 is the coefficient that determines the fuzziness of
the procedure; 𝑚 “tunes out” the noise in the data and lies
between 1 (smallest fuzziness) and infinity. The most com-
monly used of the several distance measures of 𝑑 are the
Euclidean distance, 𝑑

𝐸
, and the Mahalanobis distance, 𝑑

𝑀

[36], which are defined as
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(3)

Σ
𝑐
is the covariance matrix of cluster 𝑐. The Mahalanobis

distance takes in the elliptical shape of the cluster (i.e., it
weights the differences by the range of variability, described
by Σ
𝑐
, in the direction of the voxel instead of treating all

voxels x
𝑛
equallywhen calculating the distance𝑑 to the cluster

centre k
𝑐
). The Euclidean distance assumes a spherical shape,

without taking into account the shape of clustering, which
corresponds to a covariance matrix Σ

𝑐
with 1 s on the main

diagonal and 0 s elsewhere.
Calculation starts from an initial set of membership

values for the data set in the following matrix form:

𝑈
(0)
= (1−
√2
2
)𝑈+

√2
2
𝑉 (4)

with 𝑈 = 1/𝐶 and 𝑉 a matrix of randomly chosen cluster
centres with initial 𝐶 = 2. Subsequently, the new centroids

andmemberships are calculated using (2).When further iter-
ations do not cause significant change to memberships and
centroids, the procedure stops. With this procedure the fol-
lowing function is minimized:

𝜎
2
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=

1
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, v
𝑐
) . (5)

This formula calculates the within-class variance over all
clusters, 𝜎2

𝑤
. In other words, a user-defined threshold for

change in 𝜎2
𝑤

is fixed when convergence is reached. The
criterion of convergence is based on the first local optimum
of (5) [37]. Each time series is transformed into its 𝑧-score
in order to avoid a classification of the voxels on signal
amplitude rather than on signal shape. Then, the principal
component analysis (PCA) is performed to reduce data
dimensionality. The number of PCA components was calcu-
lated to retain 95% of the variance.

Optimal number of clusters: The a priori definition of
the number of clusters and the fuzziness coefficient is often
debated in the literature [38]. Usually, the optimal number
of classes is unknown in fuzzy clustering. A number of
cluster-validity indices have been proposed to estimate the
optimal number of clusters in an unsupervised manner (for
a review see [39]). These indices aim to identify compact and
well-separated clusters. In this study, we used the silhouette
validation method [40], which consists in considering the
silhouette coefficient of each element:

𝑠
𝑖
=

𝑏
𝑖
− 𝑎
𝑖

max (𝑏
𝑖
, 𝑎
𝑖
)

, (6)

where 𝑎
𝑖
is the average dissimilarity of the 𝑖-point to all points

in the same cluster and 𝑏
𝑖
is the minimum of the average

dissimilarity of the 𝑖-point to all points in the other cluster.
Unlike Cauda et al. [8], to perform the clustering proce-

dure time courses were concatenated across all subjects; this
step, as has been pointed out by others [2],makes it possible to
obtain a higher clustering dimensionality (i.e., more clusters).

Due to the fuzziness coefficient employed, 20% of voxels
were classified as nonunequivocal. We considered these vox-
els as border voxels, with a time course that showed transi-
tional characteristics between contiguous clusters.

The final step of this procedure was to place a spherical
ROI with a radius of 3mm in the local maxima of each
cluster (i.e., the area ofmaximal similarity between voxel time
courses). See Figure 1 for a graphical representation of the
method.

To investigate the specific pattern of connectivity of each
cluster we employed a variant of the dual regression approach
[13]. In brief, we performed a generalized linearmodel (GLM)
including all the subject-specific time courses of all 12 right-
insular spherical ROIs in a multiple regression analysis. This
method resulted in a subject-specific time course relative to
each ROI, while controlling for the variance explained by all
the other ROIs [12]. Subject-specific patterns of functional
connectivity relative to each ROI were then summarized at
a group-level using a one-sample 𝑡-test.
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Figure 1: Infographic depicting the functioning of the method.

To confirm previous connectivity results [8], we also cal-
culated the functional connectivity of the anterior and poste-
rior insular clusters by grouping together the ROIs belonging
to each cluster (see Figure 2(a)).

To validate our parcellation results we applied our
method to a second dataset (replication group) and compared
the results of the two datasets.

All maps were thresholded at 𝑝 < 0.05 and corrected for
multiple comparisons using the false discovery rate (FDR).

3. Results

Our method was able to separate 12 clusters for each insula.
This number turned out to be the preferred number of clus-
ters after the application of the silhouette validation method
[40]. The algorithm returned the borders of the functionally
homogeneous areas; for each cluster a spherical ROI with
a radius of 3mm was placed in the area with the maximal
homogeneity (see Figure 2(a)). These results were replicable.
Indeed, as shown in Figure 2(c), all the ROIs were also
found in the control group and the locations were almost
overlapping in 17 out of 24 ROIs, while the other ROIs were
displaced by only a few millimetres.

Our calculation of the functional connectivity of the
ROIs belonging to anterior and posterior insular clusters
confirmed the two patterns of connectivity described in a pre-
vious study [8].The anterior pattern, which occupies themost
anterior ventral part of the insular cortex, is characterized
by a cingulate-frontoparietal connectivity that has often been
related to salience detection. In turn, the posterior pattern,
which occupies the posterior dorsal insula, principally shows
a sensorimotor connectivity pattern. However, by consider-
ing all the 12 ROIs and including the ROI time courses in
a multiple regression analysis [12], we discovered a much
more intricate picture. With this method we demonstrated
that these areas are connected to several other networks, such
as the default mode network, the sensorimotor network, and
parts of the dorsal attentional network.

4. Discussion

By focusing on resting-state data, this study has demonstrated
that the proposed fuzzy clustering node detection approach is

able to perform simple yet reliable node detection and surface
parcellation.

By virtue of the fuzzy clustering procedure, we success-
fully generated nodes, and the data obtainedwith thismethod
were replicable with other datasets.Thismethod allows a very
simple one-step border detection procedure, taking advan-
tage of the fact that the borders between areas with homolo-
gous functional connectivity are characterized by a temporal
profile (i.e., time course) with mixed characteristics of time
courses of contiguous regions.These time courses were there-
fore nonunivocally classified.

The fuzzy clustering procedure has proven to be replicable
using a replication dataset. By varying the fuzziness coeffi-
cient it is possible to change the number of voxels that are
attributed to borders, and as a consequence the homogeneity
of the voxels pertaining to the univocally defined parcels.
Furthermore, by applying a high-dimensional clustering
procedure to the analysis of the functional connectivity of
the insula, we were able to detect the connectivity patterns,
or, as defined by Leech et al. [12], the “echoes” of the other
neural networks that we hypothesized might constitute the
hierarchical subparcellation of the aforementioned anterior
and posterior patterns of connectivity: the ventral anterior
cingulo-fronto-parietal “salience detection” network and the
dorsal posterior sensorimotor network, respectively.

As has been previously reported [8, 16, 25, 33], there
was some interhemispheric lateralization in the connectivity
patterns of the insula. Indeed, the localization of the clusters
in the right and the left insula was slightly different, especially
in the posterior insula. These results were confirmed when
we subdivided the ROIs on the basis of their involvement
within the two anterior and posterior clusters. A possible
explanation for this hemispheric asymmetry could involve
some aspects of emotional and sympathetic processing; for
example, the right insula is likely to respond more to sympa-
thetic arousal, and the left insula to parasympathetic nervous
functions [41, 42]. Furthermore, the anatomical connections
of the anterior insula (AI) with areas pertaining to the
ventral attentional network, in particular the temporoparietal
junction (TPJ), have been shown to be lateralized on the right
side [43].This is coherent with the “fight or flight” function of
the sympathetic system, which requires an evaluation of the
potential danger of incoming stimuli.
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Figure 2: High-dimensional clusterization and node creation of the insular cortex. (a) High-dimensional insular clusterization. Homo-
geneous areas are shown in green and borders in blue. The dotted red line outlines the separation between anterior and posterior clusters as
detected in our previous studies [8, 33]. (b) Upper panels: anterior- and posterior-cluster functional connectivity. (b) Lower panels: patterns
of functional connectivity regressing out the common variance. (c) Reliability of node creation. Nodes calculated from the main group are
shown in red, nodes calculated from the replication group in blue. If separated, paired nodes are shown by a dotted red line.

The posterior part of the insula is characterized by smaller
clusters and less homogeneity than the anterior part. Accord-
ingly, hemispheric asymmetry is also more evident in the
posterior than in the AI. These findings support the idea that
the posterior circuits have more heterogeneous connectivity

patterns, in line with Craig’s hypothesis suggesting that the
posterior insula is a sort of data collector linked to many
different networks [15, 44]. As reported in recent studies
[9, 25], this group of posterior clusters mainly exhibits a
sensorimotor pattern of connectivity. Indeed, if we move
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from the more posterior part of the insular surface towards
the middle and anterior parts, the connectivity changes from
visuomotor to prefrontal pathways (BA9), then to sensori-
motor, and back again to prefrontal pathways (BA8) within
the middle insular cortex. In fact, not only action and
perception-related patterns but also some prefrontal patterns
of connectivity are present within the posterior insula. This
is probably due to the involvement of this area in a variety of
different activities, such as pain, language, interoception, and
sexuality, as has been recently reported [17, 25]. Overall, the
posterior insula shows a more specific connectivity pattern
than the AI, which, on the contrary, shows connections with
networks related to the switch of attention between internal
and external stimuli, such as the attentional and default
mode networks. Thus, rather than being specific, this pattern
suggests a general function that can be exploited in a variety
of everyday activities. This has been confirmed by several
papers that have shown how the AI is more aspecifically and
massively activated in a broad series of different behavioural
domains [8, 9, 17, 25]. In line with our data, these studies
linked the activity of the AI with cognitive and emotional
responses, an involvement that, together with saliency detec-
tion [45] and task switching [46], is almost ubiquitous.

Some authors [10, 14, 17, 47–49] have suggested a differ-
entiation or a gradient of connectivity between the dorsal
and ventral AI, a variance that, however, we failed to demon-
strate in our previous papers. Different levels of parcellation
determined by the various methods used to calculate the
optimal number of clusters lead to a different picture of the
insular cortex. This phenomenon is particularly evident in
the results of the study by Kelly et al. [25], which compared
insular parcellations with 𝑛 = 2 and 𝑛 = 3 clusters. In the
parcellation with 𝑛 = 3 clusters the higher number of clusters
made it possible to reveal an anterior ventral cluster that was
not present with 𝑛 = 2.

In the present paper the complex structure of the anterior
insular cortex has been further clarified. We have validated
the recent identification made by Touroutoglou et al. [50] of
two dissociable frontoparietal patterns of functional connec-
tivity, the dorsal and ventral AI, respectively (for a similar
result see also [14]). These two networks (the dorsal one
here referred to as dFP and the ventral one as vFP) probably
subserve only two partially different functions. The dorsal
network is likely to be more involved in the integration of
top-down and bottom-up salient information, whereas the
ventral network is likely to be more involved in aspects of
emotional salience detection as well as the integration of
bodily feelings [50]. These two large-scale networks exhibit a
different pattern of connectivity: the dorsal network is more
centred on dorsolateral and dorsomedial prefrontal cor-
tices plus mid-dorsal cingulate cortices, whereas the ventral
network is more linked to the anterior cingulate, ventral
prefrontal cortices, and TPJ. Other authors have identified
a network that is similar to the dorsal anterior cluster, or,
rather, to a mix of the dorsal and ventral anterior insular
clusters, for example, the frontoparietal control network [51],
and the cingulo-opercular, ventral attentional [52, 53], and
basal ganglia-fronto-insular [53] control networks [14, 46].
The two anterior insular frontoparietal networks show areas

of overlap and might have a shared variance that in some
conditionsmakes these two components less easily separable.

Interestingly, a cluster placed in between and just anterior
to these two areas shows connectivity with the default mode
network.This cluster resides in a position that largely overlaps
with the agranular area described by Marsel Mesulam and
Mufson in 1982 [54].This result seems to validate the hypoth-
esis according to which the AI is placed in a pivotal brain site
so as to continuously reallocate cerebral resources between
internal and external focused networks [55, 56] andmodulate
the switch between goal-oriented attentional and default
mode networks. This supposition would also explain the fre-
quent activation of this brain area in so many different tasks.

5. Conclusions

The dFP and vFP patterns of connectivity, which further sub-
divide the anterior and posterior insular clusters, are probably
overcome by the variance of two other main patterns, but
when this variance is regressed out, a more complex picture
emerges. This phenomenon can be explained by the hier-
archical connectivity structure of the insular cortex, as has
been suggested by some authors [16, 25].The two clusters that
were previously identified in our papers were here divided
into a series of smaller parcels, a procedure in line with
recent studies [18, 25, 57]. This is also in accordance with
the suggested intrinsically hierarchical structure of this area
[5, 24, 58], as hypothesized by Craig and Damasio [15, 41, 59].

In this study we were able to demonstrate that the detec-
tion of nodes using high-dimensional fuzzy 𝑐-mean parcella-
tion is a simple, efficient, and reliable method. This indicates
that the insula displays a potentially hierarchical structure, in
which information coming from the environment and from
the body is integrated and distributed to different areas of
the brain. Although our study confirmed the two (or three)
major insular subdivisions, a more in-depth investigation
also showed that these areas can be further subdivided into
smaller clusters, each characterized by its own pattern of con-
nectivity that can be detected with appropriate techniques.
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Individuals diagnosed with mild cognitive impairment (MCI) are at high risk of transition to Alzheimer’s disease (AD). However,
little is known about functional characteristics of the conversion from MCI to AD. Resting-state functional magnetic resonance
imaging was performed in 25 AD patients, 31 MCI patients, and 42 well-matched normal controls at baseline. Twenty-one of the
31 MCI patients converted to AD at approximately 24 months of follow-up. Functional connectivity strength (FCS) and seed-
based functional connectivity analyses were used to assess the functional differences among the groups. Compared to controls,
subjects with MCI and AD showed decreased FCS in the default-mode network and the occipital cortex. Importantly, the FCS of
the left angular gyrus and middle occipital gyrus was significantly lower inMCI-converters as compared with MCI-nonconverters.
Significantly decreased functional connectivity was found in MCI-converters compared to nonconverters between the left angular
gyrus and bilateral inferior parietal lobules, dorsolateral prefrontal and lateral temporal cortices, and the left middle occipital gyrus
and right middle occipital gyri. We demonstrated gradual but progressive functional changes during a median 2-year interval in
patients converting from MCI to AD, which might serve as early indicators for the dysfunction and progression in the early stage
of AD.

1. Introduction

Alzheimer’s disease (AD), an irreversible neurodegenerative
disease characterized by memory dysfunction, executive
function decline, and multiple cognitive domain impair-
ments, is one of the most financially costly diseases [1]. Since
there is currently no effective treatment to stop or reverse the
progression of AD, the research spotlight has turned to its

predementia stage, specifically termed amnestic mild cogni-
tive impairment (aMCI). For individuals withMCI due toAD
(called “aMCI” or MCI in this paper for short), the develop-
ment of AD is a high risk factor that the rate of MCI con-
version to AD reaches 10% to 15% annually [2]. Considering
the urgent requirement for the identification of those MCI
patientswho aremost likely to undergo rapid progression and
conversion to AD, it is of great significance to investigate and
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discover the potential biomarkers for the early identification
of the dysfunction and progression in the early stage of AD.

Magnetic resonance imaging, a noninvasive, nonradia-
tion means for the mapping of both structures and functions
of the human brain, is a promising avenue to investigate the
progressive brain changes from MCI to AD [3, 4]. Struc-
turally, studies have consistently found that the gray matter
atrophy originally starts at the medial temporal lobe, spreads
along the midline of the cerebral cortex, and finally extents
to the whole brain during the progress from MCI to AD [5–
7]. Functionally, however, investigations have yielded limited
functional biomarkers that predict the progression fromMCI
to AD, except the consistent identification of the changes of
resting-state functional connectivity (RSFC) of the default-
mode network (DMN) in AD [8, 9]. However, deficits in
RSFC are not confined to theDMN in patients withMCI con-
verting to AD [10]. Furthermore, it is not clear whether other
brain regions participate in the conversion to AD.

Most previous studies have focused on the AD- or MCI-
related functional connectivity changes of specific predefined
regions of interest, such as posterior cingulate cortex and tha-
lamus [11, 12]. Given the complex pathology and widespread
functional abnormalities in AD andMCI, it would be of great
interest to examine differences between MCI-converters
(MCI-c) and MCI-nonconverters (MCI-nc) within a whole-
brain range. Here, we used resting-state functional magnetic
resonance imaging (R-fMRI) data and functional connec-
tivity strength (FCS), computed as the sum of connections
between a given voxel and all other voxels [13–15], to detect
the functional differences among AD, MCI, and normal
controls and especially betweenMCI patients who converted
to AD (MCI-c) and MCI-nc. We sought to determine (1)
whether there exists an AD-related progressive abnormality
pattern on the whole-brain functional connectivity strength
in MCI patients and (2) if so whether these changes are
different between MCI-c and MCI-nc groups and are related
to their clinical behaviors.

2. Materials and Methods

2.1. Participants. The study was approved by the Research
Ethics Review Board of XuanWu Hospital (ClinicalTrials.gov
Identifier:NCT02353845). A total of 98 right-handed subjects
were recruited in the study including 25 AD patients, 31 MCI
patients, and 42 well-matched cognitive normal controls. All
AD and MCI patients were recruited at the memory clinic of
the NeurologyDepartment, XuanWuHospital, CapitalMedi-
calUniversity, Beijing, China. Control subjectswere recruited
from the local community via broadcast and advertisements.
Diagnoses ofMCI due to ADweremade by experienced neu-
rologists using Petersen’s criteria [16]. The diagnosis of AD
fulfilled the published diagnostic criteria [17]. Controls were
screened as described in the Structured Interview for DSM-
IV Nonpatient Edition [18] to confirm the life-long absence
of psychiatric and neurological illness. Inclusion criteria for
MCI due to AD included the following: (1) memory com-
plaint, preferably confirmed by an informant; (2) objective
memory impairment, (cutoff points of Mini-Mental State
Examination (MMSE) score [19]: 19 (no formal education),

22 (1 to 6 years of education), and 26 (7 or more years of
education); cutoff points of Montreal Cognitive Assessment
(MoCA) [20]: 13 (no formal education), 19 (1 to 6 years of
education), and 24 (7 ormore years of education); cutoff point
of auditory verbal learning test- (AVLT-) delayed recall [21]:
6); (3) no or minimal impairment of daily life activities; (4) a
Clinical Dementia Rating (CDR) [22] score of 0.5; (5) being
free fromdementia according to theDiagnostic and Statistical
Manual of Mental Disorders, Fourth Edition, revised (DSM-
IV-R) [18]; (6) hippocampal atrophy confirmed by structural
MRI; and (7) the Han nationality, right-handed (the Edin-
burgh handedness scale score [23] >40 points).The exclusion
criteria applied to all subjects with contraindications forMRI;
also excluded were those with histories of stroke, psychiatric
disease, neurological disorder, alcohol or drug abuse, and
systemic disease such as severe anemia, thyroid dysfunction,
syphilis, or Acquired Immune Deficiency Syndrome. All
subjects underwent a standardized clinical and neuropsy-
chological evaluation, including the MMSE, MoCA, clock
drawing test (CDT), AVLT, activities of daily living scale,
Hachinski Ischemic Scaling, Hamilton Depression Scale, and
CDR. Second, the quality of the whole-brain resting-state
functional MRI images was inspected by an experienced
neuroradiologist. Third, after a mean follow-up period of 24
months (ranging from 11 months to 48 months), subjects
again underwent the entire clinical and neuropsychological
assessment. All subjects underwent a follow-up review of
approximately 24 months, and according to the diagnosis
in the follow-up stage, MCI subjects were divided into
converters to AD (MCI-c, 𝑛 = 21) and nonconverters (MCI-
nc, 𝑛 = 10).

2.2. Image Acquisition. All participants were scanned within
a single session on a 3.0T Trio Siemens scanner at XuanWu
Hospital, Capital Medical University. Resting-state func-
tional images were collected using an echo-planar imaging
sequence with the following parameters: repetition time
(TR) = 2000ms, echo time (TE) = 40ms, flip angle (FA) = 90∘,
number of slices = 28, slice thickness = 4mm, gap = 1mm,
voxel size = 4 × 4 × 4mm3, andmatrix = 64 × 64. Participants
were asked to lie quietly in the scanner with their eyes closed
during data acquisition. Each scan lasted for 478 s. For reg-
istration purposes, high-resolution anatomical images were
acquired using a 3D magnetization-prepared rapid gradient
echo (MPRAGE) T1-weighted sequence with the following
parameters: TR = 1900ms, TE = 2.2ms, inversion time (TI) =
900ms, FA = 9∘, number of slices = 176, slice thickness =
1mm, voxel size = 1 × 1 × 1mm3, and matrix = 256 × 256.

2.3. Data Analysis

2.3.1. Image Preprocessing. Image preprocessing was perfor-
med by using SPM8 (http://www.fil.ion.ucl.ac.uk/spm/) and
Data ProcessingAssistant for R-fMRI [24].The preprocessing
procedures were performed including removal of the first 10
volumes, slice timing, and head motion correction. All data
used in this study satisfied the criteria of spatial movement in
any direction < 3mm or 3∘ and the subjects demonstrated no
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significant group differences in the head motion parameters
(i.e., three translation and three rotation parameters). To
normalize the fMRI data spatially, the T1-weighted images
were firstly registered to the mean functional data, and the
resulting aligned T1 data set was segmented and transformed
into MNI space using the DARTEL toolbox [25] and a group
template was generated. Next, the motion-corrected func-
tional volumes were specially normalized to the group tem-
plate using the transfer parameter estimated byDARTEL seg-
mentation and resampled to 3mm isotropic voxels. Further,
the functional images were spatially smoothed with a 4mm
Gaussian kernel. The linear detrend and temporal band-
pass filtering (0.01–0.08Hz) was performed to reduce the
influences of low-frequency drift and high-frequency physio-
logical noise. Finally, several nuisance signals were regressed
out from the data, including the six motion parameters, the
global, the white matter, and the cerebrospinal fluid signals.

2.3.2. Whole-Brain Functional Connectivity Strength. To per-
form the whole-brain RSFC analysis, Pearson’s correlations
between the time courses of any pairs of voxels were first com-
puted, resulting in a whole-brain connectivitymatrix for each
participant. This procedure was limited within a gray matter
(GM) mask, which was generated by thresholding (cutoff =
0.2) the mean map of all GM maps involving all subjects
without cerebellum. These individual correlation matrices
were then transformed as a 𝑧-score matrix by using Fisher’s
𝑟-to-𝑧 transformation to improve normality. We computed
the FCS as the sum of the connections between a given voxel
and all otherGMvoxels.This computationwas conservatively
restricted to connections with a correlation coefficient above
0.2, which could eliminate the weak correlations possibly
arising from noise.

2.3.3. Seed-Based Functional Connectivity. To examine the
detailed RSFC differences between MCI-c and MCI-nc, we
performed seed-based connectivity analyses, using the clus-
ters showing significant between-group difference on FCS as
the seeds (i.e., left angular gyrus and middle occipital gyrus).
Briefly, the mean time course within each seed was extracted
by averaging the time courses of all the voxels belonging to
the seed. Subsequently, the mean time course was further
used to compute correlation coefficientswith the time courses
of all GM voxels. Notably, the computation was constrained
within a custom GM mask that was made by thresholding
(a probability threshold of 0.2) the GM probability map
obtained inDARTEL segmentation.The resulting correlation
coefficients were then converted to 𝑧-scores using Fisher’s 𝑟-
to-𝑧 transform to improve normality. For each MCI patient,
we obtained two 𝑧-score maps indicative of the intrinsic
RSFC patterns of the two seeds (i.e., left angular gyrus and
middle occipital gyrus) based on the previous results of the
group difference on FCS. Notably, given the ambiguous bio-
logical interpretations of negative functional connections, the
statistical analysis for RSFCwas restricted to positive connec-
tions.

2.3.4. Statistical Analysis. A one-way analysis of covariance
(ANCOVA) was performed to determine the main effect of

groups on FCS, with age and gender as covariates, followed by
two-sample 𝑡-tests post hoc analyses.The result for ANCOVA
was thresholded at 𝑃 < 0.05 with a cluster size of 1350mm3,
corresponding to a corrected 𝑃 < 0.05. The two-sample 𝑡-
tests post hoc analyses were performed within the regions
showing significant group effects, and the threshold was set
at 𝑃 < 0.05 with a cluster size of 324mm3, corresponding
to a corrected 𝑃 < 0.05. Furthermore, in the AD pathology-
related group, to determine the difference between MCI-
c and MCI-nc, we performed a two-sample 𝑡-test on FCS
maps of the MCI-c and MCI-nc within the regions showing
significant differences of AD against controls. The significant
level was set at 𝑃 < 0.05 with cluster size of 216mm3, corre-
sponding to a corrected 𝑃 < 0.05. All the cluster sizes were
determined by Monte Carlo simulations [26] using the REST
AlphaSim utility [27].

The two-sample 𝑡-tests were performed on the RSFC
maps for each seed, with age and gender as covariates. The
significant level was set at 𝑃 < 0.05 with a cluster size of
1350mm3, corresponding to a corrected 𝑃 < 0.05. The ana-
lysis mask was generated by selecting the voxels that showed
significant positive RSFC in any of the two groups. To inves-
tigate the relationship between FCS and cognitive behavior,
we performed general linear model analysis (dependent vari-
able: FCS; independent variable: clinical variables, includ-
ing MMSE, MoCA, AVLT-immediate recall, AVLT-delayed
recall, and AVLT-delayed recognition) in the combined AD
and MCI group with age and gender treated as covariates
within the regions showing group effect.Thestatistical thresh-
old was set to 𝑃 < 0.05 with a cluster size of 324mm3, which
corresponded to a corrected 𝑃 < 0.05.

2.3.5. Discriminate Analysis. To assess whether the discov-
ered differences of FCS and RSFC between MCI-c and MCI-
nc could serve as the features to identifyMCI-c patients from
MCI-nc patients, we used support vector machine (SVM) as
classifier to distinguish patients of the two groups. The fea-
tures were selected as the values of voxels showing significant
between-group differences, including the FCS and the whole-
brain functional connectivity of the left angular gyrus and
middle occipital gyrus. The leave-one-out cross-validation
(LOOCV) was then used to estimate the performance of our
classifier. In LOOCV, each sample was designated as the test
sample, while the remaining samples were used to train the
classifier. Accuracy, sensitivity, and specificity can be defined
on the basis of prediction results of LOOCV to quantify the
performance of the classifier:

accuracy = TP + TN
TP + FN + TN + FP

,

sensitivity = TP
TP + FN

,

specificity = TN
TN + FP

,

(1)

where TP, FN, TN, and FP denoted the number of MCI-c
patients correctly predicted, the number of MCI-c patients
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Table 1: Demographics and clinical characteristics of the participants.

AD (𝑛 = 25) MCI (𝑛 = 31) Control (𝑛 = 42) 𝐹 or 𝜒2 value 𝑃 value
Age (years) 51–88 (69.4 ± 11.1) 50–82 (67.9 ± 9.5) 51–79 (65.6 ± 7.1) 𝐹

(2,95)

= 1.52 0.22a

Gender (M/F) 9/16 14/17 15/27 𝜒
2

(2)

= 1.52 0.67b

Education years 0–17 (8.3 ± 5.4) 0–21 (10.1 ± 5) 0–18 (11.1 ± 4.9) 𝐹
(2,95)

= 2.4 0.10a

MMSE 6–24 (16.8 ± 4.7) 17–29 (23.5 ± 2.9) 20–30 (28.0 ± 2.3) 𝐹
(2,95)

= 93.04 <0.0001a

MoCAc 5–22 (12.8 ± 4.8) 9–24 (18.3 ± 3.9) 19–30 (26.0 ± 2.8) 𝐹
(2,73)

= 81.32 <0.0001a

CDTd 0–3 (1.7 ± 1.1) 0–3 (1.8 ± 0.8) 1–3 (2.9 ± 0.4) 𝐹
(2,87)

= 23.39 <0.0001a

AVLT-I 0–5.7 (3.6 ± 1.5) 2–7 (4.6 ± 1.3) 6–14.7 (9.3 ± 2.1) 𝐹
(2,95)

= 108.87 <0.0001a

AVLT-D 0–4 (0.6 ± 1.1) 0–7 (2.7 ± 2.2) 4–15 (10.4 ± 3.0) 𝐹
(2,95)

= 159.79 <0.0001a

AVLT-R −2–8 (3.4 ± 3.1) −3–13 (7.1 ± 3.9) 7–15 (12.4 ± 2.1) 𝐹
(2,95)

= 72.48 <0.0001a

Data are presented as the range of minimum–maximum (mean ± SD).
AD, Alzheimer’s disease; MCI, mild cognitive impairment; MMSE, Mini-Mental State Examination; MoCA, Montreal Cognitive Assessment; CDT, clock
drawing test; AVLT-I, auditory verbal learning test-immediate recall; AVLT-D, auditory verbal learning test-delayed recall; AVLT-R, auditory verbal learning
test-recognition; MCI-c, mild cognitive impairment converter; MCI-nc, mild cognitive impairment nonconverter.
aThe 𝑃 value was obtained by one-way ANOVA.
bThe 𝑃 value was obtained by two-tailed Pearson chi-square test.
cMoCA included 24 AD patients, 22 MCI patients and 30 controls.
dCDT included 23 AD patients, 29 MCI patients and 38 controls.

classified asMCI-nc patients, the number ofMCI-nc patients
correctly predicted, and the number of MCI-nc patients
classified as MCI-c patients, respectively.

2.3.6. Validations. Given that the results of the FCS analysis
might be influenced by several methodological choices (e.g.,
correlation threshold, head motion, and removal of global
signal), we conducted the following procedures and recom-
pared the FCS within left angular gyrus and middle occipital
gyrus between the twoMCI groups. (i) Change of correlation
thresholds. In the initial analysis, a correlation coefficient
threshold of 0.2 was used during the FCS analysis. To
determine whether the FCS results depend on the selection
of correlation thresholds, the other two different correlation
thresholds (i.e., 0.1 and 0.3) were used to recompute the FCS
maps. There resultant FCS maps were then used to perform
the statistical analyses, respectively. (ii) Include the head
motion parameter into statistical analysis. The influences of
head motion on RSFC have been reported by several studies
recently [28–30]. Although we observed no significant dif-
ferences between any pairs of the groups in the maximum
movements at each direction, we cautiously evaluated the
head motion effects on our results by calculating the frame-
wise displacement (FD) of our data [30] and further com-
pared the group difference by adding FD as an additional
nuisance covariate. (iii) Do not use global signal regression
(GSR).Whether the global mean signal should be removed is
currently still debatable in the preprocessing procedure of the
R-fMRI images. Some studies suggested that the global signal
should be removed [31], as it was confounded with physio-
logical noise [32], whereas several other studies [33, 34] indi-
cated that the GSR could introduce negative correlations and
therefore alter the intrinsic architecture of the brain network.
To examine whether the process of GSR changes our results,
the data was reanalyzed without usingGSR in the preprocess-
ing steps.

3. Results

3.1. Demographics and Neuropsychological Tests. Clinical and
demographic data for the 98 participants are presented in
Tables 1 and 2. Some of these data were used previously to
detect functional brain abnormalities in MCI patients [35,
36]. There were no significant differences among MCI, AD,
or controls with respect to age (𝑃 = 0.22), gender (𝑃 = 0.67),
and years of education (𝑃 = 0.10). However, the clinical vari-
ables, including the MMSE, MoCA, CDT, AVLT-immediate
recall (AVLT-I), AVLT-delayed recall (AVLT-D), and AVLT-
delayed recognition (AVLT-R), differed significantly among
the three groups (𝑃 < 0.0001 for all comparisons), with
an ascending order of AD, MCI, and controls. Furthermore,
there were no significant differences between MCI-c and
MCI-nc groups in age, gender, years of education, or any of
the clinical or neuropsychological variables (𝑃 > 0.12 for all
comparisons). However, after a mean follow-up period of 24
months, the MMSE and AVLT-I were significantly lower in
the MCI-c group than in the MCI-nc group (both 𝑃 values <
0.02), and the AVLT-D, AVLT-R, andMoCAwere marginally
lower in the MCI-c group (all 𝑃 values < 0.1).

3.2. Whole-Brain Functional Connectivity Strength. The spa-
tial patterns of FCS were remarkably similar across the MCI,
AD, and control groups by visual inspection, in spite of dif-
ferent strengths. Regions with high FCS were mostly located
in the DMN (mainly involving the medial prefrontal cortex,
precuneus, posterior cingulate cortex, and inferior parietal
lobule), anterior insula, sensorimotor, and visual cortices
(Figure 1(a)).TheFCSpatternswere similar to those observed
in previous studies [13–15].

Significant group differences of FCS among theMCI, AD,
and control groups were observed in bilateral precuneus/pos-
terior cingulate cortices (PCu/PCC), bilateral parahippocam-
pal cortices, bilateral angular gyri, right temporal pole, left
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Table 2: Demographics and clinical characteristics of MCI-c and MCI-nc patients.

MCI-c (𝑛 = 21) MCI-nc (𝑛 = 10) 𝑇 or 𝜒2 value 𝑃 value
Baseline

Age (years) 50–82 (68.6 ± 9.3) 50–78 (66.5 ± 10.4) 𝑇
(29)

= 0.57 0.57b

Gender (M/F) 11/10 3/7 𝜒
2

(1)

= 4.19 0.24a

Education years 4–20 (10.5 ± 4.6) 0–21 (9.2 ± 5.9) 𝑇
(29)

= 0.66 0.52b

MMSE 17–28 (23.5 ± 2.9) 17–29 (23.6 ± 3.2) 𝑇
(29)

= −0.07 0.95b

MoCAc 9–24 (18.1 ± 3.7) 10–24 (18.7 ± 4.5) 𝑇
(20)

= −0.36 0.73b

CDTd 0–3 (1.7 ± 0.9) 1–3 (2.0 ± 0.7) 𝑇
(27)

= −0.79 0.44b

AVLT-I 2–6.7 (4.4 ± 1.2) 3–7 (4.9 ± 1.4) 𝑇
(29)

= −0.96 0.34b

AVLT-D 0–6 (2.3 ± 1.9) 0–7 (3.6 ± 2.6) 𝑇
(29)

= −1.60 0.12b

AVLT-R −3–13 (6.6 ± 4.2) 1–12 (8.1 ± 3.1) 𝑇
(29)

= −0.99 0.33b

Follow-upe

MMSE 9–28 (20.0 ± 4.2) 21–29 (24.4 ± 2.9) 𝑇
(24)

= −2.59 0.02b

MoCA 4–22 (15.8 ± 4.3) 12–24 (19.0 ± 4.0) 𝑇
(24)

= −1.69 0.10b

CDT 0–3 (1.7 ± 0.9) 1–3 (2.1 ± 0.7) 𝑇
(24)

= −1.23 0.23b

AVLT-I 0.7–6 (4.1 ± 1.3) 3.7–7.3 (5.5 ± 1.3) 𝑇
(24)

= −2.44 0.02b

AVLT-D 0–8 (1.7 ± 2.3) 0–6 (3.4 ± 2.0) 𝑇
(24)

= −1.99 0.06b

AVLT-R 0–13 (6.1 ± 3.8) 4–10 (8.3 ± 2.1) 𝑇
(24)

= −1.76 0.09b

Data are presented as the range of minimum–maximum (mean ± SD).
MCI, mild cognitive impairment; MMSE,Mini-Mental State Examination; MoCA,Montreal Cognitive Assessment; CDT, clock drawing test; AVLT-I, auditory
verbal learning test-immediate recall; AVLT-D, auditory verbal learning test-delayed recall; AVLT-R, auditory verbal learning test-recognition; MCI-c, mild
cognitive impairment converter; MCI-nc, mild cognitive impairment nonconverter.
aThe 𝑃 value was obtained by two-tailed Pearson chi-square test.
bThe 𝑃 value was obtained by two-sample two-tailed 𝑡-test.
cMoCA included 15 MCI-c and 7 MCI-nc patients.
dCDT included 19 MCI-c and 10 MCI-nc patients.
eThe follow-up clinical scores included 17 MCI-c and 7 MCI-nc patients.

Table 3: Clusters showing significant group effects on FCS.

Number Brain regions Brodmann area Cluster size (mm3) Peak MNI coordinate Max𝐹 score
𝑥 𝑦 𝑧

1 R ITG/FG/HIP/PHG 20/37/28 12,582 51 −27 −27 11.19
2 L FG/HIP 20/38 9,153 −30 −42 −24 10.78
3 R TPOmid 38 2,376 54 −6 −15 8.62
4 L ORBsup 11 7,668 −3 12 −18 11.71
5 B LING 18 6,183 −18 −60 −6 8.75
6 L MOG 19 1,701 −45 −72 6 8.30
7 B PCC/PCu/CUN 31/7/19 12,339 −3 −51 21 9.52
8 R ANG 39 1,863 39 −63 42 13.09
9 L ANG 39 2,241 −54 −57 36 7.49
10 L SFG 6 2,349 −18 9 60 10.83
Significance level: 𝑃 < 0.05; voxel size >1350mm3; AlphaSim corrected 𝑃 < 0.05.
B, bilateral; L, left; R, right; ITG, inferior temporal gyrus; FG, frontal gyrus; HIP, hippocampus; PHG, parahippocampal gyrus; TPOmid, middle temporopolar;
ORB sup, superior orbitofrontal cortex; LING, lingual gyri; MOG, middle occipital gyrus; PCC, posterior cingulate cortices; PCu, precuneus; ANG, angular
gyri; SFG, superior frontal gyrus; CUN, cuneus.

superior frontal gyrus, left orbitofrontal cortex, bilateral
lingual gyri, and left middle occipital gyrus (Figure 1(b),
Table 3). The post hoc analysis revealed that (i) the MCI
showed decreased FCS in bilateral PCu/PCC, bilateral lingual
gyri, and left middle occipital gyrus, as compared to controls
(Figure 1(b)); (ii) the AD group exhibited lower FCS than
controls in bilateral PCu/PCC, bilateral angular gyri, bilateral

lingual gyri, and left middle occipital gyrus, but greater FCS
in bilateral parahippocampal cortices, right temporal pole,
left superior frontal gyrus, and left orbitofrontal cortex
(Figure 1(b)); and (iii) the AD group had significantly lower
FCS in bilateral angular gyri but higher FCS in bilateral para-
hippocampal cortices, right temporal pole, left superior fron-
tal gyrus, and left orbitofrontal cortex than the MCI group
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NC MCI AD

700 2600 700 2600 700 2600

(a)

ANOVA AD versus NC MCI versus NC AD versus MCI

0 7 −3.63 4.96 −3.63 0 −3.63 4.96

(b)

Figure 1: The FCS in AD, MCI, and control groups. (a) The images show the mean FCS in AD, MCI, and control groups. The color bar at
the bottom of each picture represents the FCS value for each group. (b)The images demonstrated the significant differences among the three
groups and within each pair of the groups at baseline. The color bar at the bottom of each picture represents either 𝐹 values for ANOVA or 𝑇
values for post hoc 𝑡-tests.

(Figure 1(b)). In the comparison between MCI-c and MCI-
nc, the FCS of the left angular gyrus and middle occipital
gyrus were significantly lower in theMCI-c group (Figure 2).

3.3. Seed-Based Functional Connectivity. To examine the
detailed difference in RSFC of the left angular gyrus andmid-
dle occipital gyrus, we generated whole-brain RSFC maps
of each region in the two MCI groups. The spatial patterns
of the whole-brain RSFC for each seed region were similar
across the two groups.The left angular gyrus was functionally
connected with the default-mode regions, including the PCu/
PCC, medial prefrontal cortex, inferior parietal lobule (IPL),
dorsolateral prefrontal cortex (dlPFC), and lateral temporal
cortex, whereas the left middle occipital gyrus exhibited
RSFC with the sensorimotor and visual cortices. Between-
group comparisons revealed that the MCI-c patients had
significantly decreased RSFC between the left angular gyrus
and bilateral IPL, dlPFC and lateral temporal cortices, and the
left middle occipital gyrus and right central sulci and right
middle occipital gyrus, as compared to the MCI-nc group
(Figure 3).

3.4. Discriminate Analysis. The SVM method achieved a
classification accuracy of 80.6%, with sensitivity of 70.0% and
specificity of 85.7% in distinguishing MCI-c patients from

MCI-c versus MCI-nc

−3.63 0

Figure 2: The FCS differences between MCI-c and MCI-nc groups.
The FCS of the left angular gyrus and middle occipital gyrus were
significantly lower in the MCI-c group compared with the MCI-nc
group.The color bar represents the𝑇 values for the two-sample 𝑡-test
between MCI-c and MCI-nc groups.

MCI-nc patients, suggesting thepotential capacity of the func-
tionalmetrics left angular gyrus andmiddle occipital gyrus in
predicting converting fromMCI to AD.



Neural Plasticity 7

MCI-c MCI-nc MCI-c versus MCI-nc
Se

ed
: A

N
G

 (−
5
1
,
−
5
4
, a

nd
 3

3)
Se

ed
: M

O
G

 (−
4
5
,
−
7
2
, a

nd
 6

)

0 7 −3.63 00 7

Figure 3: The seed-based RSFC analysis between MCI-c and MCI-nc. The left and middle column present the within group RSFC pattern
for the left angular gyrus and the left middle occipital gyrus. Between-group comparison on the right column revealed that comparing to
MCI-nc group the MCI-c group had significantly decreased functional connectivity between the left angular gyrus and bilateral dlPFC and
lateral temporal cortices and between the left middle occipital gyrus and right central sulci and right middle occipital gyrus. The color bars
at the bottom represent the 𝑇 value for either the one-sample 𝑡-test or two-sample 𝑡-test.

3.5. Correlations between Functional Connectivity Strength
and Neuropsychological Variables. Significant positive corre-
lation was found between FCS of the left angular gyrus and
MMSE. The FCS of the medial temporal cortices was sig-
nificantly negatively correlated with all the clinical and neu-
ropsychological variables. Additionally, significant negative
correlations were observed between the FCS of left dorsal
frontal and right lateral temporal cortices andMMSE,MoCA
and AVLT-I, and the FCS of ventral genu anterior cingulate
cortex and MMSE, MoCA, AVLT-I, and AVLT-D (Figure 4).

3.6. Validations. We found that the differences on FCS in the
left angular gyrus and middle occipital gyrus between two
MCI subgroupswere quite stable across different process pro-
cedures. The FCS in these two regions remained significantly
lower value in MCI-c group under different network corre-
lation thresholds (for threshold 0.1: angular gyrus, 𝑡 = −3.73,
𝑃 = 0.00094; middle occipital gyrus, 𝑡=−3.12,𝑃 = 0.0044; for
threshold 0.3: 𝑡 = −3.81, 𝑃 = 0.00077; middle occipital gyrus,
𝑡 = 3.14, 𝑃 = 0.0042). There are no significant group
differences in the movement parameter FD (𝑃 = 0.6). FCS
differences were unchanged after adding FD as an additional
covariate to the reanalysis (angular gyrus, 𝑡 = 3.81, 𝑃 =
0.00085; middle occipital gyrus, 𝑡 = 3.05, 𝑃 = 0.0053).
However, these group differences could not be identified in
case the global signal was retained (𝑃 > 0.88 for all compar-
isons) in the preprocessing, suggesting that the pathological
differences might be buried into systematic and physiological
noise.

4. Discussion

The present longitudinal study was designed to use R-fMRI
for the identification of valuable imaging markers in patients
withMCI andAD for predicting conversion fromMCI to AD
dementia in a mean follow-up of two years. We demonstra-
ted that (i) the MCI group showed decreased FCS in the
default-mode regions and occipital cortex, as compared to
normal controls at baseline; however, the AD group exhibited
simultaneously lower and higher FCS than the MCI and NC
group; (ii) the FCS of the left angular gyrus and middle
occipital gyrus was significantly lower in the MCI-c group
than MCI-nc group. Finally, FCS of several brain regions
correlated with clinical and neuropsychological scores.

4.1. Features of Functional Connectivity Strength in Subjects
with AD andMCI. AD is considered as a disconnection syn-
drome, and as previous studies showed, AD patients have
abnormal RSFC between several brain regions, especially
within the DMN [37, 38]. Here, the use of FCS method
confirmed progressive functional changes in the DMN from
MCI to AD. Our study extended previous finding into MCI
patients and provided additional evidence of the progressive
features of brain function in subjects with MCI who develop
AD.

We observed that patients with MCI and AD showed
decreased FCS in the DMN (including bilateral PCu/PCC)
and occipital cortex as compared to controls, in line with pre-
vious studies [9, 37–41]. At the early stage of AD, the declines
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Figure 4: The correlation between FCS and neuropsychological scores in patients. The color bar represents the 𝑟 value. AVLT-I,
auditory verbal learning test-immediate recall; AVLT-D, auditory verbal learning test-delayed recall; AVLT-R, auditory verbal learning test-
recognition; MMSE, Mini-Mental State Examination; MoCA, Montreal Cognitive Assessment.

of episodic memory of the patients have been associated with
the structural and functional defects in the DMN, which
might be due to their underlying accumulations of beta-
amyloid plaques [42] and decreased metabolic activity [43].
Studies reported that the decline of RSFC was related to
the low neuropsychological assessment scores and to higher
conversion rates from MCI to AD [9] or to AD progression
[44]. Furthermore, the current study also validated the results
of our previous research denoting impairment in the DMN
of patients with AD and MCI [35, 36, 45]. Beyond these
findings, the occipital cortex (including bilateral lingual gyri
and left middle occipital gyrus) manifested decreases of FCS
in patients with AD and even MCI. The lingual gyrus and
middle occipital gyrus are located in the visual network and
are associatedwith the processing of visualmemory and visu-
ospatial function [46, 47]. Our results provided the potential
brain bases for the impaired multiple cognitive domains in
MCI and AD, which is in consistency with previous study
showing the decline of functional connectivity of the occipital
cortex in AD and MCI patients [48].

Other than the brain regions cited above, the bilateral
angular gyri manifested reductions in FCS in bearers of AD
rather than those with MCI, which is consistent with several
previous studies [49, 50]. The angular gyrus is an important

brain region of the inferior parietal lobule in the DMN, and
its impairments are highly correlatedwith damage ofmultiple
cognitive domains to identify direction and presence of
alexia, agraphia, and dyscalculia in AD patients [51]. A recent
study showed decreased RSFC between the left angular gyrus
and right thalamus and such an alteration of the thalamo-
DMN circuit was also linked to the disease severity in AD
and MCI patients [49]. Specifically, in the current study, FCS
of the left angular gyrus was positively related to MMSE of
patients, suggesting that FCS of the left angular gyri may be a
potential imagingmarker formonitoring disease progression.

Comparing with MCI patients, AD exhibited increased
FCS mainly involving the frontal lobe (including left supe-
rior frontal gyrus and orbitofrontal cortex) and temporal
lobe (including bilateral parahippocampal cortices and right
temporal pole). A notable finding in this study was signif-
icant negative correlations between the FCS of left dlPFC,
ventral genu anterior cingulate cortex, right lateral temporal
cortices, and neuropsychological scores such as MMSE,
MoCA, and AVLT-I. A possible mechanistic explanation for
these increased FCS could be the compensation mechanism
[48, 52, 53] that acts to counterbalance regional deficits in
function [54]. Compensatory mechanisms accompany the
impairments seen during the interval when a patient with
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MCI progresses to AD [11]. A study utilizing single photon
emission computed tomography demonstrated the compen-
sationmechanism in themedial temporal lobe inADwith the
phenomenon of high perfusion in the neocortex along with
hypoperfusion [55]. Besides, synaptic loss was related to the
cognitive decline in AD and compensation mechanisms via
maintaining the activity levels of neural circuits that could
otherwise reduce the impairment of cognitive function indu-
ced by synaptic loss [56]. Here, the observation of the increa-
ses of FCS inAD rather than inMCIpatients suggests thatAD
patients could utilize additional brain connectivity for cogni-
tive functions, presumably as a compensatorymechanism for
cognitive decline.

4.2. The Diversity of Functional Connectivity between MCI-
c and MCI-nc. Compared to the MCI-nc group, the MCI-c
patients had significantly decreased RSFC between the left
angular gyrus and bilateral IPL, dlPFC and lateral temporal
cortices, and the left middle occipital gyrus and right central
sulci and right middle occipital gyrus. IPL (including the
angular gyrus and supramarginal gyrus) and dlPFC were
the key component in the DMN, and many previous studies
have suggested that the lesion in IPL was closely related to
AD, especially in MCI [49, 57, 58]. Interestingly, this result
explained the reductions of FCS in the bilateral angular
gyri in AD rather than in MCI in the current study, which
suggested that the decline of FCS in the angular gyrus in
MCI-c groupmay predict amore serious disease closer to AD
dementia. Furthermore, several previous studies found dec-
reased RSFC in the dlPFC in early AD, which involves in
a series of cognitive functions, including working memory,
decision making, and executive controls [38, 59].

Studies have consistently identified structural and meta-
bolic abnormality in the lateral temporal cortex during stage
of AD and MCI [60–62]: Li and colleagues found significant
reductions in gray matter volume of the left lateral superior
temporal gyrus in patients with MCI [62], suggesting that
the lateral temporal lobe was impaired in the early stage of
MCI. Additionally, we revealed the decline of RSFC of the
occipital cortex (middle occipital gyrus) in MCI-c group,
compared toMCI-nc. It should be noted that the abnormality
in the occipital cortex has gained less attention than theDMN
regions in previous studies in MCI developing to AD [8, 9].
Activity and functional connectivity of the occipital lobe
are highly associated with visual hallucination [63], visual
memory [46], and visuospatial function [47]. Therefore, the
functional impairments of occipital cortex could suggest
the probable multiple cognitive domains damage, especially
the visual cognitive declines in patients converting to AD.
Interestingly, a recent study on atrophy patterns of various
phenotypes of AD showed the atrophy in the visual network
to be dominant in the AD phenotype with posterior cortical
atrophy [64]. A more refined differential diagnosis of various
AD phenotypes in the future is necessary to delineate the
probable relationship between decreased FCS in occipital cor-
tex and specific functional impairment in AD. In summary,
the functional alterations of DMN and visual cortex demon-
strated imaging impairments in the conversion from MCI to

AD and might provide potential biomarkers for predicting
MCI progression.

4.3. Further Considerations. Several limitations of the present
study require further considerations. First, the clinical criteria
for the recruitment of MCI did not classify different subtypes
of aMCI patients (single or multiple domain impairment),
which introduces the clinical heterogeneity of our data set.
Future studies could focus on the differences and conver-
sation of different types of MCI to better characterize the
pathology of aMCI. Second, in the present longitudinal study,
the conversion rate from MCI to AD was relatively high
(33.87% annually), which might be because these patients
came to the clinic with obvious memory symptoms at a late
stage of MCI. Future studies aiming at the longitudinal data-
base with larger sample size including early MCI and even
preclinical stage of AD with multimodal imaging and bio-
physical data (e.g., Alzheimer’s Disease Neuroimaging Initia-
tive (ADNI) database) are of great importance to investigate
the progression of AD. Third, the MCI-nonconverters in the
current study were just stable in the follow-up stage (about
two years) and whether they would convert to AD in the
future remains unknown. Therefore, we planned to continue
to track these patients to observe the dynamic changes and
delineate the progressing trajectory on brain changes during
the AD progression. Fourth, we noticed that the FCS differ-
ences between MCI-c and MCI-nc could not be identified
in case the global signal was retained in the preprocessing.
Recent studies have demonstrated raised variability of global
signal in schizophrenia but not bipolar illness, suggesting the
potential specific association between brain disorders and
global signal [65]. Future studies focusing on the global signal
in AD could further reveal the deep relationship between the
pathology of AD and physiological signals. Finally, the cur-
rent study was concentrated on the R-fMRI functional con-
nectivity of the whole brain. Further studies that simultane-
ously combine the R-fMRI, diffusion tensor MRI, and other
biophysical data would reveal structural and biological sub-
strates underlying these functional deficits in AD and MCI.

5. Conclusions

In conclusion, we demonstrated gradual but progressive
functional changes during median 2-year interval in patients
converting fromMCI to AD, whichmight serve as early indi-
cators for the dysfunction and progression in the early stage
of AD.
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This study investigated the impact of “life kinetik” training on brain plasticity in terms of an increased functional connectivity
during resting-state functional magnetic resonance imaging (rs-fMRI). The training is an integrated multimodal training that
combines motor and cognitive aspects and challenges the brain by introducing new and unfamiliar coordinative tasks. Twenty-
one subjects completed at least 11 one-hour-per-week “life kinetik” training sessions in 13 weeks as well as before and after rs-
fMRI scans. Additionally, 11 control subjects with 2 rs-fMRI scans were included. The CONN toolbox was used to conduct several
seed-to-voxel analyses. We searched for functional connectivity increases between brain regions expected to be involved in the
exercises. Connections to brain regions representing parts of the default mode network, such as medial frontal cortex and posterior
cingulate cortex, did not change. Significant connectivity alterations occurred between the visual cortex and parts of the superior
parietal area (BA7). Premotor area and cingulate gyrus were also affected.We can conclude that the constant challenge of unfamiliar
combinations of coordination tasks, combined with visual perception and working memory demands, seems to induce brain
plasticity expressed in enhanced connectivity strength of brain regions due to coactivation.

1. Introduction

Already in 1949 Hebb proposed that simultaneous neuronal
firing stimulates synaptic plasticity [1]. Later several studies
found evidence for experience-dependent neurogenesis in
the hippocampi of adult mice (for a review see [2]). Today
there is accumulating evidence that also the human brain
continues to be shaped by experience throughout adulthood
[3–5]. These adaptive changes have been shown to take place
on structural as well as functional level [6–9].

A practicable approach to study experience-dependent
plasticity in humans is to investigate longitudinal changes in
brain structure or function following exposure to training.
Recently, a number of studies have been published that
investigated the effect of training on the functional archi-
tecture of the brain by resting-state fMRI (rs-fMRI) (for a
review see [9, 10]). Resting-state functional connectivity is

commonly defined as temporal correlations of spontaneous,
low frequency fluctuations of the BOLD signal between brain
areas during rest due to common history of coactivation. As
such, it allows a task-independent assessment of training-
related changes in brain function [11–14].

Training studies can roughly be subdivided into motor
and cognitive interventions. Motor training varied from
joystick tracking tasks [15], chopstick handling [16], finger
tapping [17], and force-field learning [18] to whole-body
balancing [19] and aerobic fitness training [20]. Training
duration varied from 11 minutes [15] to several weeks or
months [20]. In the cognitive domain training comprised
working memory training [21, 22], multitasking [23], and
logical reasoning [24] and duration varied from 4 weeks to
3 months.

Newer approaches used also video-gaming [25] and fMRI
based neurofeedback [26, 27].
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2 Neural Plasticity

Within the motor domain, several research groups inves-
tigated different kinds of motor skills training with vary-
ing duration, intensity, and complexity. Overall, changes in
intrinsic functional connectivity were located in sensori-
motor and cerebellar areas. In these areas both intrinsic
functional connectivity increases [15, 17–19] and decreases
[16–19] have been found; decreases were rather associated
with cerebellar regions [16, 18]. In the studies conducted by
Taubert et al. [19] and Ma et al. [17] intrinsic functional
connectivity decreased back to baseline whereas decreases
were found by the groups of Yoo et al. [16] and Vahdat et
al. [18]; there, the intrinsic functional connectivity after the
training was reduced compared to before the intervention.

In the cognitive domain, training rather affected intrinsic
functional connectivity between frontal and parietal areas
[21, 22, 24]. However, the precise location of training-related
change in intrinsic functional connectivity differs between
studies. Regarding the variety of changes found by different
research groups, the training effects seem to be rather specific
to the content of the training, the duration, the intensity,
and the timing of the resting-state quantification. However,
the studies mentioned before show that changes in intrinsic
functional connectivity can reliably be induced by training,
that is, experience, across a variety of domains.

The majority of published intervention studies inves-
tigated the effect of unimodal training. Within the field
of healthy aging research the question rises if combined
interventions might be more successful than unimodal inter-
ventions (for a review see [28]). Also in the context of studies
investigating effects of physical exercise on neuroplasticity
and cognition it is suggested that adding cognitive training
might enhance the beneficial effect of physical training (for
a review see [29]). Yet, there are only few studies that focus
on the effect of combined interventions. To our knowledge,
there are only two studies exploring the effect of amultimodal
training using neuroimaging techniques [30, 31]. In both
studies, physical and cognitive training were performed apart
from each other. In Li et al.’s study older adults took part in tai
chi exercises at one time andmemory training and supportive
group counselling on another time. They found increased
resting-state connectivity between the medial prefrontal cor-
tex and the medial temporal lobe. In Holzschneider et al.’s
study participants engaged in cycling sessions and additional
spatial memory training sessions. However, only task-based
fMRI changes were quantified. After combined training,
changes in brain activation and changes in cardiovascular
fitness correlated positively in the medial frontal gyrus and
the cuneus.

Here, we investigated the effect of combined whole-
body motor coordination training with integrated cognitive
exercises in healthy adults. Lutz and colleagues (“life kinetik”:
http://www.lifekinetik.de/) developed a multimodal training
that combines coordinative, cognitive, and visual tasks in a
way that the physical exercise is performedwhile participants
are cognitively challenged at the same time. The training
consists of combinations of motor activity and cognitive
challenges and the training of visual perception, especially
the perception of the peripheral visual field. Moving limbs
in different unusual combinations, catching, and throwing

objects, thus training the visual perception and limb-eye
coordination, is a basic characteristic of the training. More-
over, the training tasks are not practiced to perfection but
are modified after a few minutes or whenever the perfor-
mance reaches about 60%. In addition to the avoidance of
boredom and frustration, this is supposed to stimulate the
brain to constantly adapt to new unfamiliar challenges. Our
motivation was to test a training concept that is flexible
and interesting for the participants and includes cognitive
and motor elements. Although the “life kinetik” training
was originally designed to train the coordination of athletes
(soccer players, skiers) the difficulty of the task can easily be
adapted to the capabilities of patient populations.

Based on the assumption that spontaneous activity
reflects the history of coactivation within a local brain
network or between brain regions [26, 32]we expect increases
in resting-state connectivity of those brain regions probably
involved in the exercises and tasks.

The thalamus is a subcortical brain area processing and
integrating neocortical inputs and outputs [33]. Its connec-
tions seem to decrease with age [34] and diminished in mild
cognitive impairment (MCI) and Alzheimer’s disease (AD)
[35, 36]. It serves as a “switchboard of information” or relay
station for sensory information. As the training includes
unusual pattern of motoric activity in combination with
cognitive task, we expect the connectivity of the thalamus to
increase.

All the exercises and tasks involve some motor action;
hence we expect changes in the primary motor area (BA4,
M1) and the premotor area (BA6) because not only the
execution but also the constant alertness to perform an action
is involved in the task. In particular the connectivity to the
right motor areas may be increased because the exercises
include a considerable amount of movement of the left limbs,
which is challenging for the right handed participants.

The cerebellum is highly involved in motor activity and
learning and the functional connections reflect the connec-
tions of the cortex [37, 38] so we can expect some changes in
its connectivity as well.

The frontal eye field (FEF), a brain region responsible for
eye movement and gaze control, is known to be altered in the
course of learning to handle moving objects [39–41], which
is also part of the exercise, except that this is not trained to
perfection like in juggling.

The whole visual cortex is additionally challenged by the
attempt to train the peripheral vision and the manipulation
of different moving objects and due to the possibility of
assigning the requested action via a visual stimulus (specific
gesture of the trainer or colours). So the primary as well
as the secondary visual cortices (BA17, BA18, and BA19) are
expected to change their connection to other brain regions.

Each exercise or task consists of chains of movements,
which alternate randomly.Theprompt to change is frequently
given by a verbal command. Hence, we expect an increased
connectivity between auditory areas (primary and secondary
BA41 and BA42) and other brain regions especially themotor
and premotor area and as a result of repeated coactivation.

The functional connectivity from and to the dorsolat-
eral prefrontal cortex (DLPFC) may be increased because
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the working memory is involved in linking the action or
movement to the assigned command or prompt.The anterior
cingulate cortex (ACC) is also expected to be involved as
a region needed for error detection and impulse control
and might accordingly change the connection to other brain
regions.

2. Methods

2.1. Participants. 32 right handed subjects with no history
of psychiatric or neurological illness were included in the
study. 21 individuals (12 females, mean age 48 (±9) years)
participated in eleven or twelve of the 13 “life kinetik” training
sessions (1 hour per week). The other 11 subjects (7 females,
mean age 49 (±8) years) were interested in the training
but were not able to attend due to their time schedule but
completed two MRI scans.

The study was approved by the Ethics Committee of the
Medical Faculty Mannheim, University of Heidelberg, and
performed in accordance with the Declaration of Helsinki.

2.2. Training Description. “Life kinetik” training pursues the
goal to combine motor coordination exercises with cognitive
training with an emphasis on working memory. The motor
coordination exercises can involve multiple limbs at the same
time. Additionally, most of the time one or more pieces
of sports equipment (e.g., ball, racket, juggling balls, and
scarves) are used which have to be thrown, caught, bounced,
or similarly manipulated. The cognitive aspect comes into
play by assigning distinct motor tasks to different visual or
auditory cues (symbols/key words). For example, a red flag
might indicate bouncing a ball with the left hand while a
blue flag indicates throwing and catching a ball with the
right hand. The same movement-cue coupling can be done
with semantic categories, for example, city names, animals,
or trees. These pairs of motor task and specific cue have to be
memorized during one training session. The randomization
of cues is self-evident.Within one training session (1 hour per
week) approximately 6 different types of exercises have been
performed either in groups, in pairs, or by oneself.

An essential aspect of this combined training is that the
exercises are not trained until automatized. As soon as partic-
ipant’s performance reaches about 60% correct trials the task
demands are changed and new combinations of symbols and
movements are introduced.The focus on novelty is supposed
to constantly challenge the participants. Moreover, cross talk
of the hemispheres is fostered by includingmovements where
limbs purposefully cross the sagittal midline (e.g., to catch a
ball arriving at the left side of the body with the right hand).

In total, there were 13 training sessions of 1 hour per week
of which our participants followed at least 11; that is, the
minimal training duration was 11 hours across a period of 13
weeks.

2.3. Data Acquisition. Functional and anatomical data were
acquired fromeach participantwithin 2weeks before the start
of the first training session and within 2 weeks after the last
training session on a 3 Tesla MRI Scanner (Magnetom Trio
with TIM technology, Siemens Medical Service, Erlangen,

Germany) equippedwith a 32-channel head coil. 200 rs-fMRI
images were acquiredwith gradient echo T2∗-weighted echo-
planar-imaging sequence (TE = 28ms, TR = 1.79 s, FOV =
192mm × 192mm, matrix size = 64 × 64, and total duration
is 6min). A volume comprised 34 slices inAC-PCorientation
with a thickness of 3mm and slice gap of 1mm. Participants’
heads were lightly restrained using soft pads to prevent head
movement. Subjects were instructed to look at the fixation
cross and keep their eyes open.

A T1-weighted anatomical image was also recorded (TE =
3.03ms, TR = 2.3 s, 192 slices and FOV = 256mm × 256mm,
matrix size is 256 × 256, and slice thickness is 1mm).

2.4. Data Preprocessing. Data were preprocessed and ana-
lyzed using SPM12 (The Wellcome Department of Cognitive
Neurology, London, UK, http://www.fil.ion.ucl.ac.uk/spm/
software/spm12/). All functional images were slice-time cor-
rected and realigned to the first volume using a six-parameter
rigid body transformation. Threshold for exclusion due to
excessive motion was set to 3mm. The movement was not
more than 1.5mm in each subject, so no one had to be
removed.

The anatomical image and functional images were coreg-
istered for the corresponding time-point. Segmented gray
matter and white matter images of all participants were used
to construct a study specific template using DARTEL [42].
The template was normalized to MNI space and all images,
anatomical and functional, were normalized to this template
using the according flow fields. The smoothing kernel for the
functional images was 8mm and 2mm for the anatomical
image.

2.5. Connectivity Analysis. Functional connectivity analyses
were carried out using the CONN-fMRI functional connec-
tivity toolbox v14 [43] (http://www.nitrc.org/projects/conn).
The modest test-retest reliability of the rs-fMRI seems
attributable to remaining noise after preprocessing, adding
nonneural correlation to the BOLD signal [44]. Removing
the noise is a possibility to increase the reliability of rs-fMRI
data. Several preprocessing steps have been proposed [44] to
achieve this.

One major point is reducing the noise via the anatomical
CompCor approach. This method extracts principal compo-
nents (5 each) from WM and CSF time series. WM and CSF
voxels are identified via a segmentation of the anatomical
images. These components are added as confounds in the
denoising step of the CONN toolbox [43, 45]. The six head
motion parameters derived from spatial motion correction
were also added as confounds. We did not perform global
signal regression as the discussion about the impact is still
ongoing [44, 46] and it is not available on the CONN toolbox.

As recommended band-pass filteringwas performedwith
a frequency window of 0.01 to 0.1 Hz.This preprocessing step
was found to increase the retest reliability [44].

Seed-to-voxel and ROI-to-ROI functional connectivity
maps were created for each participant. The ROI-to-ROI
analysis was used to identify possible differences between
trainees and control subjects at pretraining and to verify that
brain networks of control subjects did not change over time.
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For this analysis we used all the provided Brodmann areas.
The mean BOLD time series was computed across all voxels
within each ROI. Bivariate-correlation analyses were used to
determine the linear association of the BOLD time series
between each pair of sources and a Fisher Z transformation
was applied.

Individual seed-to-voxel and ROI-to-ROI maps were
entered into a second-level analysis.

Awithin groupROI-to-ROI analysis for the control group
tested the stability of the connectivity over time. A between
groups ROI-to-ROI analysis verified the lack of differences
between the two groups for the first measurement.

Seed-to-voxel analyses were used for two purposes. First
we used the posterior cingulate and the medial prefrontal
cortex as seed region and verified the occurrence of the
default mode network in each group and to both time-points.
This seems necessary due to the different size of the two
groups.

The second seed-to-voxel analysis was used to examine
differences in connectivity changes in a 2×2 factorial analysis
with time by training interaction (group ∗ time; contrast −1
+1 +1−1). Age and sexwere entered as covariates of no interest
in the analysis [47].The threshold for significant changes was
set to𝑝 = 0.05whole brain cluster level FWE corrected with a
cluster building threshold of 𝑝 = 0.001 uncorrected on voxel
level. As we expected an increase in training participants due
to coactivation and no change in control subjects we verified
the direction of changes with two post hoc paired sample
𝑡-tests for the trainee and the control group separately for
each significant seed-to-voxel cluster.This step was chosen to
assure that the significant results were not caused by between-
subject variance. The other reason for this approach was the
different sample size of the two groups. We report significant
results due to three criteria: (a) significant time by group
interaction, (b) significant increase within the training group,
and (c) no significant decrease in the control group.

For display purposes the cluster building threshold for the
result-figure was set to 0.002 uncorrected on voxel level.

2.6. Regions of Interest. As we could not investigate task
related activity for the exercises and it is somewhat arbitrary
and prone to bias to create a region of interest out of a single
coordinate and an according sphere, we used the provided
ROIs that are based on the Brodmann areas according
to the WFU PickAtlas (http://fmri.wfubmc.edu/software/
PickAtlas). We used all existing areas as ROIs, in order to
get a complete picture of possible changes within the control
group. Some ROIs are not provided by the toolbox (e.g.,
thalamus, cerebellum, and FEF); here we created ROI using
the masks provided byWFU PickAtlas of the according brain
region.

3. Results

ROI-to-ROI analysis for the rs-fMRI at the first time-point
showed no differences between trainees and controls. The
default network could be shown with the medial prefrontal
cortex as seed in both groups and both time-points.

The impact of the training was analyzed by a 2 × 2
ANOVA (group and time) with age and sex as covariates

of no interest. All seed regions with significant positive
connectivity changes in trainees and no significant decreases
in controls are listed in Table 1.

The training involved a great amount of motor activity
and the motor region was one of the hypothesized regions
changing their connectivity strength. The increase occurred
only for the left motor region. The left primary motor area
(BA4, M1) showed increased connectivity to parts of the
visual cortex (Figure 1(a), red) and the somatosensory asso-
ciation area (BA7, Figure 1(a), red). The right primary motor
cortex showed no changes to any other brain region. The
connectivity strength of the whole premotor areas (BA6) as
seed to other cortical regions did not change.

The primary sensorimotor cortices (BA1, BA2, and BA3)
as part of the sensorimotor network showed few changes
in connectivity strength. Only the spontaneous fluctuations
of the left BA1 showed higher correlation to parts of the
associative visual cortex (BA19, Figure 1(a), cyan) and parts
of the parietal cortex (BA7, Figure 1(a), cyan). Connectivity
from BA2 or BA3 did not change.

The functional coupling within the visual network
changed for the primary sensory areas (BA17) of the right
hemisphere. This ROI increased in functional connectivity
to the ventral ACC (BA24, Figure 1(b), violet) and parts
of the right premotor cortex (BA6, Figure 1(c), violet). The
connection to the left premotor cortex (Figure 1(c), blue)
was increased for the right secondary visual cortices (BA18).
The connection increase to the ventral ACC (midcingulate;
Figure 1(b), violet and blue) of the visual areas was overlap-
ping. Different areas of the visual cortex show changes in
functional coupling to the same premotor region and the
cingulate cortex.

The functional connectivity strength between the primary
auditory cortex (BA41) as part of the auditory network and
the right cerebellum (areas VIII and IX) increased with the
training as well as the connection to the somatosensory
association cortex (BA7, Figure 1(d), green and red). This
connectivity change was interhemispheric and overlapping.
The connections of the secondary auditory cortex (BA42) to
the parietal cortex (BA7, Figure 1(d), violet and blue) changed
as well, partly overlapping with the increased connectivity of
the primary auditory cortex. Connections from the auditory
to the visual cortex did also increase (Figures 1(d) and 1(e),
blue and green).

The left FEF but not the right FEF showed connectivity
changes to several clusters in the visual cortex (Figure 1(f),
blue) and the ventral ACC (Figure 1(f), blue).

The connectivity between the right dorsolateral prefrontal
cortex and the right supramarginal gyrus (Figure 1(f), red)
increased. The ACC (BA24) showed no increase in connec-
tivity. A more posterior part of the cingulate gyrus showed
an increased functional connectivity to the right anterior
frontal cortex and partially of the dorsolateral prefrontal
cortex (BA10 and BA9, Figure 1(f), violet).

The characteristic regions of the default mode network,
medial prefrontal cortex, lateral parietal cortex, posterior
cingulate, and superior frontal cortex, showed no change in
connectivity after the training.
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(a) (b)

(c) (d)

(e) (f)

Figure 1: Greater connectivity increases in trainees compared to controls subjects; seed regions are represented in the small brain images;
seeds determine the colour of the result region: (a) BA4 left: red and BA1 left: cyan; (b) and (c) visual cortex: BA17 right: violet and BA18 right:
blue; (d) and (e) auditory cortex: BA41 right: green, BA41 left: red, BA42 right: violet, and BA42 left: blue; (f) dorsolateral prefrontal cortex:
right: red, FEF left: blue, and midcingulate cortex: violet.
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4. Discussion

This study is the first to investigate the impact of an integrated
multimodal training on functional brain connectivity. The
training combines physical and cognitive exercises and does
not aim at automating but focuses on novelty. For this pur-
pose we compared the changes of the resting-state intrinsic
functional connectivity of a group of subjects attending the
first standard training course of “life kinetik” with the rs-
fMRI changes of a control sample. The training offers a great
variety of exercises and can easily be adapted to clinical
populations. We found a considerable amount of changes in
resting-state functional connectivity in the training group.
The connections within the default mode network, the most
prominent resting-state network, did not change.

The changes in functional connectivity mirror the acti-
vation during the training and some increases in correlation
occur in regions that are known to be a key region in cognitive
deficits, ageing or mental illness.

Connectivity increases of the motor region were assumed
to be the most probable ones. In particular the connections
from the right motor and premotor cortex, responsible for
the left part of the body, were expected to strengthen. The
training involved a great amount of motor activity and
all participants were right handed, thus being forced to
coordinate their left hand, arm, and leg. An increase of
the connectivity for the whole region was only visible for
the left primary motor area. The connection to parts of
the somatosensory association area changed as well as to
the visual cortex. The involvement of motor areas in brain
plasticity has been corroborated in several studies.Musicians,
for example, who have a long history of motoric training
showed increased resting-state connectivity in motor areas
and multisensory cortices compared to a control group [48].
This is in contrast to other studies that found a decrease
in connectivity accompanied with cumulative performance
increase after initial “beginners” increase of connectivity [17].
As the “life kinetik” training focuses on the novelty of the
exercises a decrease of connectivity was not expected.

Various seed regions in the visual cortex showed an
increased connectivity with parts of the premotor cortex,
almost overlapping (see Figure 1(c)). A great number of the
training tasks consisted of throwing and catching different
and, in some cases, relative small objects. The most compa-
rable task used in other studies was juggling training where
an impact of training intensity was found [49]. Low intensity
training resulted in increases in functional connectivity in the
motor network, whereas the high intensity juggling training
group showed decreased functional connectivity. The results
suggest that different training regimes are associated with
distinct patterns of brain change [50]. Our training on the
other hand was much less intensive than the low intensity
juggling training which consisted of 15min per day and
furthermore, as already mentioned, “life kinetik” training is
not directed to perfection.

The cerebellum is mapped to the association areas of
the cerebrum [37] so that we expected some changes in
connectivity, which we found but less pronounced than

expected. In contrast to the analysis of Buckner et al. [37] who
found that the primary sensory cortices were not represented
in the cerebellum, we found a change in the correlation
of time courses in the primary auditory cortex and the
cerebellum. Maybe this is an effect of the verbal prompts
during the exercises, which indicated different movements.

The visual cortex is also diversified. Some subregions
responsible for the retention of visual-motion information
[51] were shown to change their structure during motor
training. Not structural but functional changes occur in our
sample of trainees in contrast to the control sample.

The brain region with the most prominent connectivity
changes was the secondary somatosensory association cortex
(BA7). Several parts of BA7 exhibited connectivity increases
with other regions. Mainly the auditory cortices change their
relation to parts of BA7 (Figure 1(d)). These clusters are all
overlapping irrespective of the according seed region. Also
distinct from these regions are the clusters changing the
connections to the motor cortex (Figure 1(b), red) and the
sensorimotor cortex. This result seems to corroborate the
findings of the diversification of the parietal cortex [52, 53].
Grasping and visuospatial tasks activated different parts of
the parietal cortex [53], overlapping with the regions that
showed changes during “life kinetik” training (Figures 1(a)
and 1(d)).

The functional connectivity between the left FEF as seed
region and clusters in the visual cortex and the ventral ACC
increased, but not with the dorsal attention network. The
FEF is responsible for eye movement and surely active during
throwing and catching of objects. The change of connectivity
between FEF and visual cortex might be an indication for
a combined activation of these regions due to the increased
visual attention during the training.

Regions of the frontal cortex involved in working mem-
ory processes and error processing showed few connectivity
increases.The ACC showed, in contrast to our hypothesis, no
changes in connectivity to other brain regions. The ventral
part of the cingulate cortex showed increased connectivity to
the anterior prefrontal cortex, to the FEF, and to the visual
cortex. The left dorsolateral prefrontal cortex (BA9) on the
other hand showed an increased connectivity to the right
supramarginal gyrus (BA40).

Given the specific property of the training, the connec-
tivity changes seem reasonable. Prompts for the movements
and tasks are given by verbal or visual cues. The cue has to be
translated to an action, in most cases movements or manip-
ulation of objects. Parts of the premotor regions showed
increased connections to visual areas.These regions were not
distinct but overlapping thus indicating the importance of
these regions for preparing the action and also for the object
manipulation [54].

The question is why the auditory areas predominantly
showed increased functional connectivity to the somatosen-
sory areas (BA7) but not to the premotor area. Attention is
one important aspect of the training in combination with
working memory. One major effort for the trainees is to
remember the according movement to the prompt. But this
did not result in the expected changes in connectivity of the
dorsolateral prefrontal cortex.
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The functional connection of the thalamus to the right
inferior frontal gyrus and insula increased in trainees but also
decreased in controls. This makes the interpretation difficult.
The thalamus is a region with multiple connections [33, 55,
56]. The strength of the thalamocortical connection has been
reported to predict the performance in motor learning [57],
to change with age [34], and to be diminished inMCI andAD
[35, 36], and a disruption of the thalamus-cortex relation has
severe implications on mental health [58–60].

Proper or optimal function of BA7 seems to be an indica-
tion for a cognitive reserve, preventing dementia symptoms
[61]. Switching attention is an important part of the training;
regions that are activated in such a task are part of the parietal
cortex as well as premotor areas and the dorsolateral PFC
[62] but the relation between these regions and especially the
change in relation have not yet been investigated.

With our study we could show that the applied “life
kinetik” training changes the connectivity strength between
several brain regions. There is a lot of evidence for brain
plasticity even in the adult and aging brain. Basic research
has shown that different aspects of the brain can be shaped by
various types of training and tasks. Resting-state connectivity
seems to be relatively stable [63], but disturbed in psychiatric
disorders [64], changing with age [65, 66], and changeable
by activity [26]. Intrinsic connectivity is shown to be an
indicator for efficiency [67] and positively correlated with
cognitive performance [68, 69] and intelligence [70].

The data on the direction of changes or alterations in
terms of increase or decrease are inconsistent. It is not gen-
erally known which direction is more beneficial. This most
likely depends on many functional aspects the connectivity
is supporting. For example, patients with major depression
show an increased functional connectivity [71] whereas
schizophrenia seems to be accompanied by decreased func-
tional connectivity [60].

The functional connectivity of the motor cortex, for
example, is increasing with age but different relations to per-
formance were reported. One study interpreted the positive
relation of connectivity and performance as a protection
against decline [66]. The second study found the increase in
connectivity with age accompanied by poorer performance
[65].This contradicting consequence of connectivity increase
with regard to performance demonstrates that an interven-
tion leading to enhanced connectivity between brain areas
might not necessarily help attenuate age related decline.

The tasks and types of training used in different studies
to investigate the change of brain networks are somewhat
arbitrary, varying from perception tasks according to robot-
hand movements to juggling or transcranial electrical or
magnetic stimulation.Most training concepts do not have the
potential to serve as a training method or therapy approach
for psychiatric patients or elderly individuals.

Exceptions are various types of motor training like
juggling [50], video games [25], aerobic training [72], or
the quadrato-motor training [73] which are all aimed at
perfecting the task without varying the task.

Our motivation was to look for a training that includes
motor and cognitive exercises and has the potential to be
stimulating for a patient population.

4.1. Limitations. Test-retest reliability is a not yet completely
resolved issue in fMRI studies [74–77]. Few studies addressed
this issue for rs-fMRI but retest reliability was found to
be robust [44, 78]. Improvement can be made via the
inclusion of several preprocessing steps [44]. This enhances
the intersession retest reliability to 0.81. We addressed this
issue by including preprocessing steps that are known to
reduce noise [44, 79, 80]. We carefully screened the control
group for changes and reported only results with a significant
post hoc test.

A second limitation for our results is the whole sample
size as well as the difference in the size of the trainee and
control group. We tried to address this issue by verifying the
occurrence of the default mode network that did not change
in control subjects despite the small sample size.

The impact of the training intensity is unknown. The
actual program consisted of 1-hour training perweek. Further
studies should investigate the effect of shorter but more
frequent training sessions.

The subject group participating in the training showed
an increase in resting-state functional connectivity but the
impact on task performance is unknown and could not be
monitored due to the nature of the training. Anext stepwould
be to find suitable motor and cognitive test tasks to quantify
an improvement following “life kinetik” training.

Further investigations should include an active control
group (practicing either motor performance or cognitive
tasks or training a limited number of tasks to perfection) to
show the benefit of the combined training compared to its
isolated parts. Furthermore, we will investigate the impact
of the training on cognitive performance and memory,
preferably in a group of impaired subjects.

Since it is not possible tomeasure the brain activity during
the training, we only could assume which brain regions are
activated.This study was planned as a pilot study to show that
the training is able to change brain connectivity. We assume
that our subjects show “normal” resting-state networks. In a
patient group the connectivity increases may depend on the
underlying alteration of the according network.
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Mild traumatic brain injury (mTBI) is a major public health concern. Functional MRI has reported alterations in several brain
networks following mTBI. However, the connectome-scale brain network changes are still unknown. In this study, sixteen mTBI
patientswere prospectively recruited froman emergency department and followed up at 4–6weeks after injury. Twenty-four healthy
controls were also scanned twicewith the same time interval.Three hundred fifty-eight brain landmarks that preserve structural and
functional correspondence of brain networks across individuals were used to investigate longitudinal brain connectivity. Network-
based statistic (NBS) analysis did not find significant difference in the group-by-time interaction and time effects. However, 258
functional pairs show group differences in which mTBI patients have higher functional connectivity. Meta-analysis showed that
“Action” and “Cognition” are the most affected functional domains. Categorization of connectomic signatures using multiview
group-wise cluster analysis identified two patterns of functional hyperconnectivity amongmTBI patients: (I) between the posterior
cingulate cortex and the association areas of the brain and (II) between the occipital and the frontal lobes of the brain. Our
results demonstrate that brain concussion renders connectome-scale brain network connectivity changes, and the brain tends to
be hyperactivated to compensate the pathophysiological disturbances.

1. Introduction

Mild traumatic brain injury (mTBI) represents amajor public
health burden with an annual incidence of over 1.2 million
people in the USA [1–3]. Despite normal findings in clinical
imaging such as computed tomography (CT) and structural
magnetic resonance imaging (MRI) for the majority of mTBI
patients, mTBI can cause emotional, physical, and cognitive
symptoms that significantly impact the patients’ quality of
life and cost the nation $16.7 billion each year [4–6]. TBI
in general can be thought of as a disorder of network
disconnection [7]. Similar clinical presentations are observed
in diverse range of insult and injury despite different origins

and locations of impact.Therefore, evaluating the outcome of
injury in specific brain regions is confusing, and it provides
a distorted view of brain functional disruption [8]. This
situation is more significant in mild TBI than in severe
and moderate TBI because there is usually no significant
structural damage at mild TBI, indicating that this may
account for a greater portion of the problem in mTBI than
in moderate or severe TBI [9].

In light of heterogeneous locations of injury, use of
large-scale approaches can provide a better understanding
of brain function and improve neuropsychological under-
standing of the sequela of mTBI. Furthermore, mapping the
topography of the brain functional connectivity alterations
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2 Neural Plasticity

at a macrolevel can elucidate the role of brain plasticity.
It has been reported that brain injury induces not only
structural damage, which could be detected by diffusion
tensor imaging (DTI), but also functional disturbances and
compensation, which are considered a neural plastic effect
[10–13]. In adults, brain plasticity still takes place, especially
at a large scale, which is known as adult plasticity [9, 14, 15]. In
general, brain plasticity can be defined as the capacity of the
brain to change its structural or functional connectivity and
organization during a short or long period of time [16, 17]. In
adult plasticity, according to the Hebbian theory, coincident
neuronal firing leads to wiring together [18]. At the same
time, brain functional connectivity is measured using the
temporal dependency of neural activity [19].Therefore, it has
been suggested that functional connectivity (FC) of the brain
during the resting state is linked to the brain plasticity [20],
which has been confirmed by showing a strong correlation
between brain plasticity and resting-state FC (rs-FC) changes
[21, 22].

Accumulating evidences demonstrate brain plasticity
after brain injury. Zhou et al. [20] studied brain plasticity
using rs-FC after partial and complete callosotomy groups,
in which disrupted functional connectivity was restored
at day 28 in the partial callosotomy group through the
remaining interhemispheric axonal pathways. Additionally,
intrahemispheric functional connectivity was increased in
both partial and complete callosotomy, representing plasticity
in brain FC and adaptation after injury [20]. Nakamura et al.
[23] examined neural plasticity in a longitudinal study during
recovery period of TBI using graph theory, which revealed
that overall functional connectivity strength is higher at three
months after injury as compared with what is observed in
healthy adults; however, functional connectivity decreases
and approaches that of the healthy subjects sample after
six months after injury. These findings indicate that overall
functional connectivity increases to compensate the effect of
injury after TBI [23]. Therefore, the study of neuroplasticity
can provide a new angle to inspect the neurological origins
of brain alterations after injury, especially at a large scale, and
provide new insights into the pathophysiological substrates
of cognitive and behavioral alterations [7, 24]. However, to
date, the field is still short of investigation on connectome-
scale brain network alterations and compensatory effects after
TBI. Moreover, the impacts of brain alterations over time in
connectome-scale brain networks during brain recovery are
still unknown [11]. We hypothesize that mTBI induces brain
network disturbances and also the consequent compensatory
effects at the connectome-scale network level. Our objective
is to investigate the connectome-scale brain network changes
after mTBI and recovery and potential brain plasticity.

Resting-state functional MRI (rsfMRI) constitutes an
ideal way to evaluate brain functional connectivity and
changes in brain functional connectivity at a connectome
scale which can contribute to a better understanding of plas-
ticity and the brain’s attempts to compensate for injury [7–
9]. Brain functional connectivity can be measured using sta-
tistical relationships between the blood-oxygen-level depen-
dent (BOLD) signals of brain regions, which reflects the
prior history of coactivation between brain regions [25].

The large-scale rs-FC is an ideal way to evaluate brain func-
tional connectivity on a connectome scale at a macrolevel,
which can be used to investigate brain plasticity and serve
as an index of the efficacy of healing [8]. rsfMRI provides
unique insights into brain plasticity at the macrolevel, which
can provide a better understanding of brain disorders such as
TBI and consequently guide proper rehabilitation plan [11].

In the evaluation of connectome-scale brain networks,
one technical challenge is to define the network nodes or
regions of interest (ROIs). The network nodes serve as
structural and functional substrates for network analysis.
Several approaches are available in the field with remarkable
progress. However, they also suffer different limitations from
different perspectives, particularly at a large scale, when
the network is at very fine level. Any mismatch will result
in the cross talk of a network to its neighbors. Zhu et al.
previously identified 358 regions of interest (ROIs), known
as dense individualized common connectivity based cortical
landmarks (DICCCOLs), distributed across the brain. The
location of each DICCCOL is identified based on the white
matter fiber connection profile obtained from diffusion MRI
(dMRI). Each DICCCOL preserves similar structural and
functional properties across individuals [26]. Since each
DICCCOL preserves consistent structural connection pat-
terns, according to the connectional fingerprint concept,
its functional role should be similar across subjects [27].
In addition to reproducibility and consistency, DICCCOL
analysis has been shown to be powerful in identifying
connectivity signatures (disrupted connectivity) in affected
brains [28]. After localizingDICCCOLs across an individual’s
brain, the time series related to each DICCCOL is derived
from the BOLD rsfMRI signal of the gray matter area in
the 5mm neighborhood of each DICCCOL. The functional
connectivity of an individual’s brain at a large scale is assessed
by measuring temporal Pearson correlation between each
pair of the time series allocated to the DICCCOLs. Our goal
is to use the DICCCOL framework to define the functional
network nodes at a large scale and further assess the effect of
brain injury on mTBI patients over time.

2. Materials and Methods

2.1. Data Acquisition. Patient eligibility was based on the
mTBI definition by the American Congress of Rehabilitation
Medicine, 1993, with the following inclusion criteria: patients
aged 18 or older with an initial Glasgow Coma Scale (GCS)
score of 13–15 in the ED with any loss of consciousness
less than 30 minutes or any posttraumatic amnesia less
than 24 hours, or recorded change of mental status (con-
fused, disoriented, or dazed). In the acute stage (first scan),
patients were scanned at 82.64/17 hours (average/median)
after injury, and the second scan was acquired at 4–6 weeks
after injury (subacute stage). For healthy subjects, two scans
were acquired with a 4–6-week interval in between. rsfMRI
and dMRI data were acquired on a 3-Tesla Siemens Verio
scanner with a 32-channel radiofrequency head-only coil.
Demographic characteristics are presented in Table 1. dMRI
data has been already used and analyzed for another study.
Thus, dMRI has only been used to identify the locations of
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Table 1: Demographic characteristics of healthy controls and
patients.

Characteristic Control subjects mTBI patients
(𝑛 = 24) (𝑛 = 16)

Gender
Male 20 10
Female 4 6

Age (years)
Mean ± SD 28.00 ± 7.55 34.52 ± 13.85
Median/range 26/(19∼50) 30/(19∼63)

Race
African American 2 11
White 15 3
Others 7 2

Cause of injury
Motorcycle accident — 1
Bicycle accident — 1
Motor vehicle accident — 5
Struck by vehicle — 2
Assault — 4
Fall — 3

Time between injury and
1st scan (hours)

Mean ± SD — 82.64 ± 121.90
Median/range — 17/(3∼446)

Time between 2 scans
(days)

Mean ± SD 84.60 ± 55.48 42.68 ± 17.48
Median/range 70/(22∼225) 36/(26∼89)

Glasgow Coma Scale
Mean ± SD — 14.92 ± 0.28
Range — (14∼15)

DICCCOLs in this study. dMRI data was acquired using a
gradient echo EPI sequence with 𝑏 = 0/1000 s/mm2 in 30
diffusion gradients directions with the following parameters:
TR (repetition time) = 13300ms, TE (echo time) = 124ms,
slice thickness = 2mm, pixel spacing size = 1.333 × 1.333mm,
matrix size = 192 × 192, flip angle = 90∘, and number
of averages (NEX) = 2. For rsfMRI data, gradient echo
EPI sequence with following imaging parameters has been
performed: pixel spacing size = 3.125 × 3.125mm, slice
thickness = 3.5mm, slice gap = 0.595mm, matrix size = 64 ×
64, TR/TE = 2000/30ms, flip angle = 90∘, 240 volumes for
whole-brain coverage, and NEX = 1. During rsfMRI scans,
subjects were instructed to keep their eyes closed and not
to think about anything specific. In addition, T1, T2, fluid
attenuated inversion recovery (FLAIR), and susceptibility
weighted imaging (SWI) were also acquired. The total data
acquisition protocol took about 40 minutes.

2.2. Data Analysis. A series of steps were taken to analyze
the data: (1) localizing DICCCOL nodes of each subject using

the DICCCOL framework and computing FC between the
time series of each pair of DICCCOLs; (2) performing a
longitudinal statistical analysis using mixed 2 × 2 design
analysis of variance (ANOVA) and network-based statistic
(NBS) analyses to determine the connectomic signatures;
(3) determining the functional roles of the connectomic sig-
natures using meta-analysis; and (4) performing multiview
group-wise cluster analysis to determine involved FC clusters
and the interrelationships of the connectomic signatures.

2.2.1. Localizing DICCCOLs and Computing FC Matrix for
Each Subject. In the connectomic study, one essential step
is to identify the locations of ROIs across the brain that
preserve consistent structural and functional connections
across individuals. DICCCOLs are a set of brain landmarks
with similar structural and functional connectivity across
individuals obtained by identifying the consistent white
matter (WM) fiber connection profile across subjects. This
has been done using the tool available to download at
http://dicccol.cs.uga.edu/. Identifying the locations of DIC-
CCOLs on the brain of an individual can be summarized
in the following steps (see Figure 1): (1) deterministic trac-
tography of whole brain was performed (Figure 1(a)). As a
result, we were able to identify the WM fiber connection
profile of each location of the brain. (2) Extraction of the
transformation matrix was performed for the coregistering
of the brain of an individual subject to the brain template
(Figure 1(b)). (3) Application of the transformation matrix
was carried out to transfer the individual surface and fiber
bundles to the template space for prediction (Figure 1(c)).
As a result, the initial location of DICCCOLs on the
individual’s brain was obtained. (4) Searching the local
neighborhood (6mm radius) of the initial location of each
DICCCOL was conducted to find the optimized location
of that DICCCOL. For this purpose, similarity between the
WM fiber connection profile in the template and all local
neighborhoods was measured. The neighborhood with the
maximum similarity of the WM fiber connection profile
with the WM fiber connection profile of the DICCCOL
on the template was selected as the optimized location of
the DICCCOL (Figure 1(d)). This was performed to identify
optimized locations of all DICCCOLs on each individual’s
brain (Figure 1(e)). DICCCOL landmarks have been shown
to be highly reproducible across individuals [28]. At the same
time, according to the connectional fingerprint concept, each
brain’s cytoarchitectonic area has a unique set of extrinsic
inputs and outputs that largely determines the functions
that each brain area performs [27]. The close relationships
between structural connection patterns and brain functions
have extensively been reported [29–31]. Since each DIC-
CCOL preserves consistent structural connection patterns,
its functional role should be similar across subjects. The
intrinsic functional role of each DICCCOL has been already
extensively examined and validated [28, 32]. On the other
hand, although function-based ROIs are helpful for wide
range of studies, they seem to not be an appropriate choice
for connectome studies, which require fine identification
of ROI locations, because the accuracy of ROIs locations
in function-based ROIs can be compromised by several
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Figure 1: Pipeline for identifying the locations of DICCCOLs on the brain of an individual. (a) Fiber tracking and tractography of the
whole brain was performed via MedINRIA (http://med.inria.fr/). Box “𝑎” presents the preprocessing steps (including brain extraction,
motion correction, and eddy current correction) and deterministic tractography. (a)(I) shows diffusion data of an individual brain at 𝑏

0

and some different gradient directions, and (a)(II) shows the result of tractography in 3D space in the sagittal, axial, and coronal views.
(b) The transformation matrix to transfer coordinates from the subject space to the template space was obtained by registering the brain
of an individual subject to the brain template. (b)(III) shows the schematic of this procedure in which box 𝑏 represents the transformation
matrix. (b)(IV) and (b)(V) show the coronal, axial, and sagittal views of individual and template’s brains, respectively. (c) Transformation and
identification of the initial location ofDICCCOLs.The transformationmatrix (𝑏) is applied to transfer the individual surface and fiber bundles
to the template space for prediction. As a result, the initial location of DICCCOLs on the individual’s brain is obtained. (c)(VI) is the surface
of an individual in the subject space, and (c)(VII) is the surface of the same individual, which is transferred to the template space. The initial
location of DICCCOLs on an individual’s brain was obtained by overlaying the location of DICCCOLs of the template on the transformed
surface of the individual. (d)The schematic procedure of optimization in which the local neighborhood (6mm radius) was searched in order
to identify the location where the profile of connected fiber has the most similarity with the WM fiber connection profile of the DICCCOL
on the template. (d)(VIII) shows the initial location of a DICCCOL, obtained from the previous step. Using the information of deterministic
tractography ((a)(II)), the connected fiber at this initial location was extracted ((d)(X)). Next, the similarity between the connected fibers at
this location and the connectedWMfiber on the template was measured.The same procedure took place for all local neighborhoods, and the
locationwithmaximum similarity of the connectedWMfibers was identified as the optimized location of theDICCCOL. Box𝑑 represents the
optimization procedure. (d)(IX) shows the initial and optimized locations of a DICCCOL in red and green, respectively. (d)(X) and (d)(XI)
show the connected fibers at the initial and optimized locations of the DICCCOL, respectively. (e) represents the optimized locations of all
DICCCOLs on an individual’s brain. (e)(XII), (e)(XIII), and (e)(XIV) show the coronal, sagittal, and axial views in 3D space, respectively.
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Figure 2: Functional connectivity (FC) was measured across the brain using the DICCCOL framework. (a), (b), and (c) show the optimized
locations ofDICCCOLs across the brain in the coronal, sagittal, and axial views, respectively. (d), (e), and (f) represent the time series allocated
to three DICCCOLs obtained from the rsfMRI data of the graymatter of the 5mmneighborhood of each DICCCOL.The Pearson correlation
was calculated between time series of 358 DICCCOLs in order to obtain the FC of the brain at large scale. (g) and (h) show two examples of
FC measurement, and (i) is a symmetric affinity matrix, which represents FC at a connectomic level.

factors such as normalization and spatial smoothing [30].
Therefore, the DICCCOL framework was applied to identify
the corresponding ROIs across individuals for FC analysis.

For FC analysis of the rsfMRI data using FSL, pre-
processing included brain extraction, motion correction,
slice-time correction, spatial smoothing (FWHM = 5mm),
temporal prewhitening, grand mean removal, and temporal
high-pass filtering [33]. The time series allocated to each
DICCCOL was derived from the gray matter area in the
5mm neighborhood of that DICCCOL. FC between each
pair of DICCCOLs was obtained by measuring temporal
Pearson correlations between the time series allocated to
each DICCCOL. Therefore, a symmetric affinity matrix with
64261 unique features was obtained to represent functional
connectivity of the brain at a connectomic level (Figure 2).

2.2.2. Network-Based Statistical (NBS) Analysis. Neuroimag-
ing studies suggest that networks compose cognitive and

functional domains of the brain. At the same time, the
networks for different cognitive and functional domains can
overlap with each other [34]. To fully investigate the dis-
rupted cognitive and functional domains of the brain, meta-
analysis and multiview group-wise clustering approaches
were applied. For the statistical longitudinal analysis, a mixed
2 × 2 design ANOVA was used to identify connectomic sig-
natures. Independent variables were group (controls versus
patients) and time (acute versus subacute). NBS is a validated
method which was originally developed for connectomic
studies to performnonparametric statistical analysis on large-
scale pairs of connections [35]. While the false discovery
rate (FDR) is sensitive to detecting an independent, isolated
connected pair regardless of its affiliation (or conjunction)
with other connected pairs, NBS improves power to detect
a nexus that includes multiple affiliated connected pairs [35].
In other words, NBS, while controlling the family-wise error
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rate (FWER), implements rejection of a null hypothesis at the
network level. NBS, intuitively, includes the following steps:

(a) Performing a statistical test on each connected pair
independently. NBS, like other common neuroimag-
ing software packages, uses the general linear model
(GLM) as the statistical test.Theoutput of this step is a
set of connected pairs that are the potential candidates
to be connectomic signatures (connected pairs which
are statistically different between two groups).

(b) Identifying any possible connectivity structure from
connected pairs which were selected at the previous
step.

(c) Calculating a FWER-corrected 𝑝 value for a con-
nectivity structure with size of K using permutation
testing. Specifically, for each permutation, connec-
tivity structures were identified and the maximal
component size was obtained. Then, 𝑝 value for any
observed connectivity structure with size of K can be
calculated based on the possibility of having maximal
connectivity structure size > K in M permutation.

NBS parameters, including the uncorrected threshold
value, were chosen as follows according to previous published
literature [36–39]: threshold = 3.5, permutation = 5000,
component size = extent, and 𝑝 value = 0.05. For statistical
longitudinal analysis, a mixed 2 × 2 design ANOVA has
been used to identify connectomic signatures. Independent
variables are group (controls versus patients) and time (acute
versus subacute). If the interaction effect was not significant,
we investigated the group and time effects. Otherwise, we
investigated each simple effect. In other words, if the inter-
action effect was significant, we used a two-sample unpaired
𝑡-test to compare two groups and a two-sample paired 𝑡-test
to investigate each group over time.

2.2.3. Categorizing Connectomic Signatures Using Meta-
Analysis. BrainMap (http://www.nitrc.org/projects/brain-
map/) is an online database of published neuroimaging
literature, which can be used to identify the function of
brain regions based on previous reported data from well-
credited labs [40]. Yuan et al. used the BrainMap software
to identify the possible functional roles for each DICCCOL
using meta-analysis [32]. Using the BrainMap database, we
can categorize the DICCCOLs involved in connectomic
signatures into five general functional categories, including
“Action,” “Perception,” “Cognition,” “Interoception,” and
“Emotion,” and these five categories can be further divided
into 53 subcategories. At the same time, the strength of
functional connectivity between two DICCCOLs can be part
of the strength of functional connectivity between their
corresponding networks. For instance, if DICCCOL “A” was
identified as “Cognition” and DICCCOL “B” was identified
as “Emotion,” then we can interpret that the strength of
functional connectivity between “A” and “B” is related to
the strength of functional connectivity between “Cognition”
and “Emotion.” Therefore, by categorizing the DICCCOLs

involved in connectomic signatures to these functional cat-
egories, we can have better understanding of brain functional
and cognitive interactions at large scale.

2.2.4. Multiview Group-Wise Cluster Analysis. Multiview
group-wise clustering has been applied to the DICCCOL
system to extract the substrate brain functional clusters as
previously described by Chen et al. [41]. A cluster is defined
as a set of DICCCOLs that have stronger inner functional
connectivity with each other rather thanwith theDICCCOLs
of other clusters. If we consider the DICCCOL system to
be a graph representation of the brain, the DICCCOLs can
be considered to be the nodes of the graph, and functional
connectivities betweenDICCCOLs are the edges of the graph.
For each subject, the functional connectivity matrix of the
brain was extracted and considered to be one “view” for
the clustering approach. The group-wise clustering method
was applied to categorize common clusters across individuals.
Briefly, in this clustering method, the clusters were obtained
by projecting each view on the others to derive consistent
functional clusters across brain functional connectivity of
individuals [41]. After identifying the brain functional clus-
ters, the connectomic signatures of mTBI were categorized
into these identified clusters to reveal possible patterns in
functional connectivity alterations of the brain after injury.

3. Results

Statistical analysis (Section 2.2.2) was performed on the brain
functional connectivity, which was obtained from 24 healthy
subjects and 16 mTBI patients at two time points. No statisti-
cally significant difference was found in the interaction effect
(𝑝 value = 0.05). The time effect did not show any significant
difference (𝑝 value = 0.05), either. However, in our NBS
analysis, which only considers the interconnected network
clusters, we identified a group effect on 258 FC pairs that
were significantly affected in mTBI patients (Figure 3). All of
these affected FC pairs (i.e., connectomic signatures) showed
increased functional connectivity in the patient group.

In order to have a better understanding of changes in
brain function after mTBI, meta-analysis was performed.
The affected functional connectivity was categorized into
five major brain functional domains: “Action,” “Percep-
tion,” “Cognition,” “Interoception,” and “Emotion.”We have
observed that “Action” and “Cognition” are more involved
in altered functional connectivity after mTBI, especially the
interaction between “Action” and “Cognition” networks,
which has been affected the most (Figure 4). Further inves-
tigation of the roles of DICCCOLs which were evaluated in
greater detail using 53 subcategories reveals that the inter-
actions between “Execution” (from the “Action” category)
and “Attention” (from the “Cognition” category) and between
“Execution” (from “Action” category), and “Working Mem-
ory” (from “Cognition” category) were affected the most
(Figure 4).

Due to the nature of mTBI and the prevalence of diffuse
axonal injury (DAI) pathology in TBI patients, the brain
functional response is expected to be seen throughout the
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Figure 3: 𝑇-values from the longitudinal statistical analysis using
a mixed design ANOVA and NBS on the 258 FC pairs which are
significantly stronger in the patient group. Since the FCmatrices are
symmetric, only the lower half was used for the statistical analysis.

0

5

10

15

20

25

30

35

Action

Cognition

Emotion

Interception

Perception

Em
ot

io
n

In
te

rc
ep

tio
n

Pe
rc

ep
tio

n

C
og

ni
tio

n

Ac
tio

n

(Execution, working memory)(Execution, attention)

(%
)

Figure 4: Categorization of altered functional connectivity in
mTBI. The color-bar indicates percent change. The results show
that the “Action” and “Cognition” networks have been disrupted
the most. Further functional analysis using the 53 subcategories
shows that interaction between “Execution” (from the “Action”
category) and “Attention” (from the “Cognition” category) and
between “Execution” (from the “Action” category) and “Working
Memory” (from the “Cognition” category) has been affected the
most (yellow arrow). This is consistent with published literature
on Attention, Working Memory, and executive function deficits in
mTBI patients.

brain rather than only in certain restricted regions (see
Figure 5). One aim of this study was to discover possible
existing patterns among the connectomic signatures after
mTBI. For this purpose, we first categorized DICCCOLs
into similar clusters based on their rsfMRI time series
similarity using a multiview group-wise clustering approach.
Using the multiview group-wise clustering approach on all
data (a combination of two time points and two groups),
we have identified eight functional connectivity clusters
(Figure 6). The estimated clusters are similar to the result
of our previous work obtained in young healthy subjects

[41]. After identifying the corresponding cluster for each
DICCCOL, the connectomic signatures were categorized
based on the DICCCOLs’ clustering information. Results
demonstrated that cluster number 1, specifically the posterior
cingulate cortex (PCC) portion of it, is the most involved
cluster in functional connectivity alterations after mTBI
(Figure 7). Interestingly, among all 258 connectomic signa-
tures, 253 (98%) are involved in between-clusters interactions
(Figure 7). Further investigation reveals two general patterns
among the affected interactions: (I) an increase in functional
connectivity between the PCC (from cluster number 1) and
the association areas of the brain such as the associative visual
cortex, supplementary motor cortex, and the somatosensory
association cortex (from clusters numbers 4, 5, and 8),
see Figures 8(a)–8(c); and (II) functional hyperconnectivity
between the occipital lobe of the brain from cluster number 3
and the frontal lobe area from cluster number 8 (Figure 8(d)).

4. Discussion

Our work demonstrates that (a) mTBI affects brain func-
tional connectivity changes at a connectome scale, which is
consistent with the published data on diffuse axonal injury
pathology [10, 42].The brain functional connectivity changes
at a large scale aftermTBI emphasize the necessity of applying
connectome-scale study to have a better understanding of
brain function and its network substrates of mTBI sequela;
(b) there is functional hyperconnectivity across the brain,
which can be interpreted as the brain’s attempts at large scale
to compensate for injury, as has been observed in previous
studies [20, 23]; (c) themost affected neurocognitive domains
are executive function, attention, and working memory, in
line with reported neurocognitive profiles of mTBI patients
[43, 44], of which attention and working memory domains
are also shown to be particularly susceptible to plasticity in
noninjured brains [15, 22, 45, 46]; and (d) the cluster analysis
of brain functional connectivity alterations demonstrates
two general compensatory patterns: (1) hyperconnectivity
between the PCC and the association areas of the brain
and (2) increase in frontal-occipital functional connectivity.
This study represents a systematic investigation of large-scale
brain functional connectivity at resting state in response
to mTBI. The results are well consistent with current find-
ings and assumptions of mTBI and validate our hypothesis
regarding brain compensation after injury through increasing
functional connectivity at a connectome scale, as discussed
below.

Large-Scale Approaches. Assessment of large-scale brain con-
nectivity is required to properly investigate the brain connec-
tivity alterations aftermTBI. Alteration in one connection can
directly or indirectly alter other brain connections [7]. The
brain is a complex hyperconnected nexus, and any alteration
in a brain connection due to mTBI causes a domino effect,
which affects other structural or functional connections of
the brain. In this situation, the outcome of the brain after
injury is not limited to the location and the origin of the
injury, and changes in brain functional connectivity are
not limited to certain local regions near the site of injury
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Figure 5: Visualization of location of DICCCOLs involved in affected functional connectivity signatures (red sphere) and the remaining
DICCCOLs (green sphere) on cortical surface.
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Figure 6: Eight functional connectivity clusters as results of using amultiview group-wise clustering. Eight functional clusters were identified
in different colored bubbles.

and could be distributed across the brain [11, 13, 47–51],
as we already know structural changes like diffuse axonal
injury (DAI) to be a common result of mTBI [10, 42, 52].
At the same time, large-scale brain connectivity analyses
such as connectome-scale approaches are more sensitive to
alterations that are less apparent in gross structure (i.e., white
matter integrity and DAI), because large-scale approaches
consider each region’s integration into the global unit rather
than as an independent entity. In light of this, large-scale
approaches can provide a better understanding of brain
alterations and uncover the role of brain alterations at the
macrolevel even in the absence of obvious structural damages
[9, 14]. However, to date,most of the brain functional imaging
investigations focus on a single or a limited number of brain
regions or networks instead of assessing the brain networks
at a connectome scale [11, 47, 48, 51], and there is still a lack
of investigation into large-scale brain functional connectivity
changes after mTBI. Our work supported our hypothesis that
mTBI does induce large-scale brain network changes. This
is well consistent with the published literature about DAI

pathology, which reports multifocal lesions across the brain.
It also offers new insights from in vivo imaging perspective.

Functional Hyperconnectivity as Compensation. It has been
reported that most mTBI patients suffer reversible brain
injury or transient pathophysiological disturbances. After
injury, the brain initiates its natural response by cellular
repair mechanisms, which leads to recovery, and the brain’s
compensation through plasticity and modification of brain
functional connectivity is a secondary response. Lastly, the
brain could experience anatomical plasticity to compensate
for the effect of injury [53, 54]. Several studies have shown
increases in functional connectivity or hyperconnectivity
after different severities of TBI and physical disruption as
common brain response [23, 55–57]. Hyperconnectivity was
observedmostly in highly connected regions of the brain [55],
such as brain regions involved in executive functions and
working memory, and central hubs of main brain networks
such as the PCC and medial frontal cortex in the default
mode network; the dorsolateral prefrontal cortex and parietal
cortex in the executive control network; and/or anterior
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insula in the salience network [53, 55, 58, 59]. Our analysis
of whole-brain large-scale networks demonstrates an overall
increased functional connectivity in mTBI patients as a brain
compensatory response to mTBI. This is consistent with the
published literature on separate brain networks [11, 47, 48,
51]. It is of note that our results do not indicate that there
was no hypoconnectivity among mTBI group. Our analysis
reveals hypoconnectivity in several connections amongmTBI
patients. However, none of them were detected by the NBS
analysis, which only detects disrupted functional connectiv-
ity pairs at the network level and does not detect changes
if a pair is isolated or not well interconnected with other
disrupted pairs in a network. In our data, hypoconnectivity
pairs seem to not be well connected enough to survive the
NBS analysis.

Affected Neurocognitive Domains. After mTBI, the constella-
tion of clinical and neurocognitive symptoms significantly
affects mTBI patients’ qualify of life. The detection of neural
network substrates of these neurocognitive presentations
may help attending physicians order a proper neuroreha-
bilitation program for the patients. Symptoms in several
neurocognitive domains have been widely reported in mTBI
patients, including attention [56, 60],memory [23, 53, 61–68],
processing speed [56], and execution [53, 69]. Among them,
attention [56, 60], working memory [23, 56, 61–66], and
execution [53, 69] are the most widely reported. Executive
function deficits have also been reported in chronic mTBI
patients and predicted by DTI data [70]. We hypothesized
that the brain functional connectivity alterations should
be involved in similar functional and cognitive domains.
Categorizing the connectomic signatures usingmeta-analysis
intriguingly validated our hypothesis. The results demon-
strate that, among functional and cognitive domains, the

interaction between “execution and attention” and “execu-
tion and working memory” has been affected the most,
which is consistent with the reported patients’ symptoms
in these neurocognitive domains. Our results further show
that the DICCCOLs involved in “action” and “cognition”
domains have been involved in brain functional connectivity
alterations. This includes the intranetwork connectivity (the
connectivity of the DICCCOLs within a cognitive domain)
or between-network connectivity (the connectivity between
“action” and “cognition” domains). Our study provides the
foundation for understanding the changes in functional
domains occurring after mTBI, which are similar to changes
seen in moderate and severe TBI in adults [56].

Brain Compensatory Patterns. It has been well reported that
the frontal, temporal, and occipital lobes are susceptible
to focal contusions due to the direct impact of brain soft
tissue onto the rigid inner table of the frontal, occipital,
and temporal bones [10, 42]. At the same time, several
TBI studies show alterations in functional connectivity of
highly connected regions of the brain, specifically the PCC,
as a central hub of the brain [11–13, 47, 71]. The multiview
group-wise cluster analysis was used to identify the prevalent
compensatory pattern of the brain functional connectivity.
The results illustrate brain functional connectivity alteration
in the expected regions.ThePCCdemonstrates an increase in
functional connectivity with different brain regions including
Brodmann area 8 (BA8) of the frontal cortex, the supple-
mentary motor area (BA6), the somatosensory association
cortex (BA7), the dorsolateral prefrontal cortex (BA9), the
associative visual cortex (BA19), and the anterior cingulate
cortex (BA32). Moreover, functional connectivity between
the frontal and occipital lobes as two susceptible regions was
observed.

Limitation and Future Work. One limitation of this study
is the small number of subjects in comparison with the
great number of networks and connectivity features, which
easily makes the statistical analysis underpowered. A larger
sample size and acquiring data at the chronic stage are
required to increase the power of statistical analysis and the
chance of finding a significant difference. Though we used
the NBS approach, a relatively larger number of subjects are
indispensable for future investigation to draw a more solid
conclusion. Since there is no ground truth of the connectome-
scale network alterations, another independent dataset will
be necessary in future, as a reproducibility study to cross-
validate the findings in the current study.

Another issue is the recovery effect after mTBI. It is
expected to see FC recovery in mTBI patients over time.
Therefore, assuming similar FC values for a healthy subject
and changes in FC formTBI patient over time, the interaction
effect is highly expected. However, our 2×2 design ANOVA
does not show statistical significant difference between the
two time points of patient group. Although we did not
observe a statistically significant interaction effect, our anal-
ysis shows a trend of recovery in FC of mTBI. Overall
functional connectivity of mTBI patients shows a slow trend
of approaching the functional connectivity patterns of the
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Figure 8: Categorization of affected functional connectivity using the multiview cluster-wise cluster method. (a)–(c) show the connectomic
signatures involved in the interaction between cluster number 1 (C1) and clusters numbers 4 (C4), 5 (C5), and 8 (C8), respectively. These
interactions represented the important role of the PCC as the central hub of the brain and its interactions with association brain areas as
compensatory effects after brain injury. (d) reveals the interaction between the occipital lobe, cluster number 3 (C3), and the frontal lobe,
cluster number 8 (C8).

healthy subjects over time. Increasing the number of time
points would significantly improve a repeated measure data
analysis method; thus another data acquisition at the chronic
stage is required to evaluate it. It is possible to observe
a statistically significant interaction effect if the time gap
between the acquisitions was more than 4–6 weeks, allowing
for more time to recover and therefore a larger effect size
which statistical analysis might have been able to capture.
For instance, Nakamura et al. [23] revealed that the overall
functional connectivity strength is higher at three months
after TBI but that functional connectivity decreases and
approaches that of the healthy subjects sample after six
months after injury. Moreover, using a larger sample can
improve the power of statistical analysis and the chance
of finding a significant difference. Furthermore, to apply
the current work to clinical management of mTBI patients,
the predictive value of the current imaging-based network
analysis for mTBI patients’ functional and neurocognitive
symptoms over long-term recovery is yet to be determined.

This could be done by correlating the network-based findings
with the patients’ chronic neurocognitive and functional
assessment, which should also be performed in longitudinal
framework.

5. Conclusion

In summary, our prospective longitudinal study of mTBI
patients at the acute and subacute stages demonstrates func-
tional hyperconnectivity of the brain at a connectome scale.
The most affected neurocognitive domains are executive
function, attention, and working memory, which is in line
with reported neurocognitive profiles of mTBI patients.
Furthermore, despite the functional connectivity alterations
distributed throughout the whole brain, the cluster analysis
reveals two general functional connectivity compensation
patterns among mTBI patients, between the PCC and the
association areas of the brain and between the occipital and
the frontal lobes of the brain.
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Previous neuroimaging studies suggested structural or functional brain reorganizations occurred in prelingually deaf subjects.
However, little is known about the reorganizations of brain network architectures in prelingually deaf adolescents.The present study
aims to investigate alterations of whole-brain functional network using resting-state fMRI and graph theory analysis. We recruited
16 prelingually deaf adolescents (10∼18 years) and 16 normal controls matched in age and gender. Brain networks were constructed
from mean time courses of 90 regions. Widely distributed network was observed in deaf subjects, with increased connectivity
between the limbic system and regions involved in visual and language processing, suggesting reinforcement of the processing for
the visual and verbal information in deaf adolescents. Decreased connectivity was detected between the visual regions and language
regions possibly due to inferior reading or speaking skills in deaf subjects. Using graph theory analysis, we demonstrated small-
worldness property did not change in prelingually deaf adolescents relative to normal controls. However, compared with healthy
adolescents, eight regions involved in visual, language, and auditory processing were identified as hubs only present in prelingually
deaf adolescents. These findings revealed reorganization of brain functional networks occurred in prelingually deaf adolescents to
adapt to deficient auditory input.

1. Introduction

Prelingual deafness is the hearing loss that occurs at birth
or before the onset of speech. Due to the deprivation
of auditory inputs, brain plasticity has been reported by
numerous neuroimaging studies. “Cross-modal plasticity”
has been suggested in deaf subjects, which is represented by
the phenomenon that the auditory cortex can be activated
when deaf subjects perform various tasks, such as speech
[1, 2] and visual tasks [3, 4]. Many morphological studies did
not find structural changes in the primary auditory cortex
[5–8], indicating the atrophy of the auditory cortex due to
hearing loss could be compensated by the use of this cortex
for other stimuli. However, brain regions involved in visual

and speech processing have been found to change in deaf
subjects [7, 8], indicating that the sensory systems for vision
and speech might participate in the tasks which are supposed
to activate the auditory system in healthy controls.Therefore,
we speculated that the cooperative manner for different brain
regions would be altered in prelingually deaf subjects when
dealing with a complex task.

The human brain is a highly complex system with
synchronized neural activity from different brain regions.
The concept of “connectome” was first proposed by Sporns
et al. in 2005 [9], which represents the human brain as an
interconnected network. Functional brain network refers to
a pattern of statistical dependencies between distinct brain
regions. The network architecture identified by the analysis
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of functional connectivity could be an effective pattern to
present the cooperative manner for brain regions, and it
reflects the potential anatomical connections between brain
regions as well. To further quantitatively measure the brain
network, network topological properties could be evaluated
at both global and regional levels using graph theory, which
becomes a promising tool for analyzing brain networks
in recent years [10–21]. Small-worldness, a concept that
originated from social network, quantifies the effectiveness
of information transferring within networks and has been
successfully used to characterize brain networks [14–16].
Besides, nodal topological parameters based on graph theory
analysis are used to illustrate the properties for nodes which
are defined as brain regions, identifying the role of specific
regions in transferring information. It has been demonstrated
that these measures of brain network are sensitive to aging
[17, 18] as well as various neuropsychiatric diseases, such as
schizophrenia [16, 19] andAlzheimer’s disease [20, 21].There-
fore, investigation of brain network properties provides a new
insight into brain reorganization and is critical to understand
the working mechanism of brains with hearing loss.

Recently, a few studies have emerged to investigate the
structural or functional connectivity between brain regions
in deaf subjects. Kim et al. [22] examined morphological
brain network in deaf adults using tissue density on MRI
and analyzed the network properties using graph theory
and network filtration. They found altered morphological
network in prelingually deaf adults compared to normal
controls but not in postlingually deaf adults, concluding that
auditory experience could affect the morphology of brain
networks in deaf adults. Besides, Li et al. [23] employed
resting-state fMRI to investigate the effect of deafness on the
intra- and interregional synchronization of different parts
of superior temporal sulcus and revealed that the intrinsic
function of these different parts are distinctly impacted
by deafness. However, these previous studies focused on
alterations in grown adult brains of deaf subjects but not
developing brain. Adolescence is an important transitional
stage for brain development, in which brain’s structure and
function are in developmental changes to accommodate to
external environment.Therefore, adolescents with prelingual
deafness are supposed to go through a different pattern of
brain reorganization to adapt to the silent world relative
to normal adolescents, which is supported by one of our
previous studies [24] using structural MRI to investigate grey
matter connectivity within and between auditory, language,
and visual systems in deaf adolescents. To the best of
our knowledge, the whole-brain functional network and its
properties have not been investigated in prelingually deaf
adolescents yet.

We hypothesized the architectures or properties of brain
network would change in prelingually deaf adolescents. In
the present study, we used resting-state fMRI and graph
theory analysis to investigate alterations of whole-brain func-
tional networks in prelingually deaf adolescents. Functional
brain network was constructed based on mean time series
extracted from 90 brain regions. Functional connectivity
patterns were studied in deaf and control groups, respectively,
and compared between two groups. The global network

Table 1: Biographical information of two groups.

Normal controls Deaf adolescents
Number 15 15
Male/female 8/7 8/7
Mean age (years) 14.81 14.32
Standard deviation
(SD) age (years) 2.07 2.24

Age range (years) 10∼18 10∼18

property of small-worldness was evaluated in each group and
group differences were investigated as well. Besides, nodal
topological parameters were calculated and brain hubs were
identified for deaf and control groups, respectively. Nodal
properties were finally compared in all the hubs between
prelingually deaf adolescents and normal controls.

2. Materials and Methods
2.1. Subjects. In this study, we recruited 16 prelingually deaf
adolescents and 16 normal controls with matched age (𝑝 =
0.815) and gender (Chi-Squared 𝑝 = 1.0), which were
the same as the data used in our previous studies [7, 8,
24]. All prelingually deaf adolescents suffered from severe
sensorineural hearing loss after the birth and had amean pure
tone audiometry average air conduction threshold greater
than 90 dB of hearing loss for the better ear and no single
frequency better than 45 dB of hearing loss between 500
and 4000Hz. All deaf subjects wore hearing aids and learnt
Chinese sign language. Furthermore, all subjects had neither
history of central nervous system disease nor significant
head trauma. All subjects underwent an identical resting-
state fMRI paradigm. The data from one prelingually deaf
adolescent and one normal control were discarded due to
excessive headmovement during scanning.Therefore, 15 deaf
subjects (age 14.32 ± 2.24 years, 10∼18 years; 8 males) and
15 normal controls (age 14.81 ± 2.07 years, 10∼18 years; 8
males) remained, and these two groups were still matched
in age (𝑝 = 0.769) and gender (Chi-Squared 𝑝 = 1.0).
Detailed biographical information of all subjects is shown
in Table 1. This project was approved by the Committee at
Beijing Tongren Hospital, and all subjects and their parents
gave written informed consent before inclusion.

2.2. Data Acquisition. Resting-state fMRI data were collected
from all subjects on a 3-Tesla MR imaging scanner (GE
Medical System,Milwaukee,WI, USA)with an eight-channel
phased-array head coil. To acquire resting-state fMRI data,
all subjects lay on their backs and were instructed explicitly
to keep their eyes closed and not to think of anything in
particular. Foam padding was used to limit head motion
and reduce scanner noises. The scanning parameters were as
follows: repetition time (TR) = 2000ms, echo time (TE) =
30ms, field of view (FOV) = 24 × 24 cm2, matrix size = 64 ×
64, slice thickness = 5mm, and flip angle = 90∘, yielding
28 axial slices with in-plane resolution of 3.75 × 3.75 cm2.
The fMRI scanning lasted 400 s and 200 volumes were
obtained for each subject.
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Furthermore, high-resolution T1-weighted structural
brain images were collected for structural reference using a
3D SPGR sequence (TR = 9ms, TE = 3.5ms, inversion time
(TI) = 450ms, FOV = 24 × 24 cm2, matrix size = 256 × 256,
slice thickness = 1mm, and flip angle = 13∘, yielding 196 sagit-
tal slices with in-plane resolution of 0.9375 × 0.9375 cm2).

2.3. Data Preprocessing. The preprocessing steps were per-
formed using the Statistical Parametric Mapping (SPM8,
http://www.fil.ion.ucl.ac.uk/spm, Wellcome Department of
Cognitive Neurology, London, UK, 2008) on a Matlab 7.9
platform (MathWorks, Natick, MA, USA). The first 10 vol-
umes of the resting-state fMRI data were discarded because
of the initial transient effects and the adaption of the sub-
jects to the environment. The remaining 190 time points
were corrected for within-scan acquisition time differences
between slices and realigned to the first image for headmove-
ment correction, resulting in 3 translational and 3 rotational
parameters. The subjects with excessive head movement
(translation > 2mm and rotation degree > 3∘) were thus
excluded. Subsequently, the functional scans were spatially
normalized to a standard space (Montreal Neurological
Institute, MNI) using the normalization parameters from T1
image with high resolution to structural T1 template in MNI
space and resampled to 3 × 3 × 3mm3. The images were then
smoothed with a 6mm full width at half maximum (FWHM)
isotropicGaussian kernel. After that, the preprocessed images
were linearly drifted and passed through a band-pass filter
(0.01–0.08Hz) to remove the effects of low frequency drift
and physiological high frequency respiratory and cardiac
noise. We regressed out six parameters of head movement
as well as mean signals of the whole brain, white matter, and
cerebral spinal fluid.

2.4. Network Construction. The functional images were par-
cellated into 90 brain regions (45 regions for each hemi-
sphere) based on Automated Anatomical Labelling (AAL)
template (see Table 2). To construct the whole-brain network,
time courses were first extracted from all voxels within each
ROI and averaged.Then, Pearson’s correlation coefficient was
calculated between pairs of regions throughout the whole
brain, resulting in a 90 × 90 correlation matrix. Larger
correlation coefficients indicate more synchronized time
courses between the corresponding pairs of regions, implying
stronger functional connectivity between these two regions.

2.5. Graph Theory Analysis. Brain network properties were
analyzed using graph theory based on the correlation matrix,
in which 90 ROIs and their connections were considered
as nodes and edges, respectively. The correlation matrix was
binarized by a given threshold, resulting in a sparse matrix.
We adjusted the threshold and obtained a series of connec-
tivity matrices with different sparsities. Using graph theory
analysis, we characterized the global topological properties
of brain functional networks using the parameters of small-
worldness (𝜎), which was defined as [25]

𝜎 =

𝛾

𝜆

=

𝐶

real
𝑝
/𝐶

rand
𝑝

𝐿

real
𝑝
/𝐿

rand
𝑝

, (1)

Table 2: Regions of interest (ROI) defined in AAL template.

Region name Abbr. Labels
L R

Precentral gyrus PreCG 1 2
Superior frontal gyrus, dorsolateral SFGdor 3 4
Superior frontal gyrus, orbital SFGorb 5 6
Middle frontal gyrus MFG 7 8
Middle frontal gyrus, orbital MFGorb 9 10
Inferior frontal gyrus, opercular IFGoper 11 12
Inferior frontal gyrus, triangular IFGtri 13 14
Inferior frontal gyrus, orbital IFGorb 15 16
Rolandic operculum ROL 17 18
Supplementary motor area SMA 19 20
Olfactory cortex OLF 21 22
Superior frontal gyrus, medial SFGmed 23 24
Superior frontal gyrus, medial orbital SFGmorb 25 26
Gyrus rectus REG 27 28
Insula INS 29 30
Anterior cingulate gyrus ACG 31 32
Median cingulate gyrus MCG 33 34
Posterior cingulate gyrus PCG 35 36
Hippocampus HIP 37 38
Parahippocampal gyrus PHIP 39 40
Amygdala AMYG 41 42
Calcarine fissure CAL 43 44
Cuneus CUN 45 46
Lingual gyrus LING 47 48
Superior occipital gyrus SOG 49 50
Middle occipital gyrus MOG 51 52
Inferior occipital gyrus IOG 53 54
Fusiform gyrus FG 55 56
Postcentral gyrus PoCG 57 58
Superior parietal gyrus SPG 59 60
Inferior parietal gyrus IPG 61 62
Supramarginal gyrus SMG 63 64
Angular gyrus ANG 65 66
Precuneus PCNU 67 68
Paracentral lobule PCL 69 70
Caudate CAU 71 72
Putamen PUT 73 74
Pallidum PAL 75 76
Thalamus THA 77 78
Heschl gyrus HES 79 80
Superior temporal gyrus STG 81 82
Superior temporal gyrus, temporal pole STGp 83 84
Middle temporal gyrus MTG 85 86
Middle temporal gyrus, temporal pole MTGp 87 88
Inferior temporal gyrus ITG 89 90

where 𝛾 and 𝜆 are normalized clustering coefficient and
normalized path length, respectively.The normalized cluster-
ing coefficient is the ratio of clustering coefficient of a real
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network 𝐶real
𝑝

to that of a random network 𝐶rand
𝑝

, and the
normalized path length is defined as the ratio of characteristic
path length of a real network𝐿real

𝑝
to that of a randomnetwork

𝐿

rand
𝑝

.
Here, clustering coefficient 𝐶

𝑝
is a measure of the degree

to which nodes in a network cluster together and is defined
as

𝐶

𝑝
=

1
𝑛

𝑛

∑

𝑖=1

2𝐸
𝑖
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where 𝐷nod(𝑖) is the degree of the node 𝑖, which is defined
in the following part of this section, 𝐸

𝑖
is the total number

of edges connecting the node 𝑖 with the nodes which are the
nearest neighbors to the node 𝑖, and𝑁 is the number of nodes
in the network.

Characteristic path length 𝐿
𝑝
is the average shortest path

length between two nodes over all pairs of nodes and is
defined as

𝐿

𝑝
=

∑

𝑖
∑

𝑗
𝐿

𝑖𝑗

𝑛 (𝑛 − 1)
,

(3)

where 𝑛 is the number of nodes in the network and 𝐿
𝑖𝑗
is the

shortest path length between nodes 𝑖 and 𝑗.
A network is said to have the property of small-worldness

if it satisfies 𝜆 ≈ 1 and 𝛾 ≫ 1 or 𝜎 = 𝛾/𝜆 ≫ 1.
It has been demonstrated that the sparsity of 12% is

close to an optimal threshold at which most informative
network edges are retained and disconnections between
nodes are rare [26, 27]. Therefore, we chose 12% as the
sparsity threshold for analysis of nodal topological properties,
including betweenness centrality, nodal degree, and nodal
efficiency, which are defined as follows.

(1) Betweenness Centrality. Betweenness centrality 𝐶
𝑏
is a

measure of the number of times that a node is along
the shortest path between other two nodes, reflecting the
importance of the individual node in the overall network
structure. It is computed as follows:

𝐶

𝑏
= ∑

𝑠 ̸=𝑖 ̸=𝑡∈𝑁

𝛿

𝑠𝑡
(𝑖)

𝛿

𝑠𝑡

, (4)

where𝑁 is the set of all nodes in the network, 𝛿
𝑠𝑡
is the total

number of shortest paths from node 𝑠 to node 𝑡, and 𝛿
𝑠𝑡
(𝑖) is

the number of the paths that pass through the node 𝑖.

(2) Nodal Degree. Nodal degree of the node 𝑖 (𝐷nod(𝑖)) in a
network is the number of connections linking the node with
all other nodes and is defined as

𝐷nod (𝑖) = ∑
𝑗∈𝑁

𝑎

𝑖𝑗
, (5)

where 𝑁 is the set of all nodes in the network and 𝑎
𝑖𝑗
is the

connection status between node 𝑖 and node 𝑗 (𝑎
𝑖𝑗
= 1 when

the connection exists, and 𝑎
𝑖𝑗
= 0 otherwise).

(3) Nodal Efficiency. Nodal efficiency of the node 𝑖 (𝐸nod(𝑖))
is the mean of the inverse shortest path length from node 𝑖 to
all other nodes and is defined as

𝐸nod (𝑖) =
1
𝑛

∑

𝑗 ̸=𝑖

1
𝐿

𝑖𝑗

, (6)

where 𝑛 is the number of nodes in the network and 𝐿
𝑖𝑗
is the

shortest path length between nodes 𝑖 and 𝑗.

2.6. Statistical Analysis

2.6.1. Analysis ofWhole-Brain Functional Connectivity. When
constructing whole-brain network using resting-state fMRI,
the correlation matrix characterized the brain functional
connectivity pattern for each subject. To identify significant
connectivity pattern in each group, one-sample 𝑡-test was
performed to find significantly positive correlation in deaf
group and normal controls, respectively, indicating signifi-
cant connections between pairs of regions throughout the
whole brain. To compare differences of connectivity patterns
between groups, Fisher’s 𝑅-to-𝑍 transformation was first
performed and then two-sample 𝑡-test was conducted on
the correlation matrices between prelingually deaf adoles-
cents and normal controls. These statistical results were
corrected for multiple comparisons using partial Bonferroni
correction which considers the correlation between the
dependent variables. This correction method was imple-
mented using the Simple Interactive Statistical Analysis Bon-
ferroni tool (http://www.quantitativeskills.com/sisa/calcula-
tions/bonfer.htm), which optimally balanced Type-I and
Type-II errors. When performing one-sample 𝑡-test, the
mean correlation coefficient between all variables in the
matrix was 0.2236 in control group and 0.2274 in deaf group,
leading to an equivalent corrected 𝑝 of 7.94𝑒 − 5 for control
group and 8.63𝑒 − 5 for deaf group (number of tests = 90 ∗
89/2 = 4005), respectively. For analysis of group differences,
themean correlation coefficient between pairs of variables for
all subjects was 0.1624, resulting in an equivalent corrected 𝑝
of 4.83𝑒 − 5.

2.6.2. Analysis of Network Topological Properties. To present
the properties of brain functional network for each group,
the property of small-worldness was analyzed at different
sparsities (from 10% to 45%) for prelingually deaf adolescents
and normal controls, respectively. Then, two-sample 𝑡-test
was performed between two groups to figure out the group
differences.

As described above, we chose 12% as the sparsity thresh-
old for analysis of nodal topological properties. First, the
mean betweenness centrality, mean nodal degree, and mean
nodal efficiency were calculated for each node in deaf and
normal groups, respectively. Then, we ranked them among
all the nodes with the highest score (90) for the highest
betweenness centrality, nodal degree, and nodal efficiency,
respectively, and the scores for each measure were summed
up for each node. The top 20% nodes (18 out of 90 nodes)
with high scores were identified as hub nodes in each group.
The three nodal topological parameters were then compared
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Figure 1: 3D views of functional connectivity patterns in normal controls (a) and prelingually deaf adolescents (b).
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Figure 2: Group differences of brain functional connectivity between prelingually deaf adolescents and normal controls (uncorrected, 𝑝 <
0.05). (a) represents stronger functional connectivity in normal controls, while (b) shows stronger connectivity in prelingually deaf subjects.
The red color indicates unilateral connections, and the blue color indicates bilateral connections.

between two groups for the hubs using two-sample 𝑡-test and
the results were corrected for multiple comparisons using
partial Bonferroni correction as well.

3. Results

3.1.Whole-Brain Functional Connectivity Pattern. Using one-
sample 𝑡-test, significant functional connectivitywas detected
for both prelingually deaf adolescents and normal controls
after partial Bonferroni correction (as shown in Figure 1).The
3D view in Figure 1 was visualized with the BrainNet Viewer
(http://www.nitrc.org/projects/bnv) [28]. The figure shows
functional connectivity was widely distributed throughout
the whole brain in both groups.

To identify group differences of functional connectivity
throughout the whole brain, connectivity matrices were

compared between two groups. Figure 2 shows the group
differences before correction for multiple comparisons. From
the figure, we can see that prelingually deaf adolescents show
weaker connectivity between the regions within the temporal
lobe, but stronger connectivity between regions in the occip-
ital lobe and regions in the limbic system and temporal lobe.
After partial Bonferroni correction, prelingually deaf adoles-
cents showed significantly increased functional connectivity
between the right superior gyrus (SPG) and right insula
(INS) and between the left middle temporal gyrus (MTG)
and right posterior cingulate gyrus (PCG) when compared
with normal controls (see Figure 3). Besides, significantly
decreased connectivity was found in deaf group between
the right SPG and left middle frontal gyrus (orbital part,
MFGorb) and between the right postcentral gyrus (PoCG)
and left inferior frontal gyrus (opercular part, IFGoper).
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Figure 3: The 3D view for group differences after correction for
multiple comparisons. While the warm color represents stronger
connectivity in prelingually deaf adolescents compared to normal
controls, the cold color suggests weaker connectivity.
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Figure 4: Small world index 𝜎 across sparsities from 10% to 45%
with an interval of 1% in prelingually deaf adolescents (red color)
and normal controls (blue color). Both of the two groups present
the property of small-worldness since 𝜎 ≫ 1.

3.2. Properties of Brain Functional Network. Small-worldness
𝜎 of brain functional network was measured at different
sparsity (from 10% to 45% with an interval of 1%) in deaf
group and control group, respectively. As shown in Figure 4,
we found 𝜎 ≫ 1 across all the sparsities in both groups,
indicating that the network has the property of small-
worldness. We did not find significant differences of the
small world index between prelingually deaf adolescents and
normal controls.

Besides the global network property, the regional topo-
logical properties, including betweenness centrality, nodal
degree, and nodal efficiency, were calculated in each ROI.
Figure 5 shows the mean values for these regional properties
in control and deaf groups.

3.3. Hubs of Brain Network. The hub in the network is
supposed to have relatively high betweenness centrality,

nodal degree, and nodal efficiency. Based on the method
described in Section 2, we identified 18 regions out of 90
ROIs as the hubs in each group at the sparsity of 12% since
a network with this sparsity tends to retain the edges with
most information and ensure disconnection is rare. As shown
in Figure 6 and Table 3, ten brain regions, including the
right rolandic operculum (ROL), left gyrus rectus (REG),
bilateral calcarine fissure (CAL), right lingual gyrus (LING),
left putamen (PUT), right pallidum (PAL), bilateral Heschl
gyrus (HES), and right superior temporal gyrus (STG), were
the hubs in both deaf and control groups. Besides, the
middle and superior frontal gyri and cuneus (CUN) were
hubs in deaf group but not in control group, while the right
precentral gyrus (PreCG), bilateral hippocampus (HIPP),
and supramarginal gyrus (SMG) were hubs only in control
group.

3.4. Group Differences of Topological Parameters for Hubs.
There were a total of 26 brain regions identified as hubs
either in deaf or in control groups. The nodal topological
parameters, including betweenness centrality, nodal degree,
and nodal efficiency, were compared for these nodes between
prelingually deaf adolescents andnormal controls. Significant
differences did not survive after correction for multiple com-
parisons. However, we found trends for group differences, as
listed in Table 3. Betweenness centrality is higher in the left
superior frontal gyrus (orbital part, SFGorb) (𝑝 = 0.0204, not
corrected) and is lower in the left ROL (𝑝 = 0.0480), SMG
(𝑝 = 0.0251), and PAL (𝑝 = 0.0221) in deaf group relative
to control group. Besides, prelingually deaf adolescents have
higher nodal degree in the left middle frontal gyrus (orbital
part, MFGorb) (𝑝 = 0.0484) and left superior frontal gyrus
(medial part, SFGmed) (𝑝 = 0.0302) and lower nodal
efficiency in the left ROL (𝑝 = 0.0367), left hippocampus
(𝑝 = 0.0442), and left pallidum (𝑝 = 0.0015).

4. Discussions

The present study employed resting-state fMRI and graph
theory analysis to investigate changes of brain functional
network in prelingually deaf adolescents. Functional con-
nectivity was widely distributed in both deaf and control
groups, and significant differences were found for connec-
tions between the right SPG and right insula, the left MTG
and right PCG, the right SPG and left MFGorb, and the
right PoCG and left IFGoper. The whole-brain network has
the property of small-worldness in both prelingually deaf
adolescents and normal controls. Ten regions were identified
as the hubs in both groups. While the middle and superior
frontal gyri andCUNwere the hubs that emerged only in deaf
group, the right PreCG, bilateral HIPP, and SMG were hubs
only in control group. These findings provide new evidence
for brain reorganization in prelingually deaf adolescents and
could help to understand the working mechanism in the
period of brain development after hearing loss.

In prelingually deaf adolescents, functional connectivity
was widely distributed as observed in normal controls but
differed in the connectivity pattern. Significantly increased
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Figure 5: Bar plots for the average value for regional topological properties of 90 ROIs, including betweenness centrality (a), nodal degree
(b), and nodal efficiency (c), in control and deaf groups. The blue color indicates the control group, and the red color represents the deaf
group.
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Figure 6: Hubs for brain functional networks in control (a) and deaf (b) groups.The hubs identified in both groups are shown in green color.
While the hubs for the control group only are present with blue color, the hubs for the deaf group only are shown in red color.

connectivity was detected between the right SPG and right
insula and between the left MTG and right PCG. The insula
and PCG are in limbic system, which are thought to play
an important role in recruiting relevant brain regions for
sensory information processing [29]. The SPG is supposed
to receive considerable visual input and is involved in visual-
spatial relations [30]. Besides, the MTG has been reported to
be one of the critical nodes in the brain’s language network,
which can access wordmeaningwhile reading [31].Therefore,

our findings of increased connectivity between these regions
suggest that the limbic system in prelingually deaf adolescents
could reinforce the processing of the visual and verbal infor-
mation due to the deprivation of auditory sensory processing.
Additionally, we found decreased functional connectivity
between the right SPG and left MFGorb and between the
right PoCG and left IFGoper. Evidence suggests that the
left MFG is the specific brain region for Chinese reading
[32], and the left IFG is extremely important for language
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Table 3: Group differences of nodal topological parameters in hubs (not corrected).

Brain region Hubs BC ND NE
Deaf Control D > C D < C D > C D < C D > C D < C

PreCG.R nonhub hub ns ns ns ns ns Ns
SFGorb.L hub nonhub 0.0204 ns ns ns ns Ns
MFGorb.L hub nonhub ns ns 0.0484 ns ns Ns
MFGorb.R hub nonhub ns ns ns ns ns Ns
ROL.L nonhub hub ns 0.0480 ns ns ns 0.0367
ROL.R hub hub ns ns ns ns ns Ns
SFGmed.L hub nonhub ns ns 0.0302 ns ns Ns
REG.L hub hub ns ns ns ns ns Ns
REG.R hub nonhub ns ns ns ns ns Ns
HIP.L nonhub hub ns ns ns ns ns 0.0442
HIP.R nonhub hub ns ns ns ns ns Ns
CAL.L hub hub ns ns ns ns ns Ns
CAL.R hub hub ns ns ns ns ns Ns
LING.L hub nonhub ns ns ns ns ns Ns
LING.R hub hub ns ns ns ns ns Ns
SMG.L nonhub hub ns 0.0251 ns ns ns Ns
SMG.R nonhub hub ns ns ns ns ns Ns
CUN.L hub nonhub ns ns ns ns ns Ns
PUT.L hub hub ns ns ns ns ns Ns
PUT.R nonhub hub ns ns ns ns ns Ns
PAL.L nonhub hub ns 0.0221 ns ns ns 0.0015
PAL.R hub hub ns ns ns ns ns Ns
HES.L hub hub ns ns ns ns ns Ns
HES.R hub hub ns ns ns ns ns Ns
STG.L hub nonhub ns ns ns Ns ns Ns
STG.R hub hub ns ns ns Ns ns Ns
D > C: deaf > control; D < C: deaf < control; ns: not significant.

comprehension and production [33]. The decreased connec-
tivity might be caused by the inferior skills of reading or
speaking observed in most of the deaf subjects [34, 35].

Although it is not significant, we found a trend of signif-
icance for group differences in functional connectivity pat-
tern. Connectivity between the regions within the temporal
lobe was found to be weaker in prelingually deaf adolescents,
indicating that the auditory cortex are less activated to audi-
tory stimuli. In contrast, stronger connectivity was observed
between regions in the occipital lobe and regions in the
temporal lobe, which were identified as primary visual and
auditory cortices, respectively. This result is consistent with
one of our findings in the previous study [23], which detected
significantly stronger structural connections between visual
and auditory systems in prelingually deaf adolescents.

Using graph theory analysis, whole-brain network holds
the property of small-worldness in both prelingually deaf
adolescents and normal controls. The small world index
was almost the same across all the sparsities from 10%
to 45% (with an interval of 1%) between the two groups
(see Figure 3). This result suggests that the effectiveness
of information transferring of the brain network was not
affected even without auditory inputs in prelingually deaf
adolescents.

In the brain network, hubs are regions playing an impor-
tant role in facilitating communication among parallel, dis-
tributed brain networks [36]. Eighteen hubs were identified
in each group. In control group, the hubs included the right
PreCG, bilateral ROL, left REG, bilateral HIPP, bilateral CAL,
right LING, bilateral PUT, bilateral PAL, bilateral HES, and
right STG. Compared with healthy adolescents, middle and
superior frontal gyri, left LING, left CUN, left STG, and
right REG were hubs only observed in prelingually deaf
adolescents. Evidences show that the STG is the primary
auditory cortex and is involved in phonological processing for
speech perception and production as well [37, 38]. Although
not activated by auditory stimuli, auditory regions could
be activated by other stimuli [1–4] as stated in Section 1.
Therefore, auditory regions might become a brain hub
connecting with other brain regions. In the hubs of deaf
subjects, the LING and CUN are associated with visual
processing [39, 40]. To adapt to deficient auditory input,
prelingually deaf adolescents could rely critically on vision to
interact with the external environment. Our findings of the
hubs in LING and CUN suggest the improvement of visual
performance in deaf adolescents, supporting cross-modal
changes in visual processing. Of note, deaf subjects recruited
in the present study learnChinese SignLanguage (CSL). It has
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been demonstrated that the middle and superior frontal gyri
can be activated during observing and imitating CSL [41].
We speculated that the hubs of MFG and SFG only observed
in prelingually deaf subjects might be caused by the use of
CSL. All the above changes indicate brain reorganizations
after hearing loss in prelingually deaf adolescents.

There are still some limitations in the present study.
First, the sample size is relatively small. We recruited 16
prelingually deaf adolescents and 16 normal controls, and
15 subjects remained for each group after removing subjects
with excessive headmovement.More subjects will be scanned
in further studies. Second, the effects of clinical parameters,
such as the information for the use of sign language and
hearing aids, were not analyzed in the present study, which
will be taken into consideration in future.

5. Conclusions

The present study employed resting-state fMRI and graph
theory to investigate alterations of brain functional net-
work in prelingually deaf adolescents compared to normal
controls. Functional connectivity was widely distributed in
prelingually deaf adolescents. Increased connectivity was
significantly found between the limbic system and visual
and language-related regions, suggesting reinforcement of
the processing for the visual and verbal information in deaf
adolescents. Decreased connectivity was detected between
the visual regions and language regions possibly due to
inferior reading or speaking skills in deaf subjects. Graph
theory analysis revealed that brain functional network holds
small-worldness in both prelingually deaf adolescents and
normal controls. Compared with healthy adolescents, middle
and superior frontal gyri, left LING, left CUN, left STG,
and right REG were hubs only observed in prelingually deaf
adolescents. These hubs were involved in visual, language,
and auditory processing, reflecting brain reorganization to
adapt to deficient auditory input.
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This paper proposed a prewhitening invariance of noise space (PW-INN) as a newmagnetoencephalography (MEG) source analysis
method, which is particularly suitable for localizing closely spaced and highly correlated cortical sources under real MEG noise.
Conventional source localization methods, such as sLORETA and beamformer, cannot distinguish closely spaced cortical sources,
especially under strong intersource correlation. Our previous work proposed an invariance of noise space (INN)method to resolve
closely spaced sources, but its performance is seriously degraded under correlated noise betweenMEG sensors.The proposed PW-
INNmethod largely mitigates the adverse influence of correlatedMEG noise by projectingMEG data to a new space defined by the
orthogonal complement of dominant eigenvectors of correlatedMEG noise. Simulation results showed that PW-INN is superior to
INN, sLORETA, and beamformer in terms of localization accuracy for closely spaced and highly correlated sources. Lastly, source
connectivity between closely spaced sources can be satisfactorily constructed from source time courses estimated by PW-INN but
not from results of other conventional methods. Therefore, the proposed PW-INN method is a promising MEG source analysis to
provide a high spatial-temporal characterization of cortical activity and connectivity, which is crucial for basic and clinical research
of neural plasticity.

1. Introduction

Magnetoencephalography (MEG) is becoming a more and
more popular brain imaging tool for exploring brain dynam-
ics and interactions because of its millisecond temporal
precision and high spatial resolution [1]. Particularly, the
high temporal-spatial resolution of MEG enables tracking of
dynamic neuronal interactions, which is crucial to study neu-
ral plasticity [2–5]. For example, surgical resection is a neces-
sary operation for serious brain tumors-II gliomas, and it is
important to precisely localize resection regions to optimize
the benefit/risk ratio of the surgery. The variability of normal

anatomy and the functional reorganization due to cerebral
plasticity phenomena make classic anatomic boundaries
insufficient for predicting associated function. The emerg-
ing technology of individual brain mapping and functional
connectivity (FC) can individually generate a functional map
and facilitate localization of functional boundaries, which
will greatly increase the accuracy in surgical resection (for
a review, see [4]). Also, Tarapore et al. suggested that MEG-
based FC was a better predictor of long-term postoperative
morbidity than intraoperative electrical stimulation [6]. In
such a case, neural plasticity plays an important role in
postoperative brain tissue and function development and FC
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2 Neural Plasticity

can provide reliable indicators of neural plasticity related to
postoperative neural development. In addition, the study of
MEG-based FC is useful for understanding the short-term
plasticity associated with sleep and memory. For example,
generators of the oscillatory regime and FC underlying early
and late synchrony may help understand the role of sleep
spindles in brain plasticity [7].

Generally, MEG-based brain connectivity analysis can be
conducted at two levels: sensor level and source level. Inter-
pretation of sensor-level connectivity is not straightforward,
as it suffers from a low spatial resolution and is severely
corrupted by effects of field spread [8]. To overcome the limi-
tation of sensor-level connectivity analysis, it is more desired
to estimate connectivity among cortical sources. Source-level
connectivity analysis generally comprises two steps: source
localization and connectivity analysis [9]. Firstly, the loca-
tions ofMEG sources and their time courses will be estimated
using a spatiotemporal source model from scalp waveforms
to mitigate the intrinsic volume conduction (field spread)
effect. Second, connectivity measures (such as correlation
and phase synchronization) will be estimated from time
courses of cortical sources. Therefore, correct estimates of
source locations and their time courses are the prerequisites
of source-level connectivity analysis.

Many source localization methods, such as the linear
constraint minimum variance (LCMV) beamformer [10, 11],
and sLORETA (standardized low resolution brain electro-
magnetic tomography) [12] have been widely used to identify
source locations from MEG and to reconstruct time courses
in source space. However, these classical source localization
methods have difficulty in resolving sources with strong
connectivity (i.e., source time courses are highly correlated),
especially when underlying sources are closely spaced. As
shown in [8], previouswork have already attempted to resolve
correlated sources, such as [13, 14]. However, the distance
between sources is generally randomly set in simulations of
these papers. A close distance between two sources will add
the difficulty in sources localization, because two sources
have very similar lead field. Apparently, inaccurate results of
source localization will lead to distorted reconstruction of
source time courses and then will adversely affect sequential
source connectivity analysis. In our previous paper, a new
source localization method, invariance of noise space (INN)
[15], has been proposed for MEG source localization. Based
on the fact that modulations of source strengths only change
the variance in signal subspace but do not change that in
noise subspace, the INN method can provide more accurate
results than conventional source localization methods, such
as LCMV beamformer and MUSIC. In particular, INN has
better performance in dealing with sources with strong
interaction, even in the case that multiple sources are close
to each other [15]. However, the simulation study in [15] only
tested the performance of INN under simulated Gaussian
noise and it is still not clear whether the INN method can
work well under real-world MEG noise. Actually, MEG noise
has different properties withGaussian noise. RealMEGnoise,
as a kind of spatially correlated noise, is a combination
of SQUID (superconducting quantum interference device)
noise and interference generated by both environmental and

biomagnetic sources of no interest. While a Gaussian model
may be adequate for describing SQUID noise, the interfer-
ence will necessarily be correlated across MEG sensors and
will not exhibit a flat frequency spectrum as white noise
does. Therefore, it is necessary to examine the effectiveness
of the INN method in source localization and subsequent
source connectivity analysis in a real noise environment.
More importantly, correlated noise usually deteriorates per-
formance of source localization, so it is desirable to further
improve the INNmethod to make it robust under real-world
correlated noise.

In this study, we first intensively investigate the perfor-
mance of INN in identifying sources, under the condition of
simulated white noise as well as real spontaneousMEG noise.
We particularly focus on the cases where sources are closely
spaced and highly correlated. Further, to alleviate the effect
of the correlated noise on localization performance of INN,
we proposed a new prewhitening INN (PW-INN) method,
which can suppress correlated noise by projecting MEG
data to a new space defined by the orthogonal complement
of dominant eigenvectors of correlated MEG noise. Next,
based on identified source locations using PW-INN, source
time courses can be derived using the classical least squares
method. Finally, we used phase synchronization (PS) to
measure the FC between source time courses estimated using
PW-INN. For comparison, the classical LCMV beamformer
and sLORETA are also tested on simulated MEG data in
terms of their performance in identification of source loca-
tions, reconstruction of source time courses, and inference of
source connectivity.

2. Methods and Materials

2.1. Methods

2.1.1. Problem Formulation. TheMEG data Y(𝑡) generated by
current dipole sources can be modeled as

Y (𝑡) = AX (𝑡) + n (𝑡) , (1)

where A is the gain matrix relating the measured signals to
the dipole amplitudes, rows of X(𝑡) are the time courses of
the current dipoles, and n(𝑡) is additive noise.

Assuming that n(𝑡) is uncorrelated across the channels,
that the variance of the noise on each channel is 𝜎2, and that
the signal and noise are uncorrelated, the correlation matrix
of the MEG data is

R = ⟨Y (𝑡)Y (𝑡)𝑇⟩ = APA𝑇 + 𝜎2I, (2)

where P = ⟨X(𝑡)X(𝑡)𝑇⟩. Based on this assumption of
uncorrelated noise, many source localization methods have
been developed. However, this assumption does not hold true
for real MEG signals. In the following, we will first introduce
classical source localization methods, LCMV beamformer
and sLORETA, and then develop a new source localization
method to deal with real-world correlated noise.

2.1.2. Beamformer. Beamformers, as adaptive spatial filters,
pass the signal fromdesirable locationswhile blocking signals
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from other locations. The source activity s(𝜃, 𝑡) at location 𝜃
and time 𝑡 is estimated by a simple linear operation,

s (𝜃, 𝑡) =W (𝜃)
𝑇 Y (𝑡) , (3)

where W(𝜃) is a column vector consisting of a set of spatial
filter weights. In an LCMV beamformer,W(𝜃)minimizes the
variance of the filter output:

minw W (𝜃)
𝑇RW (𝜃)

subject to W (𝜃)
𝑇 a (𝜃) = 1,

(4)

where a(𝜃) indicates the gain matrix at location 𝜃. The
solution of this constrained optimization problem [10, 11] is

W (𝜃) = R−1a (𝜃) [a (𝜃)𝑇R−1a (𝜃)]
−1

. (5)

Mapping the filter output as a function of location generates
functional (pseudo) image. In this study, we use a vector
LCMV beamformer described in previous studies [10, 11].

2.1.3. sLORETA. The sLORETA [12] is based on Minimum
Norm Estimation (MNE) [16] and it standardizes the source
distribution estimated from MNE by the variance of each
estimated dipole source. The solution of MNE at location 𝜃
and time 𝑡 can be written as

s (𝜃, 𝑡)MNE = A𝑇 (A𝑇A + 𝛽I)
−1
Y (𝜃, 𝑡) , (6)

where 𝛽 > 0 is a scalar regularization parameter to be chosen
allowing inversion of the matrix in parenthesis (Tikhonov
regularization) and I is the identity matrix. In order to obtain
sLORETA solution, s(𝜃, 𝑡)MNE is normalized by its estimated
variance 𝜎 assuming independence of source activity, defined
as 𝜎 = A𝑇(A𝑇A + 𝛽I)−1A. Then, the sLORETA solution at
source grid points 𝜃 at time 𝑡 is

s (𝜃, 𝑡)sLORETA = s (𝜃, 𝑡)𝑇MNE 𝜎
−1

𝜃
s (𝜃, 𝑡)MNE . (7)

2.1.4. INN. In [15], we developed a new INN method, which
is based on the assumption that the noise subspace of a
multidimensional signal is invariant with respect to the
strengths of the sources. Let us define a matrixD𝜃 as

D𝜃 = R + ℎa (𝜃) a (𝜃)𝑇 , (8)

where R is the data correlation matrix of (2), a(𝜃) is the lead
field matrix generated by a unit source at location 𝜃, and ℎ is
a positive constant scalar. The cost function of INN is

𝐽 (𝜃) =
1

∑
𝐾

𝑖=𝑝+1
(𝜇𝜃
𝑖
− 𝜆
𝑖
)
, (9)

where 𝜆
𝑖
is ordered singular values of R, 𝜇𝜃

𝑖
is the ordered

singular values of D(𝜃), 𝑝 indicates the number of sources,
and 𝐾 indicates the number of rows or columns of D(𝜃). As
(9) implies, if one probe source is exactly placed at one of
tentative source locations, only the variance of signal space

of D𝜃 will increase and the noise space keeps unchanged.
As a result, the cost function 𝐽(𝜃) will generate a peak since
the denominator in (8) is approximately equal to zero. On
the other hand, if one probe source is placed at locations
other than true source locations, the noise space of D𝜃 will
correspondingly change. Then, 𝐽(𝜃) will obtain a small value
since the values of the denominator in (8) will deviate from
zero. The values of the cost function 𝐽(𝜃) can be used as
imaging indices to generate pseudoimages, and the peaks of
𝐽(𝜃) could be regarded as the locations of the sources.

2.1.5. Prewhitening INN (PW-INN). LCMV beamformer,
sLORETA, and INN are all based on the assumption of
uncorrelated noise, which is actually not true for real MEG
signals. Generally, MEG noise is correlated between MEG
channels. Denoting the additive correlated noise as n

𝑐
(𝑡),

then (1) becomes

Y (𝑡) = AX (𝑡) + n
𝑐
(𝑡) . (10)

By singular value decomposition of the noise covariance
matrix R

𝑐
= ⟨n

𝑐
(𝑡)n
𝑐
(𝑡)
𝑇
⟩, we obtain 𝑀 dominant left

eigenvectors, S
𝑖
, 𝑖 = 1, . . . ,𝑀. Here, the first𝑀 eigenvectors,

accounting for most of total noise variance (e.g., 90%), were
chosen to construct a matrix [S

1
, S
2
, . . . , S

𝑀
].The orthogonal

complementmatrix of [S
1
, S
2
, . . . , S

𝑀
], indicated by P, can be

calculated according to

P = I − (S
1
S𝑇
1
+ S
2
S𝑇
2
+ ⋅ ⋅ ⋅ + S

𝑀
S𝑇
3
) . (11)

Multiplying P to two sides of (1), we get

PY (𝑡) = PAX (𝑡) + Pn
𝑐
(𝑡) . (12)

It is straightforward that n
𝑐
(𝑡) can be decomposed into

n
𝑐
(𝑡) ≈ S

1
V𝑇
1
+ S
2
V𝑇
2
+ ⋅ ⋅ ⋅ + S

𝑀
V𝑇
𝑀
, (13)

where V
𝑖
𝑖 = 1, . . . ,𝑀, indicates the components along

the directions S
𝑖
𝑖 = 1, . . . ,𝑀, respectively. By multiplying

(11) and (13), we can readily get Pn
𝑐
(𝑡) ≈ 0. That is, by

projecting correlated signals to the space defined by P, the
second term of the right side of (12) almost disappears.
Then, the conventional INN method can be well applied
to the projected MEG data (i.e., PY(𝑡)) and projected lead
field Pa(𝜃). By this means, the new PW-INN method can
largely suppress correlated noise to overcome the limitation of
INN in presence of real-world correlated noise. Once source
locations are identified using PW-INN, source time courses
can easily be derived using the least squares method [17].

2.2. Simulations
2.2.1. Model Configuration and Parameter Definition. In the
simulations, the single layer sphere head model was adapted.
The sensor array comprised 272 magnetometers arranged
in an array on a sphere with 100mm radius. The average
distance between sensors was 22mm. Our coordinate system
is defined in Figure 1(a) and the whole brain was completely
encompassed by the sphere, as shown in Figure 1(b), and thus
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Figure 1: Simulation settings. (a) Coordinate system used in the simulation settings.The 𝑥-axis of the head coordinate system passes through
the two periauricular points with positive direction to the right. The 𝑦-axis passes through the nasion and is normal to the axis. The 𝑧-axis
points up according to the right-hand rule and is normal to the 𝑥𝑦 plane. (b) Illustration of the head model, where the whole brain was
completely encompassed by the sphere.

the brain volume was well modeled. The brain volume was
partitioned into about 17,000 grid points and the distance
between neighboring grid points is 5mm. Volume source
space was used in this study and the lead field was calculated
using NUTMEG [18, 19].The signal-to-noise ratio (SNR) was
defined as the ratio of the Frobenius norm of the data matrix
to that of the noise matrix. Two types of noise were employed
in simulations: white noise and real spontaneous MEG
recordings. The spontaneous MEG data used as simulated
noise were collected from a passive pure-tone listening task
and extracted from a prestimulus period. MEG data were
acquired with a 275-channel whole-head MEG device from
CTF Systems. The sampling frequency was set at 1200Hz.
The selected prestimulus MEG data included samples at
120 time points from −100ms to 0ms (stimulus onset).
Prestimulus MEG trials from one subject were used as real
MEG noise and added to simulatedMEG signal. In PW-INN,
the prestimulus MEG data used to construct the projection
matrix are randomly selected from trials of the same subject
that are different from those trials used to simulate real MEG
noise. Correlation coefficient (𝑟2) was used to measure the
degree of linear correlation between two source time courses.

2.2.2. Resolvability of Closely Spaced Sources. We first tested
how correlation and SNR modulate localization accuracy
of source localization methods. Two equally strong sources
were simulated: dipole 1 was located at (−5, 45, 40)mm with
orientation (−0.6 −0.1, −0.7) and dipole 2 was at (5, 45,
40)mm with orientation (−0.9, 0.2, −0.3). These two sources
were close to each other and intersource distance was 10mm.
The locations of these two dipoles were illustrated in Figure 2.
The time courses of the two sources were both 10Hz sine
functions with a duration of 100ms but with different phases.
Note that we only simulate evoked neural activities at sources

and do not include induced activities in our simulation. The
sampling frequency of the simulated waveforms was 1200Hz.
The correlation coefficient (𝑟2) between the two sources was
set to 1, 0.99, 0.97, 0.95, 0.9, 0.8, 0.7, 0.5, 0.3, or 0 by adjusting
the phase difference between the time courses. Uncorrelated
white Gaussian noise or real MEG noise was added to all
data points scaled such that SNR was 10, 12, 14, 16, 18, 20,
or 30. For each condition (a specific combination of SNR,
noise type, and 𝑟2), 100 trials of simulated evoked MEG
responseswere generated and the noise superimposed to each
trial was either independently generated (for white noise) or
randomly selected from available prestimulusMEG trials. All
data analyses were performed using in-houseMATLAB code.

2.2.3. Reconstruction of Source Time Courses and FC Analysis.
In this simulation, the simulated sources were configured
almost the same way as in Section 2.2.2. We tested the
performance of different source localization methods in
reconstruction of source time courses and FC analysis under
two stimulation cases. In Case 1, the phase difference between
two sources is set to 18 degrees and intersource correlation
coefficient is 0.95. In Case 2, the phase difference is set to 90
degrees and the intersource correlation coefficient is 0. After
source localization, the time courses of identified sources
were also reconstructed. Instead of plotting the reconstructed
source time courses in three orientations (𝑥𝑦𝑧-axes), in our
results we only showed the norm of source time courses,
which is called collective time courses (CTC).

Next, FC analysis was performed on reconstructed source
time courses. Only sources with energy larger than 90%
of the highest energy of the cost function were retained
for subsequent FC analysis, and their time courses were
reconstructed. A 6Hz–14Hz bandpass filter was applied on
source time courses and then the phases of these filtered
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Figure 2: True source locations overlaid on T1 anatomical images. Two closely spaced simulated sources (indicated by white crosses) are
located at (−5, 45, 40)mm and (5, 45, 40)mm, respectively. PW-INN-based source imaging result (obtained in the condition: real MEG
noise; SNR = 18; 𝑟2 = 0) was also shown as color-coded spatial patterns, where the color denotes the imaging index from (9). The dotted red
line in the sagittal view indicates the plane of 𝑧 = 40mm.

source time courses were extracted byHilbert transformation
for the subsequent FC analysis. Phase synchronization (PS)
[20, 21] is used to measure the FC between reconstructed
CTC at two source regions, because PS can effectively detect
correlation between two signals even if they have phase
difference [21]. PS is calculated as

PS (𝑙, 𝑚) = ⟨𝑒
Φ𝑙(𝑡)−Φ𝑚(𝑡)⟩


, (14)

whereΦ
𝑙
(𝑡) andΦ

𝑚
(𝑡) indicate the phases of the signals 𝑙 and

𝑚 at time t, respectively. A thresholding procedure was fur-
ther applied on FC values to retain 10% strongest FC among
all possible pairs of FC for a better visualization effect [21, 22].

3. Results

3.1. Source Imaging. Figures 3(a) and 3(b) compare the per-
formances of different source imaging methods under white
noise and real MEG noise, respectively, when SNR = 18 dB.
It can be clearly seen from Figure 3 that, regardless of which
type of noise (white or real MEG) was added, (1) sLORETA
cannot resolve these two closely spaced sources even if they
are not correlated; (2) the performance of beamformer in

resolving two closely spaced sources is decreased rapidly with
the increase of correlation, and when 𝑟2 ≥ 0.7 beamformer
merged two sources into one equivalent source; (3) INN and
PW-INN can still well resolve two sources even if correlation
coefficient is as high as 0.97; (4) when 𝑟2 = 1, which rarely
happens in reality, all methods failed to resolve sources.
By further comparing Figure 3(a) (under white noise) and
Figure 3(b) (under real MEG noise), we can see that (1)
real MEG noise increased the difficulty in resolving closely
spaced sources for all methods; (2) PW-INN outperformed
INN when two sources are highly correlated (𝑟2 = 0.99) only
under real MEG noise. The source imaging results of PW-
INN are also overlaid on anatomical images in Figure 2. The
better performance of PW-INN over INN can be explained
by Figure 4, which shows the spatial correlation between real
MEGnoise of different sensors before and after prewhitening.
It can be clearly seen that MEG noise exhibited very strong
spatial correlation, but the spatial correlation can be greatly
lowered by the prewhitening operation. For example, the sum
of absolute values of nondiagonal elements in the correlation
matrix, which represents the overall degree of cross-sensor
correlation, before prewhitening is 1.6 times larger than that
after prewhitening.
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Figure 3: Performance comparison between sLORETA, LCMV beamformer, INN, and PW-INN in resolving closely spaced sources in
presence of white noise (a) or real MEG noise (b). SNR is set to 18. Correlation coefficient (𝑟2) varied from 1 to 0. From leftmost column
to rightmost, 𝑟2 is sequentially set to 1, 0.99, 0.97, 0.95, 0.9, 0.8, 0.7, 0.5, 0.3, and 0. White crosses indicate true source locations and white dots
indicate estimated source locations. All results are obtained by averaging 100 independent trials.

We also compared these source imaging methods under
various levels of noise (SNR = [10, 12, 14, 16, 18, 20, or
30]). In general, as SNR increased, all methods can resolve
these two closely spaced sources with higher accuracy. The
performance difference between different methods under
other SNR values is similar to the observation under a
SNR of 18 dB. Due to page limitation, we only showed the
results under SNR = 18 dB in Figure 3. It should also be
noted that the prewhitening operation adopted by PW-INN
is also used for sLORETA and beamformer, but we did
not display the results here because prewhitening did not
significantly improve the performance of sLORETA or beam-
former.

3.2. Reconstruction of Source Time Courses. Figure 5 showed
the source imaging results and the corresponding source time
courses estimated using sLORETA, beamformer, and PW-
INN, respectively, when there was no correlation between
two simulated sources (𝑟2 = 0) and real MEG noise of
18 dB is added. For comparison, all time courses in Figure 5
were normalized by the corresponding maximum values.
The results of INN are not included here for comparison,
because the previous section has shown that the new PW-
INN method has better or at least comparable performance
than INN. It can be clearly seen from Figure 5 that beam-
former and PW-INN accurately identified two sources and
recovered the source time courses, while sLORETA failed to
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Figure 4: (a) Correlation coefficient matrix of real spontaneousMEG noise from a randomly selected trial. (b) Correlation coefficient matrix
of real spontaneous MEG noise after being projected to a new space defined by the orthogonal complement of dominant eigenvectors of
real MEG noise from another trial. The sum of absolute values of nondiagonal elements in (a) is 1.6 times larger than that in (b), implying
that the spatial correlation between MEG noise can be decreased by the prewhitening operation. Colorbar indicates the values of correlation
coefficient.

do so. As a comparison, Figure 6 showed source imaging
and reconstruction results with a correlation of 𝑟2 = 0.95.
We can see that when the correlation between two sources
is high both sLORETA and beamformer wrongly placed
an equivalent source between two true sources, and, thus,
they can only estimate one equivalent source time course.
Under this testing condition, the proposed PW-INNmethod
was still able to accurately identify two sources and to
satisfactorily recover source time courses.

3.2.1. Source-Level Functional Connectivity Analysis. Once
source locations and time courses were readily estimated,
FC analysis can be easily implemented. Figure 7 showed the
FC graph based on reconstruction results of three methods,
sLORETA, beamformer, and PW-INN, when two closely
spaced sources have two different correlation coefficients,
𝑟
2 = 0 and 0.95. It can be obviously seen that only PW-
INN can accurately identify true FC patterns, while FC
graphs based on sLORETA and beamformer have many
spurious connections. We can also see that FC graphs of
sLORETA are relatively consistent (though incorrect) for
sources with different correlation coefficients, but FC graphs
of beamformer show more spurious connections when the
correlation between two true sources is large.

4. Discussion and Conclusion

4.1. Closely Spaced Source Analysis under Real MEG Noise.
This study intensively investigated the performance of MEG

source localization methods for closely spaced source in the
presence of real MEG noise and white noise.

Simulated signals with realistic characteristics are impor-
tant for developing and evaluating new methods. In our
previous work [15], the good performance of our proposed
INN method in localizing closely spaced sources was vali-
dated in the presence of white noise only. However, the INN
method is based on the assumption of uncorrelated white
noise, but real MEG noise has largely different characteristics
(e.g., the degree of correlations between sensors) with white
noise. Figure 4 clearly showed that there are large correlations
between spontaneous MEG noise at different sensors. In
order to evaluate source analysis methods with more realistic
signals, we used spontaneous MEG recordings to simulate
real MEG noise. Although INN still outperformed beam-
former and sLORETA, its performance was degraded under
real MEG noise, as compared with under white noise. The
newly developed PW-INN can decorrelate MEG signals, so
that it can achieve better performance than INN in presence
of real correlated MEG noise.

4.2. MEG-Based Source-Level Connectivity Analysis. Identi-
fying connectivity between cortical sources using MEG has
gained increasing popularity. Correct source localization is
the prerequisite of accurate reconstruction of source time
courses, which is again the prerequisite for precise inference
of source-level connectivity. Many studies based on the clas-
sical beamformer have made much progress in identifying
physiological and pathological MEG-based source-level FC
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Figure 5: Source reconstruction using sLORETA, LCMV beamformer, and PW-INN. Source locations were the same as those in Figure 2.
Real MEG noise was added such that SNR = 18. Two simulated source time courses have phase difference of 90 degrees. The correlation 𝑟2
between sources is 0. (a)–(c) Source distribution estimated from sLORETA (a), LCMV beamformer (b), and PW-INN (c). White crosses
indicate the true source locations. (d)–(f) Source time courses at the peak locations estimated from sLORETA (d), LCMV beamformer (e),
and PW-INN (f).The time courses in (d)–(f) are the norm of the original time courses over 𝑥𝑦𝑧-axis (i.e., collecting time courses, CTC). Bold
lines in light red and light blue indicate the true source time courses and thin lines in red and blue indicate the estimated ones. The purple
color line in (d) indicates the time course from the wrongly estimated equivalent source.
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Figure 7: FC graphs based on source reconstruction results using sLORETA, LCMV beamformer, and PW-INN. Real MEG noise was added
such that SNR = 18. Small blue dots indicate brain volume grid points, and large blue dots indicate true source locations. (a)–(c) FC graphs
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([23] and a review in [8]). However, as discussed earlier,
the beamformer has difficulty in separating closely spaced
sources, especially in the case of strong intersource connec-
tivity. As shown in Figure 5, the beamformer estimated one
spurious source between two true sources, when these two
true sources are highly correlated. Apparently, in such a case,
source-level connectivity analysis will fail.The proposed PW-
INN method inherits the advantage of the INN method, so
that it can performwell in localizing highly correlated closely
spaced sources and reconstructing their time courses. There-
fore, based on the source reconstruction results of PW-INN,
connectivity between sources can be correctly identified.

4.3. Significance and Implications. The present study is rele-
vant to many important research topics in basic and clinical
neuroscience, because the proposed MEG source analysis
method can achieve a high spatial-temporal characteriza-
tion of cortical source activity and connectivity. Nowadays,
fMRI is the most popular imaging tool to construct voxel-
level brain networks, because of its high spatial resolution.
However, fMRI can only provide indirect measures of neural
activities with a low temporal resolution, which make it not
an ideal tool to investigate the highly dynamic organization
of the human brain. MEG can directly detect and track
neural electromagnetic activity with high temporal precision,
so the proposed PW-INN and the subsequent connectivity
analysis can identify cortical networks with a higher temporal
resolution than fMRI, which is particularly suitable for track-
ing dynamic connectivity changes in sensory and cognitive
experiments.

Constructing MEG brain network is attracting more and
more interests. Currently, there is a huge body of publications
that use sLORETA and beamformer to extract source time
courses for FC analysis (i.e., [24, 25]). But, as shown in this
study, sLORETA and beamformer cannot effectively resolve
closely spaced sources, so that they can only be used for
constructing a brain network with coarse spatial resolution
(e.g., region-level FC or lobe-level FC). Another type of
approach to constructMEG networks is the atlas-basedMEG
analysis, which can estimate FC between different brain
regions or lobes [26, 27]. Thus, the spatial resolution of this
atlas-based MEG networks is still coarse. So far, important
information conveyed by MEG and underlying interconnec-
tion between closely spaced small cortical areas (at voxel
level) [28] are generally overlooked. Actually, these voxel-
level small brain regions have slightly different activities with
their neighboring regions, which carry useful information for
understanding cortical processing and organization. Identi-
fying the connectivity between primary auditory cortex and
secondary auditory cortex using MEG could greatly increase
our understanding of auditory information processing in the
brain, but it is also very challenging. Unlike previous region-
or lobe-based MEG connectivity analysis, the proposed PW-
INNmethod can resolve closely spaced sources, which enable
constructing a voxel-level brain network.

In summary, this study is an important step towards
a high spatial-temporal characterization of cortical activity
and connectivity. In future, we plan to build a high-spatial-
resolution voxel-level whole-brain connectome using MEG

and apply this MEG connectome in practical and clinical
applications (e.g., to identify changes ofMEGconnectome for
studying neural plasticity).

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

This work was supported by National Nature Science Foun-
dation of China (Contract Grants nos. 81470085, 31271204,
and 81330032), Key Technology R&D Program of Sci-
ence and Technology Department of Sichuan Province (no.
2015KJT0002-2014SZ0124), National Undergraduate Train-
ing Programs for Innovation (no. 201413705025), Fund
Project of Sichuan Provincial Department of Education
(14ZB0241), General Research Fund of Research Grants
Council of Hong Kong (785913M), Start-Up Grant from
Nanyang Technological University, Singapore, MOE AcRF
Tier 1 (MOE2015-T1-001-158), and MINDEF–NTU Joint
Applied R&D Cooperation (JPP) Programme (MINDEF-
NTU-JPP/15/01/05).

References
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[5] I. P. Jääskeläinen and J. Ahveninen, “Auditory-cortex short-term
plasticity induced by selective attention,” Neural Plasticity, vol.
2014, Article ID 216731, 11 pages, 2014.

[6] P. E. Tarapore, J. Martino, A. G. Guggisberg et al., “Magnetoen-
cephalographic imaging of resting-state functional connectivity
predicts postsurgical neurological outcome in brain gliomas,”
Neurosurgery, vol. 71, no. 5, pp. 1012–1022, 2012.

[7] Y. Zerouali, J.-M. Lina, Z. Sekerovic et al., “A time-frequency
analysis of the dynamics of cortical networks of sleep spindles
from MEG-EEG recordings,” Frontiers in Neuroscience, vol. 8,
article 310, 2014.

[8] J.-M. Schoffelen and J. Gross, “Source connectivity analysis with
MEG and EEG,”Human BrainMapping, vol. 30, no. 6, pp. 1857–
1865, 2009.

[9] L. Hu, Z. G. Zhang, and Y. Hu, “A time-varying source con-
nectivity approach to reveal human somatosensory information
processing,” NeuroImage, vol. 62, no. 1, pp. 217–228, 2012.



12 Neural Plasticity

[10] B. D. Van Veen, W. Van Drongelen, M. Yuchtman, and A.
Suzuki, “Localization of brain electrical activity via linearly con-
strainedminimum variance spatial filtering,” IEEE Transactions
on Biomedical Engineering, vol. 44, no. 9, pp. 867–880, 1997.

[11] K. Sekihara, S. S. Nagarajan, D. Poeppel, A. Marantz, and Y.
Miyashita, “Reconstructing spatio-temporal activities of neural
sources using an MEG vector beamformer technique,” IEEE
Transactions on Biomedical Engineering, vol. 48, no. 7, pp. 760–
771, 2001.

[12] R. D. Pascual-Marqui, “Standardized low-resolution brain elec-
tromagnetic tomography (sLORETA): technical details,”Meth-
ods and Findings in Experimental and Clinical Pharmacology D,
vol. 24, supplement, pp. 5–12, 2002.

[13] A. Dossevi, D. Cosmelli, L. Garnero, and H. Ammari, “Mul-
tivariate reconstruction of functional networks from cortical
sources dynamics inMEG/EEG,” IEEE Transactions on Biomed-
ical Engineering, vol. 55, no. 8, pp. 2074–2086, 2008.

[14] J. Kujala, J. Gross, and R. Salmelin, “Localization of correlated
network activity at the cortical level with MEG,” NeuroImage,
vol. 39, no. 4, pp. 1706–1720, 2008.

[15] J. Zhang, T. Raij, M. Hämäläinen, and D. Yao, “MEG source
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Objective. Electroconvulsive therapy (ECT) is considered one of the most effective and fast-acting treatment options for depressive
episodes. Little is known, however, about ECT’s enabling brain (neuro)plasticity effects, particular for plasticity of white matter
pathway. Materials and Methods. We collected longitudinal diffusion tensor imaging in the first-episode, drug-näıve major
depressive disorder (MDD) patients (𝑛 = 24) before and after a predefined time window ECT treatment. We constructed
large-scale anatomical networks derived from white matter fiber tractography and evaluated the topological reorganization using
graph theoretical analysis. We also assessed the relationship between topological reorganization with improvements in depressive
symptoms. Results. Our investigation revealed three main findings: (1) the small-worldness was persistent after ECT series; (2)
anatomical connections changes were found in limbic structure, temporal and frontal lobes, in which the connection changes
between amygdala and parahippocampus correlate with depressive symptom reduction; (3) significant nodal strength changes were
found in right paralimbic network. Conclusions. ECT elicits neuroplastic processes associated with improvements in depressive
symptoms that act to specific local ventral frontolimbic circuits, but not small-world property. Overall, ECT induced topological
reorganization in large-scale brain structural network, opening up new avenues to better understand the mode of ECT action in
MDD.

1. Introduction

Patients with major depressive disorder (MDD) typically
experience persistent depressed/sad mood and are highly
debilitating [1]. Although antidepressant medications and
psychotherapeutic treatments are currently available in many
patients, electroconvulsive therapy (ECT) is thought to be
the most effective and fast-acting remission for depressive
episodes [2, 3]. However, little is known about ECT’s enabling
brain (neuro)plasticity effects [4], particular for plasticity of
white matter pathway [5].

Accumulated evidence suggests that the act of ECT on
brain structure associated with clinical state and treatment
response in MDD [4]. The hippocampal, amygdalar, and
striatal subcortical centers have shown increases in gray

matter volume after ECT series, suggesting ECT-induced
brain structure neuroplasticity related to improved clinical
response [6–9]. Furthermore, diffusion tensor imaging (DTI)
can quantify the fiber orientation and integrity of white
matter (WM) pathway within neural network. Early specific
regions of interest- (ROI-) based DTI studies suggest a trend
of increasedWMmicrostructure (fractional anisotropy [FA])
in the hippocampal formation and frontal and temporal lobes
following ECT treatment [10, 11]. Recently, whole-brain DTI
work found increases of FA in dorsal frontolimbic circuits
that are modulated by ECT therapy and relate to therapeutic
response [12]. Taken together, MDD do not result from
a deficit in a single brain region and local neuronal cir-
cuits which contributed to ECT-related structural plasticity.
However, it is likely that a large-scale network perspective
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is necessary to explain their complex etiology and ECT’s
enabling brain neuroplasticity.

The human brain is structurally and functionally orga-
nized into connectome [13, 14]. Depression is also associated
with abnormal topological organization of brain networks
[15–17], which are valuable for diagnosis neuromarkers and
treatment evaluation. In the current study, we collected lon-
gitudinal DTI in the first-episode, drug-naı̈ve MDD patients
before and after a predefined time window ECT treatment.
We constructed large-scale anatomical networks derived
from WM fiber tractography and evaluated the dynamic
alteration of global, nodal topological characteristics and the
strength of each connection using graph theoretical analysis.
We aimed to directly answer whether neuroplasticity of
ECT related to large-scale anatomical connectome. We also
assessed the relationship between topological organization
with depressive severity during the ECT series, to test above
ECT-related network plasticity would accounts for improve-
ments in depressive symptoms.

2. Materials and Methods

2.1. Participants. All examinationswere carried out under the
guidance of the Declaration of Helsinki 1975. The protocol
was reviewed and approved by the Local Medical Ethics
Committee of the First Affiliated Hospital of Chongqing
Medical University. All these patients were first-episode
MDD, without any treatment history before. The diagnosis
of MDD was confirmed with a structured clinical interview
for DSM-IV-TR Disorders (SCID-I/P, Chinese version) [18],
along with scores ≥21 on the 24-item Hamilton Rating
Scale for Depression (HAMD) [19]. According to the clinical
guidelines of the Canadian Network for Mood and Anxiety
Treatments, ECT could be considered as first-line treatment
for depression with acute suicidal ideation, psychotic fea-
tures, and catatonia [20]. Consequently, all the patients were
required to have at least one of the above three characteristics.
Patients were excluded if they (i) had any history of alcohol
or drug abuse, neurological or serious physical disease, and
morphological anomaly of the brain and (ii) had any surgical
electronic or metal implants. MDD patients were scanned
before one day of starting the ECT sessions. All the patients
were scanned for the second time at least >1 day after eight
ECT sessions. We did not control the medicine of subjects
during this study, which was decided by their clinician
independently. After the first ECT, most patients were given
antidepressants over the course of ECT.

2.2. ECT Procedures. The patients underwent modified
bitemporal ECT using a brief-pulse, constant current appa-
ratus Thymatron (TM) DGx (Somatics LLC, Lake Bluff, IL,
USA) at the Department of Psychiatry of the First Affiliated
Hospital of Chongqing Medical University. The first three
ECT administrations occurred on consecutive days, and the
remaining ECT administrations were conducted every other
day with a break of weekends until at least eight times of ECT
[22]. After that, ECT treatments were continued if clinical
depressive symptoms had not improved sufficiently, which

were also decided by a clinician, but lasted at most 12 times of
ECTs. The initial dosage selected was normalized, based on
sex, age, and weight. Anesthesia was induced with propofol
(1.5–2mg/kg) and succinylcholine (0.5–1mg/kg). We applied
a stimulus dose up to 1.5–2 times above seizure threshold
[20].

2.3. Clinical Assessments. The patients received scanning
and depressive symptoms assessments at two separate time
points: (i) within one day before their first ECT session (pre-
ECT) and (ii) the day after completion of eight ECT sessions
(post-ECT). Ratings of depressive symptoms were collected
at each time point using the 24-item HAMD.

2.4. Image Acquisition and Preprocessing. We acquired imag-
ing data using a 3.0 Tesla MRI system (GE Signa) in the First
AffiliatedHospital of ChongqingMedicalUniversity.Weused
foam padding to minimize head motion.We acquired 3D T1-
weighted anatomical images (repetition time = 8.35ms, echo
time = 3.27ms, flip angle = 12∘, field of view = 240× 240mm2,
matrix = 256 × 256, slice thickness = 1mm, and number of
slices = 156 sagittal slices). We also acquired the diffusion-
weighted images using spin echo-based echo planar imaging
sequence (25 noncollinear directions, 𝑏 = 1000 s/mm2, one
volume without diffusion-weighted 𝑏 = 0 s/mm2, number of
slices = 37 axial slices, repetition time = 10000ms, echo time
= 86.7ms, flip angle = 90∘, field of view = 256 × 256mm2,
matrix = 256 × 256, slice thickness = 3mm, and number of
averages = 2).

DTI data were preprocessed and analyzed using the
Pipeline for Analyzing Brain Diffusion Images toolkit
(PANDA; http://www.nitrc.org/projects/panda) [24], which
synthesizes procedures in FSL (http://fsl.fmrib.ox.ac.uk/fsl)
and the diffusion toolkit. DTI data were coregistered to
the B0 image and corrected for distortion induced by eddy
currents. Diffusion tensor models were estimated by using
the linear least-squares fitting method at each voxel by using
the diffusion toolkit. Whole-brain MW fiber tracking was
performed in the native diffusion space for each subject
by using the fiber assignment with the continuous tracking
algorithm. Path tracking proceeded until either the fractional
anisotropy was less than 0.15 or the angle between the current
and the previous path segment was greater than 35 degrees,
as in our previous studies [25–27]. Fibers less than 10mm or
with obvious false paths were discarded.

2.5. Anatomical Connectome Construction. To determine the
nodes of anatomical connectivity networks, we used the auto-
mated anatomical labelling (AAL) template [23] to parcellate
the whole cerebral cortex into 90 noncerebellar anatomical
ROIs. A list of anatomical labels of these ROIs are presented in
Table 2.The ROIs were transformed into each subject’s native
diffusion space. Specifically, we coregistered the individual
3D-T1 images to B0 images and normalized the 3D T1 images
to the Montreal Neurologic Institute space by a 12-parameter
nonlinear transformation. These transformation parameters
were inversed and applied to 90 ROIs.
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In this native diffusion space, anatomical connectivity
between ROI 𝑖 and 𝑗 was defined as the number of fibers
connecting 𝑖 and 𝑗.We selected fiber number asmeasurement
because it is sensitive to the topological difference between
patients with distinct outcomes. The raw network connec-
tivity (fiber number) was scaled to the total volume of ROI
𝑖 and 𝑗 [25]. For each subject, the anatomical connectivity
matrix “𝑀” had 90 × 90 entries, with 𝐴

𝑖𝑗
corresponding to

the weighted connectivity between ROI 𝑖 and 𝑗, also referred
to as the link between nodes 𝑖 and 𝑗.

2.6. Graph Theoretic Measures. Graph theory enables the
quantification of network topological properties [28]. Graph
measures for each individual connectivity matrix were calcu-
latedwith theBrainConnectivity Toolbox (https://sites.google
.com/site/bctnet/). Small-worldness is an optimal architec-
ture balancing the segregation and integration of informa-
tion, with similar path length (𝜆 = 𝐿𝑤net/𝐿

𝑤

random ≈ 1) but
higher clustering coefficient (𝛾 = 𝐶𝑤net/𝐶

𝑤

random > 1) than a
random network [29]. We evaluated the typical properties of
a small-worldness (𝜎 = 𝛾/𝜆) that is typically larger than one.
We selected nodal strength to estimate the topological feature
of each node, because its high test-retest reliability [30] and
clear neurophysiology relevance [31]. Nodal strength (𝑆

𝑖
) was

computed as the sum of the weights of all the connections of
node 𝑖. It quantifies the extent to which a node is relevant to
the graph.

2.7. Statistical Analysis. To examine how anatomical architec-
tures reorganized following ECT, we performed a paired 𝑡-
test (post-ECT versus pre-ECT) for network measures. The
anatomical connectivity edge, small-worldness, and nodal
strength were analyzed, respectively. In addition, to explore
associations between network measures changes (post-ECT
− pre-ECT) and the depressive symptom reduction (pre-ECT
− post-ECT HAMD scores) in patients after ECT (𝑛 = 22),
we calculated the Pearson correlation coefficients. We also
computed the relationship between the anatomical measures
of the pre-ECT data and the duration of depressive episode.
As these analyses were exploratory, we used an uncorrected
statistical significance level of 𝑃 < 0.05.

3. Results

3.1. Clinical Data. Twenty-four first-episode, drug-naı̈ve
MDD patients (15 female, all right-handed, age [mean ± SD]:
28.88 ± 10.77 years) who received eight ECT series have
enrolled (Table 1). Note that two patients’ clinical data were
missed. Patients’ HAMD score before ECT was 28.14 ± 5.43,
indicating severe depression. After ECT series, depressive
symptoms (HAMD score) significantly reduced (𝑇

21
= 11.92,

𝑃 < 0.0001, paired 𝑡-test) (Table 1), indicating excellent
therapeutic effects of ECT. Nineteen of the 22 patients
(86.36%) were ECT responders whose depressive symptoms
reduced at least to 50% compared to pre-ECT HAMD [32].
Ten of the 22 patients (45%) were in remission—that is, their
HAMD scores were ≤ 7—after the ECT series. After the first

Table 1: Demographic and clinical characteristics of patients.

Demographics MDD (𝑛 = 24)
Age (years) 28.88 ± 10.77
Sex (male/female) 9/15
Education (years) 11.96 ± 2.79
Age of onset (years)∗ 26.62 ± 12.12
Suicidal thought or
behavior (%)∗ 77.27

Duration of depressive
episode (months)∗ 2.83 ± 5.43

Pre-ECT Post-ECT 𝑃 value
HAMD∗ 28.14 ± 5.43 8.81 ± 4.20 <0.0001a

MDD,major depressive disorder;HAMD,HamiltonRating Scale forDepres-
sion; ECT, electroconvulsive therapy.
The values are illustrated as mean ± SD.
∗Two patients’ clinical data missed.
aPaired 𝑡-test.

ECT, 20 of the 22 patients (90.9%) were given antidepressants
over the course of ECT.

3.2. ECT Effects on Topological Reorganization. The anatom-
ical connectome exhibited typical features of small-word
topology nomatter pre- or post-ECT.However, no significant
difference was found between post- and pre-ECT (𝑇 = 0.77,
𝑃 = 0.447).

Eight anatomical connections showed reorganization fea-
ture after ECT series (𝑃 < 0.01, corrected). The six increased
connections were mainly located in limbic structure, tempo-
ral and frontal lobes, for example, amygdala (AMYG) ver-
sus parahippocampal gyrus (PHG), inferior temporal gyrus
(ITG) versus middle temporal gyrus (MTG), and middle
temporal pole (TPOsup) versus orbital inferior frontal gyrus
(ORBinf), while the two connections, including anterior
cingulate cortex (ACC) versus medial superior frontal gyrus
(SFGmed) and precuneus (PCUN) versus superior occipital
gyrus (SOG), showed decreased connection. In addition, the
connection changes between amygdala and parahippocam-
pus correlated with depressive symptom reduction (Figure 1).

A comparison of post-ECT treatment and pre-ECT treat-
ment on nodal strength revealed significant increases in
right PHG (𝑇 = 2.207, 𝑃 = 0.037) and ORBinf (𝑇 =
2.073, 𝑃 = 0.049) and decreases in left fusiform gyrus
(FFG) (𝑇 = −2.285, 𝑃 = 0.031) (Figure 2). The nodal
strength changes of FFG correlated with depressive symptom
reduction (Figure 2).

There is no significant correlation between the anatomical
measures of the pre-ECT data and the duration of depressive
episode.

4. Discussion

We investigated the reorganizationmechanism of anatomical
connectome, rather than local brain structure alone, in
first-episode, drug-naı̈ve MDD patients subsequent to ECT
treatments. Our investigation revealed three main findings:
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Figure 1: Significant differences in anatomical connection between post-ECT and pre-ECT. Nodes (individual ROIs) were differently colored
according to the six anatomical modules listed in Table 2. Undirected edges were differently colored according to the significantly larger
connection (𝑃 < 0.05). Nodes and edges are presented on inflated surface maps by BrainNet Viewer (http://www.nitrc.org/projects/bnv) [21].
Scatter-plot indicated the changed connection (post-ECT − pre-ECT) showing significant correlation with the HAMD reduction (pre-ECT
− post-ECT).
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Figure 2: Significant differences in nodal strength between post-ECT and pre-ECT. Nodes (individual ROIs) were differently colored
according to the significantly increased and decreased nodal strength (𝑃 < 0.05). Nodes are presented on inflated surface maps by BrainNet
Viewer (http://www.nitrc.org/projects/bnv) [21]. Scatter-plot indicated the changed nodal strength in fusiform gyrus (post-ECT − pre-ECT)
showing significant correlation with the HAMD reduction (pre-ECT − post-ECT).

(1) the small-worldness was persistent after ECT series;
(2) significant anatomical connections changes were found
in limbic structure, temporal and frontal lobes, in which
the connection changes between amygdala and parahip-
pocampus correlated with depressive symptom reduction;
and (3) significant nodal strength changes were found in
right paralimbic network. These findings would support the

that ECT-induced brain structure neuroplasticity relates to
improved clinical response [9].

The human brain is a complex network organized with
a small-world property (high efficiency at a low wiring cost)
[33]. This economic architecture was altered in the patients,
suggesting a disturbance of the normal balance of segregation
and integration of information in anatomical connectome in
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Table 2: Regions of interest (ROI) in the AAL template.

Region name Abbreviation
Medial temporal
Amygdala AMYG
Hippocampus HIP
Parahippocampal gyrus PHG
Middle temporal gyrus, temporal pole TPOsup
Superior temporal gyrus, temporal pole TPOmid
Subcortical
Caudate nucleus CAU
Olfactory cortex OLF
Palladium PAL
Putamen PUT
Thalamus THA
Occipital
Calcarine fissure CAL
Cuneus CUN
Fusiform gyrus FFG
Lingual gyrus LING
Inferior occipital gyrus IOG
Middle occipital gyrus MOG
Superior occipital gyrus SOG
Temporal
Heschl gyrus HES
Insula INS
Inferior temporal gyrus ITG
Middle temporal gyrus MTG
Superior temporal gyrus STG
Frontal
Anterior cingulate cortex ACC
Inferior frontal gyrus, opercular IFGoper
Inferior frontal gyrus, orbital ORBinf
Inferior frontal gyrus, triangular IFGtri
Superior frontal gyrus, medial orbital SFGmorb
Middle frontal gyrus, orbital MFGorb
Middle frontal gyrus MFG
Superior frontal gyrus, medial SFGmed
Superior frontal gyrus, orbital SFGorb
Superior frontal gyrus SFG
Gyrus rectus REG
Parietal-(pre) Motor
Rolandic operculum ROL
Angular gyrus ANG
Median cingulate gyrus MCC
Posterior cingulate gyrus PCC
Paracentral lobule PCL
Inferior parietal gyrus IPG
Superior parietal gyrus SPG
Postcentral gyrus PoCG
Precentral gyrus PreCG
Precuneus PCUN
Supplementary motor area SMA
Supramarginal gyrus SMG
The abbreviations used in the study differ slightly from the original abbrevi-
ations by Tzourio-Mazoyer et al. [23].

depression [15, 17]. For the first time, we revealed whether the
small-world property is adaptive following the ECT series.
Not surprising, the small-worldness was persistent, given that

the small-world topology reflects an optimal balance between
global integration and local special [34], without evidence
for ECT-related change in global topology. Furthermore, the
functional connectome is thought to be more flexible, while
the anatomical connectome is relatively stable [25, 35]. We
therefore reasoned that the anatomical connectivity network
may be less affected by ECT in MDD.

Although the above-mentioned global topology was per-
sistent, the anatomical connections showed reorganization
in ventral and dorsal frontolimbic structure following ECT
series. Previous cross-sectional MDD studies have consis-
tently shown that increased anatomical connections were
mainly located in cortical-limbic network, particularly in
the frontolimbic network [15, 36, 37]. These prior findings
support a dysregulation between underactive dorsal and
overactive ventral frontolimbic circuitry [12]. Though few
DTI studies have assessed treatment effects inMDD patients,
our longitudinal results was compatible with prior findings.
Our results further demonstrate ECT-related changes in the
anatomical connections of selected frontolimbic pathways.

The amygdala and hippocampus play a pivotal role in
regulation of emotion and in responses to emotion [38,
39]. The effects of ECT on amygdala and hippocampus
volume suggest that ECT-induced brain graymatter structure
neuroplasticity relates to improved clinical response [6–
9]. We considered the anatomical basis connecting them,
rather than alone, because the hippocampus connects with
the amygdala and the limbic hypothalamic-pituitary-adrenal
(HPA) axis, which are central to the pathophysiology of the
MDD [9, 40]. In the current work, the fiber number was used
to index the anatomical connection, which are closely related
to neurite components of synapses (synaptogenesis) in neu-
roplasticity model [4]. Decreased connection would reflect
axonal pruning [41], which regulate the HPA system activity
[42]. Furthermore, these connection changes associate with
HMDA reduction, suggesting that ECT-related anatomical
connection plasticity may contribute to improvements in
depressive symptoms.

The post-ECT and pre-ECT comparison of nodal topo-
logical characteristic, for example, nodal strength, revealed
alterations or neuroplasticity of network hubs in MDD
patients. The characteristic of nodal strength is the most
fundamental network measure with high reliability [30],
neurophysiology relevance [31], and sensitive neuromarkers
of MDD [16]. The changes of nodal strength in right hip-
pocampus and inferior frontal lobe, consistent with prior
local brain plasticity in ventral frontolimbic structure. Rather
unexpectedly, we also observed that the fusiform gyrus
presented increases nodal topological characteristics follow-
ing ECT series. This change was furthermore shown to be
positively correlated with depressive symptoms relevance.
A more recent meta-analysis in MDD patients pointed to
smaller FA in fusiform gyrus that is involved in inferior
longitudinal fasciculus [43]. The role of the fusiform gyrus
in memory processing and face recognition may contribute
to cognitive vulnerability to depression [44]. Our finding
of increased nodal strength under this gyrus may provide
structural evidence of white matter plasticity in the neural
circuit in MDD from a connectome point of view.
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Several methodological limitations need to be addressed.
First, in absence of a healthy control group, we would not
assess the normalization of aberrant network measures when
compared post-ECT depression group and controls [45] and
predict the treatment response/remission when compared
pre-ECT depression group and controls [46]. Second, the
patients were only scanned twice within a predefined time
window. More scans would conduce to explore the relation
between times of ECT and neuroimaging changes for each
patient [47]. In addition, although ECT showed antidepres-
sant therapeutic effect, the ECT-related cognitive side effects
have not been considered here, which are worthy of concern
in future studies [48]. Finally, although diffusion tensor
modal is an effective way to investigate white matter net-
works, some advanced approaches (e.g., diffusion spectrum
imaging) may lead to more accurate tractography results,
particularly in areas with cross fibers.

5. Conclusion

ECT elicits neuroplastic processes associated with improve-
ments in depressive symptoms that act to specific local
ventral frontolimbic circuits, but not global small-world
property. ECT-related changes in the anatomical connections
of selected amygdala and hippocampus associate with axonal
pruning, which regulate the HPA system activity. Our find-
ing of increased nodal strength under fusiform gyrus may
provide structural evidence of white matter plasticity in the
neural circuit in MDD from a connectome point of view
for adapting cognitive vulnerability. Overall, ECT induced
topological reorganization in large-scale brain structural
network, opening up new avenues to better understand the
mode of ECT action in MDD.
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Visual deprivation can induce alterations of regional spontaneous brain activity (RSBA). However, the effects of onset age of
blindness on the RSBA and the association between the alterations of RSBA and brain structure are still unclear in the blind. In this
study, we performed resting-state functional and structuralmagnetic resonance imaging on 50 sighted controls and 91 blind subjects
(20 congenitally blind, 27 early blind, and 44 late blind individuals). Compared with the sighted control, we identified increased
RSBA in the blind in primary and high-level visual areas and decreased RSBA in brain regions which are ascribed to sensorimotor
and salience networks. In contrast, blind subjects exhibited significantly decreased gray matter volume (GMV) in the visual areas,
while they exhibited significantly increased GMV in the sensorimotor areas. Moreover, the onset age of blindness was negatively
correlated with the GMV of visual areas in blind subjects, whereas it exerted complex influences on the RSBA. Finally, significant
negative correlations were shown between RSBA andGMVvalues. Our results demonstrated system-dependent, inverse alterations
in RSBA and GMV after visual deprivation. Furthermore, the onset age of blindness has different effects on the reorganizations in
RSBA and GMV.

1. Introduction

Visual deprivation can induce a series of structural and func-
tional reorganizations of the brain to better adapt to external
environments with the remaining modality, especially in
individuals with visual deprivation at an early develop-
mental age. For example, early visual deprivation can remold
the visual areas to cross-modal process signals from non-
visual modalities, such as tactile [1, 2], auditory [3–5], and
even olfactory processes [6]. Furthermore, a large num-
ber of studies have demonstrated that the visual areas
have increased baseline metabolism and blood flow [7–9],
decreased anatomical network efficiency [10], and altered
resting-state functional connectivity [11] in congenitally blind
(CB) or early blind (EB) subjects. Although impaired visual
areas have also been reported, limited studies have demon-
strated that late blind (LB) individuals had different alteration
patterns with CB/EB individuals, including the cross-modal
activity [4, 12, 13], baseline glucose metabolism [9], cortical

thickness [8, 14, 15], gray matter content [16], anatomical
connectivity [10], white matter integrity [17], and functional
connectivity density (FCD) [18]. These findings indicate that
visual deprivation at different developmental stages may
influence both functional and structural organizations of
the brain [19]. However, it is unclear if the age of onset of
blindness influences the regional spontaneous brain activity.

Spontaneous neuronal activity can be identified by low-
frequency fluctuations in the blood oxygen level dependent
(BOLD) signal of functional magnetic resonance imaging
(fMRI) under resting-state [20]. As a data-driven resting-
state fMRI technique, regional homogeneity (ReHo) mea-
sures the functional coherence of BOLD fluctuations of a
given voxel with its nearest neighbors. It can be used to eval-
uate the regional spontaneous brain activities based on the
hypothesis that significant brain activities would more likely
occur in clusters than in a single voxel [21]. This technique
has been successfully applied to investigate the spontaneous
brain functional organization in healthy subjects [22] and to
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elucidate the neural pathological mechanisms of a variety of
neurological and psychiatric diseases [23, 24]. Regarding the
functional alterations of regional spontaneous brain activity
after visual deprivation, one recent study demonstrated that
EB had increased ReHo in the primary and higher visual
areas, which indicates an abnormal cortical development
and/or experience-dependent plasticity secondary to early
visual deprivation [25]. However, the effects of visual depriva-
tion during different developmental periods on the regional
spontaneous brain activity are rarely known.

Another concerning issue is the potential associations
between the alterations of regional spontaneous brain activ-
ity and brain structural organization in blind individuals.
Although abundant studies have demonstrated that the
visual-deprived brain experienced both functional and struc-
tural alterations (as described in the first paragraph), the
relationships between them have not been clearly identified.
In a recent study, Anurova et al. combined the measurements
of cortical thickness and functional activation evoked by
attention-demanding auditory tasks.They identified a signif-
icant negative correlation between the cortical thickness and
cortical activation in the visual areas in the EB [3]. This find-
ing indicates that pruning of exuberant connections during
early development increases the selectivity and effectiveness
of synaptic activity and therefore leads to stronger activation,
which provides a structural basis for cross-modal occipital
activation. Thus, clarification of the association between
the alterations of regional spontaneous brain activity and
brain structural organization may help our understanding of
the neural mechanisms of functional alterations during the
resting-state.

In this study, we combined voxel-wise ReHo and gray
matter volume (GMV) approaches to investigate the alter-
ations of the regional spontaneous brain activities and brain
structures and their relationships in blind individuals. The
functional and structural alterations of the brain after visual
deprivation comprise the synthetic interactions among devel-
opmental, plastic, and degenerative mechanisms [14]. The
developmental mechanisms play important roles in both the
CB and EB; and the capacity for cross-modal plasticity is
substantially stronger in the CB/EB than the LB, whereas
degenerative mechanisms exert their effects on all blind
subjects. Thus, we first hypothesized that visual deprivation
during different developmental periods may induce diverse
patterns of alterations in ReHo and GMV in the visual areas.
Specifically, because earlier studies have demonstrated that
the CB/EB experienced stronger increases in cross-modal
activity [4, 26] and functional connectivity density [18], while
they experienced smaller decreases in white matter integrity
[17] than the LB in the visual pathway, we predicted that
blind subjects who lost their vision at an earlier develop-
mental age would experience a greater increase in ReHo
but less degenerative-induced atrophy in the visual areas.
Second, because early studies have shown increased white
matter integrity in the corticospinal tract [17] and decreased
long-range functional connectivity density in the primary
sensorimotor area [18] in both CB and LB, we predicted
significant alterations of both ReHo and GMV in the spared
sensory areas in all blind groups regardless of the onset of

Table 1:Demographic information of the involved blind and sighted
subjects.

Group Gender Age Onset age
(M/F) Mean ± std. Mean ± std.

CB 13/7 26.6 ± 5.0 0
EB 20/7 28.9 ± 7.4 8.0 ± 3.0
LB 30/14 30.9 ± 6.5 19.0 ± 5.3
SC 33/17 28.8 ± 7.00 /
Statistical value 𝜒

2
= 0.63 𝐹 = 2.07 𝐹 = 164.14

𝑃 value 0.889 0.107 <0.001
CB: congenitally blind, EB: early blind, and LB: late blind.

age of blindness. Finally, we expected significant correlations
between ReHo and GMV in these areas in the blind, which
may help to elucidate the neural mechanisms of functional
alteration during the resting-state.

2. Materials and Methods

2.1. Subjects. The subjects are ninety-one right-handed blind
subjects (63 males and 28 females, age range from 20 to 45
years) and 50 sighted controls (SC) (33 males and 17 females,
age range from 19 to 44 years) with no history of neurological
and psychiatric problems; the excluded criteria included non-
right handedness, different onset ages of blindness between
the left and right eyes, and low-quality data. The blind
subjects were further divided into three subgroups, including
20 congenital blind (CB), 27 early blind (EB) (age of onset≤ 12
years), and 44 late blind (LB) (age of onset > 12 years). None
of the CB subjects had a history of pattern vision or memory
of visual experience, and none of the acquired blind subjects
had experienced pattern vision after visual deprivation. All
the SC subjects had normal vision with corrected visual
acuity higher than 0.8 (decimal record) [27], and subjects
with history of severe ophthalmic diseases, such as glaucoma,
cataract, and retinal detachment, were excluded from the
study by questionnaire.Thedemographic and behavioral data
of these subjects are shown inTable 1.The studywas approved
by the Ethics Committee of Tianjin Medical University, and
all subjects provided written informed consent.

2.2. MRI Data Acquisition. The structural and functional
MRI data were acquired using a 3.0-Tesla MR scanner
(Magnetom Trio, Siemens, Erlangen, Germany). The sub-
jects’ heads were fixed using foam pads to minimize head
motion, and earplugs were used to reduce the scanning
noise. The resting-state fMRI data were obtained using a
gradient echo single-shot echo planar imaging (GRE-SS-EPI)
sequence with the following parameters: repetition time (TR)
= 2000ms, echo time (TE) = 30ms, flip angle (FA) = 90∘,
matrix = 64 × 64, field of view (FOV) = 220mm × 220mm,
slice thickness/gap = 3/1mmwith 32 axial slices, 180 volumes
(time points), and a parallel acquisition technique with an
acceleration factor of 2. During fMRI scans, all subjects were
instructed to keep their eyes closed, relax, do not move, think
of nothing in particular, and stay awake. After the fMRI scan,
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the fMRI images and subjects’ conditions were checked to
confirm whether they satisfied the requirements; if not, the
fMRI data were abandoned and scanned again. Structural
images were acquired using a 3D magnetization-prepared
rapid-acquisition gradient echo sequence with the following
parameters: TR/TE/inversion time = 2000/2.6/900ms, FA =
9∘, matrix = 256 × 224, FOV = 256mm × 224mm, and 176
continuous sagittal slices with a 1mm thickness.

2.3. Data Processing

2.3.1. Creating Customized Templates. Data processing was
performed using a self-developed software based on Matlab
v2009 (MathWorks, Inc., Natick, Massachusetts, USA) and
SPM8 (http://www.fil.ion.ucl.ac.uk/spm). First, the structural
MR images for each subject were segmented into gray matter,
white matter, and cerebrospinal fluid using the standard
unified segmentation model in SPM8. Then the 3 tissue
probabilistic maps (TPMs) of each subject were affinely
coregistered with a standard TPM template implemented in
SPM8, separately. After that, the 3 types of coarsely coregis-
tered TPMs of all the blind and sighted subjects (112 cases)
entered into a nonlinear image coregistration procedure
using diffeomorphic anatomical registration through the
exponentiated Lie algebra (DARTEL) technique [28], which
involves iteratively matching all the selected images to a
template generated from their ownmean.This step generated
6 sets of tissue templates from coarse to refined contours.
These customized DARTEL templates were used for follow-
ing normalization of the structural and functional MRI data.

2.3.2. VBMAnalysis. After an initial affine coregistration, the
gray matter probabilistic map was nonlinearly warped into
the customized DARTEL templates and was resliced with a
resolution of 1.5 × 1.5 × 1.5mm3. The GMV of each voxel
was obtained by multiplying the gray matter concentration
map by the nonlinear determinants derived from the spatial
warping step, which in effect represents the relative GMV
after removing the confounding effect of variance in individ-
ual brain sizes. Finally, the GMVmap was smoothed with an
isotropic Gaussian kernel of 6 × 6 × 6mm3 FWHM.

2.3.3. ReHo Analysis. The first 10 volumes of each functional
time series were discarded because of the instability of the
initial MRI signals caused by incomplete T1 relaxation and
to allow the subjects to adapt to the scanning environments.
The remaining 170 volumes were subsequently forwarded
to a series of preprocessing steps, including slice timing
(corrected for acquisition time delay between different slices),
rigid realignment (corrected for intervolume headmotion; all
subjects’ fMRI data were within the head motion thresholds
for a maximum translational displacement lower than 2mm
or a maximum rotational displacement lower than 2.0∘),
nuisance regression (including six rigid motion parameters
and their first derivatives, the mean BOLD signal of cere-
brospinal fluid and white matter, and the spike time points
with a mean framewise displacement higher than 0.5), band-
pass filtering (0.01 to 0.08Hz), and normalization (two-step
coregistration method: first, the mean fMRI image generated

at the realignment step was affinely coregistered with indi-
vidual structural images; then each filtered functional image
was spatially normalized into the customized DARTEL space
using the deformation determinants derived from structural
normalization step and was resampled into a 3 mm cubic
voxel).

The ReHo map for each subject was calculated using
REST software (http://www.restfmri.net/). ReHo measures
the Kendall correlation coefficient of a given voxel and those
of its direct neighbor voxels (27 voxels) in a voxel-wise
manner [21]. A higher ReHo value of a voxel indicates that
the regional activity of this voxel is more similar to its
neighbors. We also calculated the ReHo values with different
neighboring strategies (7 voxels and 19 voxels, resp.) to
explore if neighboring strategies would influence our result
[21].The calculated ReHo values for each subject were further
scaled by the mean ReHo of the whole brain to reduce the
effect of individual variation. Finally, the scaled ReHo maps
underwent spatial smoothing using a Gaussian kernel with
full width half maximum (FWHM) of 6 × 6 × 6mm3.

2.4. Statistical Analysis. One-way analysis of variance
(ANOVA) was conducted in a voxel-wise manner to investi-
gate the intergroup differences in ReHo and GMV values
among the four groups with age and gender as nuisance cova-
riates within the cerebral gray matter mask. The statistical 𝐹
map was corrected for multiple comparisons using a Monte
Carlo simulation method at the cluster level (Alphasim algo-
rithm, voxel-wise 𝑃 < 0.01, iteration 5000 times, and cor-
rected cluster-wise 𝑃 < 0.05), resulting in a corrected cluster
size of 34 voxels for ReHo analyses and 260 voxels for GMV
analyses.The clusterswith statistical significance inReHo and
GMV values were defined as the regions of interest (ROIs).
The voxels within the 9 mm radius sphere centering the
peak (also second peak when the cluster occupied multiple
brain regions) of each cluster, as well as surviving under
the statistical threshold, were assigned to a specific ROI.
The second peak was defined as the peak voxel that can be
separated from the cluster containing the highest peak when
we increase the statistic threshold and had distance at least
30mmaway from the highest peak.Then themean ReHo and
GMV values of each ROI in each subject were extracted. The
associations between the ReHo/GMV and the age of onset
of blindness were analyzed using partial correlation ana-
lyses that are controlled for gender and age effects. Finally,
the associations between the ReHo and GMV values in the
brain regions that exhibited altered ReHo after blindness
were analyzed using partial correlation analyses controlled
for age and gender effects (𝑃 < 0.05, uncorrected).

3. Results

3.1. Demographic Information. As shown in Table 1, there
were no significant differences in age (one-way ANOVA, 𝐹 =
2.07, and 𝑃 = 0.107) or gender (chi-square test, 𝜒2 = 0.63,
and 𝑃 = 0.889) among the 4 groups. There was also no signi-
ficant group difference in framewise displacement (one-way
ANOVA, 𝐹 = 0.425, and 𝑃 = 0.716), which indicates that
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gender, age, and headmotionmight not interpret the possible
differences in ReHo among the CB, EB, LB, and SC.

3.2. The Influence of Number of Neighboring Voxels on the
ReHoMeasurements. To clarify if the number of neighboring
voxels would influence the measurement of ReHo and group
comparison in our study, we calculated the ReHo value
using 7, 19, and 27 voxels and compared the intergroup
differences in ReHo using one-way ANOVA (𝑃 < 0.05,
corrected at the cluster level), respectively. We found a lower
noise and higher contrast in ReHo map with higher voxel
size (see Supplementary Figure S1 in Supplementary Mate-
rial available online at http://dx.doi.org/10.1155/2015/141950).
Furthermore, we compared the intergroup differences in
ReHo values that were calculated using different neighboring
voxels using one-way ANOVA. As shown in Supplementary
Figure S2, the 𝐹 distributions of intergroup differences were
similar among the three datasets, and the dataset using 19 and
27 was more statistically significant in the middle cingulate
cortex (MCC) than that using 7 voxels. Based on the above
evidences, we chose the ReHo of 27 neighboring voxels as the
functional metric in the following analyses.

3.3. ReHoAlterations in the Blind. Comparedwith the sighted
subjects (𝑃 < 0.05, corrected at the cluster level), the
blind subjects generally had significantly increased ReHo in
the primary and higher visual pathways, including the left
fusiform gyrus (FG), left superior parietal lobule (SPL), left
parietooccipital sulcus (POS), right calcarine sulcus (CalS),
right middle occipital gyrus (MOG), and right superior of
occipital gyrus (SOG), and decreasedReHo in the sensorimo-
tor and salience networks, including the bilateral putamen,
middle cingulate cortex (MCC), bilateral anterior insula
(aINS), and bilateral temporal pole (TP). In the left FG, the
CB demonstrated increased ReHo compared to EB, LB, and
SC. Within the blind subjects, the CB exhibited lower ReHo
in the left SPL and MCC than the LB and lower ReHo in
the bilateral putamen, right aINS, and right TP than the EB
(Figure 1).

3.4. GMV Alterations in the Blind. A voxel-wise ANOVA
indicated that the intergroup difference in GMV was mainly
located in the visual and sensorimotor cortices (𝑃 < 0.05,
corrected at the cluster level). Specifically, decreased GMV
of the blind was identified in the primary and higher visual
pathways relative to the SC, including the bilateral CalS,
cuneus, lingual gyrus, FG, and SOG, and right intraparietal
area. Furthermore, the older the age of onset of blindness
is, the broader the atrophy of the visual cortex could be
identified. Increased GMV was also identified in the right
postcentral gyrus (PostCG) and precuneus (PreCu) of the EB,
the left superior frontal gyrus (SFG) of theCB andEB, and the
precentral gyrus (PreCG), medial prefrontal cortex (MPFC),
and paracentral gyrus (ParaCG) of all blind groups. Within
the blind subjects, the CB and EB generally had higher GMV
in the visual associate areas compared with the LB. The EB
hadhigherGMV than theCB andLB in the right PostCG, and
the CB had higher GMV than the LB in the left SFG (Figure
2).

3.5. Correlation Analyses. Partial correlation analyses indi-
cated that the age of onset of blindness was negatively cor-
related with the ReHo of the left FG but positively correlated
with the MCC (𝑃 < 0.05, uncorrected) (Figure 3); moreover,
the age of onset of blindness was negatively correlated with
the GMV of the bilateral CalS, bilateral FG, and right IPL
(𝑃 < 0.05, uncorrected) (Figure 4). In the brain regions that
exhibited intergroup differences in ReHo, significant nega-
tive correlations between the ReHo and GMV values were
identified in the left POS, left SPL, right CalS, right MOG,
right TP, and bilateral aINS (𝑃 < 0.05, uncorrected) (Figure
5).

4. Discussion

In this study, we identified system-dependent inverse alter-
ations in the regional spontaneous brain activity and gray
matter volume in blind individuals: in the primary and higher
visual areas, increased ReHo and decreased GMV were
identified in the blind subjects, whereas in the sensorimotor
related areas, decreasedReHo and increasedGMVwere iden-
tified. Furthermore, significant negative correlations between
the ReHo and GMV values were identified in most brain
regions with altered ReHo in the blind. Finally, the age of
onset of blindness had different effects on the alteration of
brain function and structure. Our findings provided addi-
tional information regarding the alteration patterns of the
regional spontaneous brain activity and their structural bases
after visual deprivation at different developmental stages.

4.1. System-Dependent Alteration of the Regional Spontaneous
Brain Activity and Structure in Blind Individuals. The pattern
of increased ReHo of the visual cortex in the CB/EB was
similar to a recent study of our groups [25].We also identified
decreased GMV in the visual cortex. Combined with earlier
findings of increased baseline glucose metabolism [7–9] and
cortical thickness [8, 15] in the early occipital areas in this
population, a potential relationship may exist between the
alterations in functional and structural organizations in the
deprived visual cortex. The first possible explanation is that
the increased ReHo of the CB in the visual cortex reflects
the retention of exuberant connections within the occipital
cortex that resulted from developmental interruption. The
development of the human visual cortex is characterized
by an initial overproduction of synaptic connections with
a maximum synaptic density at approximately 8 months,
followed by the pruning of inactive synapses to reach “adult”
levels at approximately 11 years [29]. Although the first
phase of synaptogenesis is independent of retinal input [30],
synaptic pruning is driven by visual experience [31]. There-
fore, the exuberant connections caused by failed refinement
can partially explain the increased ReHo, metabolism, and
cortical thickness in the visual cortex. However, the “pruning
interruption” hypothesis cannot solely explain the findings
that a large number of concurrent reports have demonstrated
that early deprived visual areas are involved in the cross-
modal processing of tactile [1, 2, 32], auditory [3–5], and
even olfactory tasks [6]. Thus, other mechanisms, including
the establishment of new connections (rewiring theory) or
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Figure 1: Brain regions with altered regional homogeneity in blind individuals. One-way analysis of variance was used for intergroup
comparison, which was controlled for age and gender effects (𝑃 < 0.05, corrected using Monte Carlo simulation).

reinforcement of existing connections (unmasking theory)
[8], may also contribute to the increased regional brain
activity in the CB/EB. Finally, decreased GMV was identified
in the visual cortex in the CB/EB, which is consistent with
previous reports [16, 33]. In several earlier studies, thickened
cortical thickness [3, 8, 14, 15, 33] and reduced cortical surface
area [14, 33] were found in the occipital cortex of the CB
and EB. Because the GMV is determined by both cortical
thickness and cortical surface area, the reduced GMV in the
visual cortex in the CB and EB might be caused by overly
reduced surface area after visual deprivation, which masks
the enhancing effect caused by cortical thickness. Thus, the
increased ReHo might also represent a compensation for
disuse-induced atrophy of the surface area of visual cortex.

Similar to the CB/EB, we also identified significantly
increased ReHo of the visual cortex in the LB. To our
knowledge, this is the first study to focus on the regional
spontaneous brain activity in late blind subjects. This finding
was consistent, in part, with a recent study that demonstrated
increased functional connectivity density along the dorsal
and ventral visual pathways in the LB [18]. In contrast to
the CB/EB, the LB demonstrated different brain alteration
patterns, including weaker cross-modal activity [4, 12, 13],
higher baseline glucose metabolism [9], and thinner cortical
thickness of the visual cortex [8, 14, 15].Thus, although the LB
and the CB/EB had similar increases in ReHo in the visual
cortex, they might represent different neural mechanisms.
The connections of visual cortex have already finished normal
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Figure 2: Brain regions with altered gray matter volume in blind individuals. One-way analysis of variance was used for intergroup
comparison, which was controlled for age and gender effects (𝑃 < 0.05, corrected using Monte Carlo simulation).

refinement for visual processing prior to visual deprivation
in the LB, so developmental factors, such as “rewiring” or
“pruning interruption,” are not possible in them. Thus, the
increased ReHo in the LB highly indicates the synthetic
influence of plastic and degenerative factors. The plastic
factor strengthened the existing intra- and intercortical con-
nections of the occipital cortex, whereas the degenerative
factor destroyed the existing connections. These synthetic

effects can explain why increased cross-modal activation [4,
34] and functional synchronization [18] are accompanied by
damaged gray andwhitematter structures of the visual cortex
in the LB [16, 17].

It should be noted that we identified an increased ReHo
in the primary visual cortex in all blind subjects, whereas
most previous studies have demonstrated a decreased FC
(functional connectivity) of the same area [11, 12]. This
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Figure 3: Correlation between the regional homogeneity (ReHo) and age of onset of blindness. Partial correlation analysis was performed,
which was controlled for age and gender effects (𝑃 < 0.05, uncorrected). FG: fusiform gyrus; MCC: middle cingulate cortex.

disparitymay be caused by the different roles of the ReHo and
functional connectivity in delineating the intrinsic functional
organization: ReHo specifically reflects the synergistic action
of neighboring clustered neurons, whereas FC represents the
intrinsic functional synchronization of the visual cortex with
remote areas, such as the sensorimotor and auditory cortices.
The increased ReHo in the early visual cortex and decreased
FC (or FCD) between the early visual and nonvisual sensory
cortices suggest that local efficiency of the early visual cortex
may be strengthened to compensate for a decreased long-
range transfer efficiency between visual and other sensory
modalities.

With the exception of the increased ReHo in the visual
cortex in the blind, we also identified decreased ReHo in the
putamen and MCC, which are ascribed to the sensorimo-
tor network (SMN). In contrast, increased GMV was also
identified in the SMN (including the PostCG, PreCG, and
ParaCG). The increased GMV in the SMN was consistent
with previous studies that demonstrated increased white
matter volume [35] in the sensorimotor system of the EB
and increased white matter integrity of corticospinal tracts
in both CB and LB [17]. The MCC exhibits extensive FC
with brain regions that belongs to the SMN and has direct
connections with the spinal cord [36], which is consistent
with its function for motor and pain processes [37]. The
putamen is an important hub in the complex extrapyramidal
motor system. It receives inputs frommany cortical areas and
subcortical nuclei and principally projects to the prefrontal,
premotor, and supplementary motor areas. It plays roles in
motor planning, initiation, and regulation [38]. The loss of
sight in the blind may require more sensorimotor and motor
practice, such as Braille reading, spatial localization, and
object recognition, which might induce the plasticity of the
SMN, as indicated by increased GMV, white matter volume
[35], and white matter integrity [17] in related structures.
Thus, the decreased ReHo in the MCC and putamen may be

related to experience-dependent plasticity by extensive use of
the limbs in the blind.

We also identified decreased ReHo in the anterior insula
and temporal pole, which are ascribed to the salience network
(SN). As a core hub of the salience network, the anterior
insula serves to identify most relevant and salient stimuli
from visual, auditory, and other sensory inputs and then
initiates control signals to the central executive network that
mediate attention, working memory, and other higher order
cognitive processes while it disengages the default mode
network [39]. The loss of sight makes blind subjects depend
more on nonvisual inputs to efficiently interact with the
environment. It is interesting to note thatWang et al. recently
reported an increase in FC within the salience network and
between the salience and frontoparietal networks in the CB
[40]. In the present study, we also identified the alteration of
the regional spontaneous brain activity within the salience
network. The alteration of regional brain activity and FC
in the salience network might reflect enhanced attentional
ability to identify salient stimuli from the auditory, tactile,
and other sensory inputs. Superior attentional performance
has been reported in the CB/EB [41–43]. However, the func-
tional roles of decreased ReHo of the salience network, the
relationships between increased FC and decreased ReHo, and
the relationships between spontaneous functional alteration
and task-evoked activation of this network require future
clarification.

4.2. Inverse Association between Regional Spontaneous Brain
Activity and Gray Matter Volume in the Blind. One of the
main findings of the present study is an inverse relation-
ship between the alterations of ReHo and GMV in blind
individuals: the increases in ReHo were accompanied by
decreases in GMV of visual areas, and the decrease in ReHo
was accompanied by an increase in GMV of the SMN.
Furthermore, negative correlations between the ReHo and
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Figure 4: Correlation between the gray matter volume (GMV) and age of onset of blindness. Partial correlation analysis was performed,
which was controlled for age and gender effects (𝑃 < 0.05, uncorrected). CalS: calcarine sulcus; FG: fusiform gyrus; IPL: inferior parietal
lobe.



Neural Plasticity 9

Right CalS

pr = −0.275, P = 0.009

0.80

2.00

1.20

0.20 0.40 0.60

1.60
Re

gi
on

al
 h

om
og

en
ei

ty

Gray matter volume
0.40 0.60 0.80

1.00

1.40

1.80

2.20
Left SPL

pr = −0.219, P = 0.039

Re
gi

on
al

 h
om

og
en

ei
ty

Gray matter volume

0.90

1.50

0.40 0.60 0.80 1.00

1.20

Right MOG

pr = −0.350, P = 0.001

Re
gi

on
al

 h
om

og
en

ei
ty

Gray matter volume

0.80

1.20

0.40 0.60 0.80

1.60

Left POS

pr = −0.289, P = 0.006

Re
gi

on
al

 h
om

og
en

ei
ty

Gray matter volume

0.60 0.80 1.00

0.60

0.90

1.20

Left aINS

pr = −0.514, P < 0.001

Re
gi

on
al

 h
om

og
en

ei
ty

Gray matter volume
0.50 0.90

0.60

0.90

1.20

0.70

Right aINS

pr = −0.240, P = 0.024

Re
gi

on
al

 h
om

og
en

ei
ty

Gray matter volume

0.60

0.90

1.20

0.40 0.60 0.80

Right TP

pr = −0.337, P = 0.001

Re
gi

on
al

 h
om

og
en

ei
ty

Gray matter volume

Figure 5: Correlation between the regional homogeneity (ReHo) and gray matter volume (GMV) in blind individuals. Partial correlation
analysis was performed, which was controlled for age and gender effects (𝑃 < 0.05, uncorrected). aINS: anterior insula; CalS: calcarine sulcus;
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10 Neural Plasticity

GMV were identified in these visual and SMN areas. This
finding was in line with a recent study that demonstrated
a negative correlation between the magnitude of activation
and cortical thickness of the visual cortex in EB subjects
[3]. The inverse relationships between the ReHo and GMV
suggest a balance between the structural and functional
alterations of the brain after visual deprivation. On one hand,
visual loss directly induces structural impairment of both
white matter [44–46] and gray matter [15, 45] in the visual
cortex.The remaining neurons may be overloaded to process
the information from other modalities, which leads to an
increase in neuronal activity by nonvisual stimuli [4, 26] or
internally top-down signals [1, 47], and the activity status
of remnant visual neurons persists at the resting-state, as
indicated by increased ReHo and baseline metabolisms [7–
9]. On the other hand, to adapt to the external environment
without visual signals, long-term visual loss indirectly drives
the experience-dependent plasticity of nonvisual structures
[17]. Thus, the decreased ReHo may reflect the increased
efficiency in processing nonvisual signals in these regions,
which require a smaller number of neurons or lower thresh-
old to handle the same tasks. However, this assumption
should be verified by introducing the behavior performance
associations.

4.3. Effects of Age of Onset of Blindness on the Regional
Spontaneous Brain Activity and Gray Matter Volume. In this
study, we demonstrated that the age of onset of blindness
had a complex influence on the ReHo values of the brain.
Specifically, in the left FG, the CB had higher ReHo than
the EB and the LB; in the SOG, TP, putamen, and MCC,
the CB generally had lower ReHo than the blind individuals
who lost sight at older ages. Furthermore, the age of onset
of blindness was negatively correlated with the ReHo of
the left FG but positively correlated with the MCC. These
findings were partially consistent with previous studies that
demonstrated different alteration patterns of brain in blind
individuals with lost sight at different developmental stages,
including the cross-modal activity [4, 12, 13], baseline glucose
metabolism [9], cortical thickness [8, 15], graymatter content
[16], anatomical connectivity [10], white matter integrity [17],
and FCD [18]. Our findings indicate that visual experience
plays an important role in reshaping the regional spontaneous
brain activity. In the ventral visual stream (as demonstrated
by the left FG), only the CB (but not the EB or LB) exhibited
increased ReHo compared to the SC, which was supported
by a recent study that identified stronger FCD in the ventral
stream of the CB relative to the LB [18]. These findings
indicate that visual experience during the sensitive period
is critical to normal development of the synchronization of
regional clustered neurons in the ventral stream [48]. In the
dorsal visual stream (as revealed by right SOG), although all
blind individuals exhibited increased ReHo compared with
the SC, a lower amplitude of increment was identified in the
blind individuals with earlier sight lost.This finding indicates
that developmental factors may not be a major determinant
in reshaping these areas, which is supported by studies that
demonstrate the dorsal visual stream matures more earlier
than the ventral one [49, 50]. Instead, experience-dependent

plasticity and degenerative factormay exert effects. Finally, in
the nonvisual areas (such as the MCC and putamen), the CB
exhibited a more extended decrement in ReHo than the EB
and the LB compared with the SC. Because the development
of these areas is independent of visual experience and, to
our knowledge, there is no report of degenerative alterations
of these areas after visual deprivation, experience-dependent
plasticity may be the major factor that accounts for it. How-
ever, the functional roles of the alteration in regional brain
activity remain unknown and require further clarification.

In contrast to the ReHo, the blind subjects who lost
their sight at earlier developmental ages demonstrated a
smaller GMV decrease in the visual areas. The interactions
among developmental, plastic, and degenerative factors can
also explain the alterations of GMV among different blind
subgroups.Degenerative factors exert their effects on all blind
subjects; thus, a common decreased GMV was identified
in the visual areas, especially in the primary visual cortex
[16, 44].The developmentalmechanisms play important roles
in both the CB and EB, and the capacity for cross-modal
plasticity is substantially stronger in the CB/EB than the LB;
thus, “pruning interruption,” “rewiring,” and/or “unmasking”
theories may take effect in the CB and EB, which can
compensate for the degeneration-induced GMV reduction.

5. Conclusions

In summary, the present study demonstrated that the alter-
ations of regional spontaneous brain activity and GMV are
system-dependent, and an inverse association was identified
between the regional spontaneous brain activity and GMV in
blind individuals. Furthermore, the age of onset of blindness
has different effects on the alteration of brain regional
spontaneous brain activity and GMV. Our findings provided
additional information regarding the alteration patterns of
the spontaneous brain activity and their structural bases after
visual deprivation at different developmental stages.
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