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The human brain consists of multiple interconnected large
scale networks. Recent advances in structural and functional
neuroimaging techniques have introduced new concepts and
approaches to noninvasively assess brain networks, which
has attracted enormous research interest. To examine human
brain function, traditional neuroimaging research typically
focuses on localizing neural responses to varying external
stimuli or task demands. However, task-induced phasic
neuronal responses account for less than 5% of the brain’s
energy budget, while the majority of the brain’s energy is
used for intrinsic spontaneous brain activities. Although the
number of human brain imaging studies and the knowledge
obtained from these studies are growing exponentially, there
are many more unanswered questions regarding the struc-
tural organization and the function of brain networks. In
this special issue, we have invited a few papers that studied
structural and functional brain networks using various neu-
roimaging methods including resting-state fMRI, diffusion
tensor imaging (DTI), arterial spin labeling (ASL) perfu-
sion MRI, functional near-infrared spectroscopy (fNIRS),
magnetoencephalogram (MEG), and imaging genetics.These
studies involve healthy populations as well asmultiple clinical
populations, including patients with cirrhosis, mild cognitive
impairment (MCI) and Alzheimer’s disease (AD), attention
deficit hyperactivity disorder (ADHD), and epilepsy.

This specific issue includes several studies focusing on
clinical populations. In one study by G. Zheng and col-
leagues, resting-state fMRI was used to examine functional

connectivity changes in the progression of minimal hepatic
encephalopathy and found continuously impaired intra-
and intermodular connectivity in patients with cirrhosis.
In another study, Y.-Y. Wai and colleagues used tract-
based spatial statistics of DTI to characterize white matter
integrity in different subtypes of MCI, including amnestic
MCI, dysexecutive MCI, AD, and healthy controls. They
found that amnestic MCI and AD patients share significant
white matter damage, whereas dysexecutive MCI patients
appear to have a distinct pathogenesis. In the third study, A.
dos Santos Siqueira and colleagues used graph theory and
analyzed a resting-state fMRI data set from healthy children
and ADHD patients in the ADHD-200 database. Distinct
patterns of network dysfunction were evident for both inat-
tentive and combinedADHD subtypes. However, the authors
observed that the classification scores for discriminating
between ADHD and healthy subjects were close to chance
and that functional connectivity estimations were strongly
dependent on the sample characteristics. In the final study,
H. Zhu and colleagues used resting-state MEG to identify the
epileptogenic and other abnormal regions in patients with left
temporal lobe epilepsy (TLE) and provided further evidence
supporting the notion that TLE is not a focal focus but a
multifocus disease.

A few other studies in this specific issue examined brain
networks and function in normal population. In one study
by H. Lei and colleagues, resting-state fMRI was integrated
with genetics to examine the effect of genetic variation of the
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MAOA gene on resting brain activity in healthy male adoles-
cents.Those with the low-activity MAOA genotype exhibited
lower amplitude of low-frequency fluctuation (ALFF) in
the pons compared to those with the high-activity MAOA
genotype. Moreover, there was a significant genotype by
ALFF interaction effect on impulsivity scores. In another
study, H. Niu and colleagues examined the effects of learning
on resting brain activity using fNIRS and demonstrated that
5 days of visual perceptual learning significantly altered rest-
ing oxygenated hemoglobin functional connectivity between
visual cortex and frontal/central areas. In the study by C. Xu
and colleagues, the regional homogeneity (ReHo) approach
was used as an index in the resting-state fMRI to investigate
gender differences in spontaneous brain activity among a
large sample of young healthy adults. This study found
significant ReHo differences in multiple cortical regions and
resting-state networks between male and female subjects.

This specific issue also includes two studies on neu-
roimaging methods and one review paper. In one study, X.
Li and colleagues compared FAIR and PICORE sequences
and systematically optimized ASL imaging parameters for
measuring cerebellum grey matter and white matter perfu-
sion. In another study, M. Gorges and colleagues demon-
strated a potential framework for multiparametric functional
connectivity mapping through combination of resting-state
fMRI with DTI. Finally, in the review paper, T. K. Das and
colleagues highlighted the structure-function relationship of
the brain networks using the Ising model and graph theory.

In summary, studies published in this specific issue
demonstrate a few examples of continuous efforts to integrate
structural and functional neuroimaging methods as well as
other researchmodalities in order to elucidate brain networks
and their function in both normal healthy population and
clinical patients.

Hengyi Rao
Danny Jiongjiong Wang

Yihong Yang
Yong He
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Objective.We sought to use the regional homogeneity (ReHo) approach as an index in the resting-state functionalMRI to investigate
the gender differences of spontaneous brain activity within cerebral cortex and resting-state networks (RSNs) in young adult healthy
volunteers. Methods. One hundred and twelve healthy volunteers (56 males, 56 females) participated in the resting-state fMRI
scan. The ReHo mappings in the cerebral cortex and twelve RSNs of the male and female groups were compared. Results. We
found statistically significant gender differences in the primary visual network (PVN) (𝑃 < 0.004, with Bonferroni correction)
and left attention network (LAtN), default mode network (DMN), sensorimotor network (SMN), executive network (EN), and
dorsal medial prefrontal network (DMPFC) as well (𝑃 < 0.05, uncorrected). The male group showed higher ReHo in the left
precuneus, while the female group showed higher ReHo in the right middle cingulate gyrus, fusiform gyrus, left inferior parietal
lobule, precentral gyrus, supramarginal gyrus, and postcentral gyrus. Conclusions.Our results suggested that men and women had
regional specific differences during the resting-state. The findings may improve our understanding of the gender differences in
behavior and cognition from the perspective of resting-state brain function.

1. Introduction

A large number of postmortem and imaging investigations
on gender differences were dedicated to the human brain [1–
7]. Previous structural neuroimaging studies showed that the
brain size is larger in men than in women and revealed that
the anatomical gender differences of the brain in the cortex

are region-specific [8, 9]. Women usually have larger relative
volumes in frontal and medial paralimbic cortices, while
men have larger frontomedial, amygdala, and hypothalamus
relative to cerebrum size [9, 10]. Apart from these anatomical
differences, gender differences also exist in many behavioral
and cognitive domains. Men generally perform better in
visual and spatial processing as well as mathematics [11–13],
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whereas women tend to outperform men in verbal skills and
memory [14, 15], facial emotion recognition [16], fine motor
skills [4], and emotion processing [4, 17].

Not only is magnetic resonance imaging a significant
imaging modality in clinical diagnosis and treatment plan-
ning, but it also provides detailed knowledge of physiological
and pathological brain functions for medical research [18].
By taking the advantages of fMRI technique, many studies
have reported gender differences in the functions of the brain,
such as the sex-related hemispheric lateralization in language
processing [19] and emotional memory [17], suggesting that
male and female brains might have some different neural
mechanisms to conduct certain tasks [20]. However, com-
pared with these task state studies, there are still few studies
on the difference in the resting-state of the brain.The resting-
state function reflects the neuronal baseline activity of the
brain when the subject is not performing an explicit task,
representing the state of the human brain in the absence
of goal-directed neuronal action and external input. Biswal
et al. [21] investigated sex effects using amplitude of low-
frequency fluctuation (ALFF) in a large-scale resting-state
fMRI cohort (𝑛 = 1414, across 35 imaging centers) and
suggested that sex emerged as a significant determinant.
Wang et al. [13] employed a support vector machine-based
multivariate pattern analysis (MVPA) approach and found
men showed higher regional homogeneity (ReHo) in the
right hemisphere and women tended to show greater ReHo
in the left.

The ReHo is defined as the regional synchrony of spon-
taneous fMRI signals and can be used to map the resting-
state brain function [22]. To investigate the gender difference
in the brain functions, the first question is whether there
is any gender difference in ReHo within the resting-state
networks (RSNs). There are about twelve RSNs in the brain
as previously reported, such as the default mode network
(DMN), the sensorimotor network (SMN), the visual net-
work (VN), the auditory network (AN), the salience network
(SN), and the attention and executive function networks
[23, 24]. The second question will be what specific brain
areas are. To address these two questions, we analyzed the
gender difference of ReHo in twelve RSNs and whole cerebral
cortex of adult healthy volunteers. We hypothesized that men
and women might have different ReHo in some of the RSNs
and cerebral cortices, which might be related to the gender
differences in cognitive domains as previously reported [1–7].

2. Materials and Methods

2.1. Subjects. One hundred and twelve healthy volunteers
(56 males, 56 females) were recruited to take part in this
experiment. All the procedures were fully explained to the
participants and informed consents were obtained from
all subjects before they took part in the experiment. All
volunteers were the college students in the university, right-
handed with no history of mental or neurological disease,
with no history of psychiatric and neurological disorders or
drug use, andwith no obvious abnormality in brain structure.
This study was approved by the Ethics Board at the First
Affiliated Hospital of Anhui University of Chinese Medicine.

2.2. Data Acquisition. Before the experiment, the partici-
pants were requested to change clothes, rest, and then enter
into the scanning room after the whole body had been
relaxed. The subjects were told to close their eyes and their
ears were stuffed with cotton balls during scanning. The
lights in the scanning room were turned off to reduce visual
stimulation. During the entire scanning process, the subjects
were asked to avoid psychological activity as far as possible.

All fMRI experiments were completed at the MR room
of the Medical Imaging Center, the First Affiliated Hospital
of Anhui University of Chinese Medicine. The Siemens
Symphony 1.5T MRI whole body scanner (Siemens Medical
Systems, Germany) and standard head coil were used. A
total of 4 sequences were scanned, which were as follows.
(1) The first sequence was pilot images. (2) T2-weighted
images: this sequence lasted for 1 minute 30 seconds. The
goal of this sequence was to find whether or not there
was any obvious structural abnormality of the brain. (3)
Resting-state fMRI data acquisition: this sequence lasted for
10 minutes. Take the axial position parallel to the AC-PC
line, with 36 slices that covered the whole brain. EPI-BOLD
sequences were used, with TR/TE/FA of 3000ms/30ms/90∘,
FOV of 192mm × 192mm, and matrix of 64 × 64. (4)
T1-weighted 3D anatomical images: this sequence lasted
for 8 minutes 59 seconds. Sagittal position was taken and
176 slices were scanned which covered the whole brain.
Spoiled gradient echo sequence was used, with TR/TE/FA
of 2100mm/3.93mm/13∘, FOV of 250mm × 250mm, slice
thickness/spacing of 1.0mm/0.5mm, and matrix of 256 ×
256. It took about 21 minutes to complete all the data
acquisition.

2.3. Data Preprocessing. All preprocessing procedures were
performed using the AFNI software (http://afni.nimh.nih
.gov/) in the Laboratory of Digital Medical Imaging, the First
Affiliated Hospital of Anhui University of Chinese Medicine.
The first 4 volumes of the functional images were discarded
for the signal equilibrium and participants’ adaptation to the
scanning circumstance. After excluding the first 4 volumes,
all fMRI volumes were slice corrected and then realigned
to the first volume. Data was included if the subject’s
head movement during fMRI scanning was less than 2mm
translation and less than 2∘ angular rotation in any axis. Six
motion parameters, linear drift, and the mean time series of
all voxels within the white matter and the cerebrospinal fluid
were removed from the data by linear regression to reduce
the effects of confounding factors. After that, a temporal
filter (0.01–0.08Hz) was applied to reduce the effect of low-
frequency drift and high-frequency physiological respiratory
and cardiac noise signals.

2.4. ReHo Analysis. The ReHo analysis was performed in
each subject with the program of 3dReHo in the AFNI
software. Kendall’s coefficient of concordance (KCC) value
(also called ReHo value) was calculated to measure the
similarity of the ranked time series of a given voxel to its
nearest 26 neighbor voxels [22]. By calculating the KCC value
of every voxel in the whole brain, an individual ReHo map
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Table 1: Cerebral gender differences in ReHo between males and females.

Regions Brodmann area Side Coordinate (Talairach) Voxels 𝑧-value
Peak 𝑥 Peak 𝑦 Peak 𝑧

Female >male
Inferior parietal lobule BA40 L −46.5 −31.5 32.5 43 4.83

L −40.5 −34.5 32.5 8 4.26
Precentral gyrus BA6 L −37.5 −10.5 29.5 17 4.32
Supramarginal gyrus BA40 L −46.5 −52.5 32.5 13 4.2
Middle cingulate gyrus BA24 R 1.5 −19.5 32.5 10 4.17
Fusiform gyrus BA20 R 52.5 −22.5 −24.5 4 4.09
Postcentral gyrus BA2 L −46.5 −25.5 35.5 4 4.43

Male > female
Precuneus BA7 L −4.5 −67.5 47.5 4 −4.09
Note: BA, Brodmann area; L, left; R, right. The threshold was set to 𝑃 < 0.0001, 𝛼 < 0.05, and cluster ≥ 4 (Monte Carlo simulation program AlphaSim).

was obtained for each subject. All individual voxel-wise ReHo
values were computed and standardized into ReHo 𝑧-values
by subtracting themean ReHo obtained from the entire brain
(i.e., global ReHo, male 0.1632 ± 0.0205, female 0.1578 ±
0.0113,𝑃 > 0.05) and then dividing by the standard deviation
[25–27]. Spatial smoothing was then performed with a
Gaussian filter of 8mm full-width half-maximum (FWHM)
kernel in order to manage the anatomical variability and to
improve the signal-to-noise ratio [13]. Before the intergroup
comparison, all ReHo maps were spatially normalized to the
standard Talairach atlas template.

2.5. Intergroup Analysis. To explore the ReHo differences
between the male and the female groups, a second-level,
random-effect, two-sample two-tailed t-test was performed
on the individual normalized ReHomaps in a voxel-by-voxel
manner within the brain. Although age was not significantly
different between groups, it was still included as a covariate
to avoid any possible influence. The AFNI Monte Carlo
simulation programAlphaSimwas used to obtain a corrected
significance level of 𝑃 < 0.0001 and a minimum cluster
size of 4 voxels (108mm3) in the group difference maps.
The anatomical localization and labeling of the functional
data was determined by both Talairach coordinates and three
radiologists.

2.6. RSNs Analysis. For RSNs analysis, the regions of interest
(ROIs) of 12 RSNs were derived from our previous study
[24]. Using ICA analysis, the preprocessed time series of
BOLD after head motion correction, smoothing, and spatial
normalization were concatenated along time to form a 4-
dimensional (4D) dataset. GIFT-toolbox [28] was used to
decompose the 4D BOLD data into 20 mutually indepen-
dent components. These analyses identified 12 RSNs for
BOLD data. There were the DMN, left attention networks
(LAtN), right attention network (RAtN), primary visual
network (PVN), secondary visual network (SVN), SMN, AN,
executive network (EN), dorsal medial prefrontal network
(DMPFC), ventral medial prefrontal network (VMPFC),
salience network (SN), and medial temporal limbic network

(MTLN).The ROIs’ ReHo of each subject was extracted from
the individual normalized ReHo maps, and the mean ReHo
of each subject was calculated by the program of 3dROIstats
in the AFNI software. The ReHo of 12 RSNs was statistically
compared between males and females using independent
samples t-test approach. The threshold was defined as the
Bonferroni correction of 𝑃 < 0.05 (i.e., 𝑃 < 0.05/12 =
0.00417). Further, we also did an exploratory analysis (the
threshold was set as 𝑃 < 0.05), which reflects the exploratory
nature.

3. Results

3.1. General Information. Fifty-six cases of males (mean
age: 25.93 years, range 20–43 years) and fifty-six cases of
females (mean age: 26.46 years, range 18–44 years) were
finally included in the second-level analysis. Age was not
significantly different between groups. All subjects in this
study had less than 2mm translation and 2∘ of rotation in any
of the 𝑥-, 𝑦-, and 𝑧-axes.Therefore, no subjects were removed
from the data analysis.

3.2. Cerebral ReHo Differences between Males and Females. It
was showed that there existed significant differences in the
intergroup comparison between genders. Significantly higher
ReHo in the left precuneuswas found in themales, and signif-
icantly higher ReHo in the right middle cingulate gyrus, right
fusiform gyrus, left inferior parietal lobule, left precentral
gyrus, left supramarginal gyrus, and left postcentral gyrus
was found in the females (Table 1 and Figure 1).

3.3. ReHo Differences of RSNs between Males and Females.
The ReHo of PVN was found higher in males than females
(𝑃 < 0.004). In the exploratory analysis, we further found
higher ReHo of the DMN, LAtN, PVN, SMN, EN, and
DMPFC in females compared tomales (𝑃 < 0.05). No gender
differences were found in the other 6 RSNs (Table 2 and
Figure 2).
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Table 2: Comparison of ReHo in RSNs between males and females.

DMN LAtN RAtN PVN SVN SMN AN EN DMPFC VMPFC SN MTLN
Male 0.411 −0.982 −0.759 4.390 3.737 0.356 −3.922 0.412 −0.003 −3.314 −0.637 −2.838
Female 1.780 0.226 0.069 0.810 3.257 2.475 −4.904 2.021 1.157 −3.387 −0.007 −3.245
𝑡 2.258 2.741 1.803 −2.974 −0.538 2.186 −1.215 2.47 1.988 −0.095 1.243 −0.757
𝑃 0.026∗ 0.007∗# 0.074 0.004∗ 0.592 0.031∗ 0.227 0.015∗ 0.049∗ 0.925 0.217 0.451
Note: DMN, default mode network; LAtN, left attention networks; RAtN, right attention network; PVN, primary visual network; SVN, secondary visual
network; SMN, sensorimotor network; AN, auditory network; EN, executive network; DMPFC, dorsal medial prefrontal network; VMPFC, ventral medial
prefrontal network; SN, salience network; MTLN, medial temporal limbic network. #Independent samples 𝑡-test, significance threshold 𝑃 < 0.004 (with
Bonferroni correction). ∗Independent samples 𝑡-test, significance threshold 𝑃 < 0.05 (uncorrected).

L. precuneus

LPCG

LPreCG

LIPL

RFG

R. MCC LSMG

R RL L

Female > male Male > female

Z +35 Z +32

Z +29 Z +25

Z +46

X −4 −5

+5

Figure 1: ReHo differences of cerebral regions between males and females (Monte Carlo simulation program AlphaSim, 𝑃 < 0.0001, cluster
size ≥ 4, and 𝛼 < 0.05). Women showed greater ReHo than men in areas of the right middle cingulate gyrus (R. MCC), right fusiform gyrus
(RFG), left inferior parietal lobule (LIPL), left precentral gyrus (LPreG), left supramarginal gyrus (LSMG), and left postcentral gyrus (LPG),
while men showed greater ReHo in the left precuneus. L, left; R, right.

4. Discussion

This study applied ReHo analysis approach to investigate
gender differences of resting-state in a large sample of adult
healthy individuals. It was found that there existed gender
difference in the PVN, LAtN, and some brain areas function-
ally related to gender differences in cognitive and behavior
domains. These results suggest that males and females might
have regional specific differences during the resting-state.

In the 12 RSNs, the higher ReHo of PVN was found
in males than females, which showed significant gender
difference between males and females after Bonferroni cor-
rection. PVN is associated with visual processing and SMN
is related to motor function [23]. The higher ReHo of PVN
in males might imply that males do better in visuospatial
processing than females, which is consistent with previ-
ous anatomical and behavioral researches [11–13]. In the
exploratory analysis, females had higher ReHo of DMN,

LAtN, SMN, EN, and DMPFC than males. As previous
studies reported, DMN, LAtN, EN, and DMPFC are involved
in a wide range of cognitive processes and memory function
[29, 30]. The results might suggest that women outperform
men in some cognitive domains and emotion recognition
processing, which is in line with previous researches [4, 17].
Several previous studies have reported the gender differences
of functional brain networks during rest [30–32]. However,
there were some consistency and some inconsistency as well.
Our findings were consistent with the fact that there were
no significant differences between sexes in the functional
connectivity of the brain areas within the SN reported by
Weissman-Fogel et al. [30], but they were inconsistent with
our results of exploratory analysis that the EN and the DMN
which they reported had no significant differences between
genders. Another report [32] demonstrated that significant
gender differences of resting-state activity were found in all
networks. We suggested that the discrepancy might mainly
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Figure 2: Mean ReHo of 12 RSNs between males and females.
Significant differences were observed in the PVN (with Bonferroni
correction, #

𝑃 < 0.004). In the exploratory analysis, significant
differences were observed in the DMN, LAtN, PVN, SMN, EN,
and DMPFC as well as PVN (uncorrected, ∗𝑃 < 0.05). Error bar
represented standard error.

result from the different methods they had used in their data
analysis.

The specific brain areas in which gender difference of
ReHo was found could be classified into two kinds. One kind
was that female had higher ReHo and another kind was that
male had higher ReHo. Six regions of greater ReHo were
shown in females than males, including the right middle
cingulate gyrus, right fusiform gyrus, left inferior parietal
lobule, left precentral gyrus, left supramarginal gyrus, and
left postcentral gyrus in the females. The inferior parietal
lobule is a part of left attention network, which was identified
from BOLD data using ICA analysis. It is concerned with
multiple aspects of sensory processing and sensorimotor
integration [33], especially in the perception of emotions in
facial stimuli [34], and also, it is concerned with language
and body image [35–38]. The middle cingulate cortex is
involved in many different functions, including negative
affect, pain, and cognitive control [39]. It has also reported
that middle cingulate cortex receives widespread inputs, both
directly and indirectly, from emotion-related brain regions
[40] and may be a pivotal node of emotion and motor
integration [41, 42]. Mann et al. [43] observed that women
had relatively larger cingulate gray matter volume than men
and showed different patterns of age-related volume decline
between men and women. Although there are still some
disputes on the functionalities of fusiform gyrus, a relative
convergent point is related to various cognitive functions
[44], such as face and body recognition [45–48], orthography
and reading [49–51], word recognition [52], and processing
of color information [53–56]. Therefore, the higher ReHo of
the above areas in females is consistent with the behavioral
sex difference that women generally excel in language [14,
15], facial emotion recognition [16], and emotional memory
tasks [4, 17]. Furthermore, the different ReHo areas of the
precentral gyrus between genders were located in its inferior

part, which represents the primary motor area of hand and
orofacial area [57]. The anterior supramarginal gyrus, which
showed regional specific differences between genders in the
present study, is also a component of left attention network
in our results of ICA processing. It is involved in tool action
observation [58]. Consistent with the previous studies [4, 14–
17], these results might suggest that women excel better in
hand and orofacial related tasks, something like fine motor
skills, facial expression, and verbal fluency.

Meanwhile, we found that higher ReHo in the specific
region of the left precuneus in men than in women. The pre-
cuneus is a part of PVN in our network-wise analysis ROIs. It
is strongly interconnectedwith the parietooccipital visual and
oculomotor-related cortices [59]. The precuneus is involved
with visuospatial processing [60–62], episodic memory [63],
reflections upon self [64, 65], and awareness and conscious
information processing [66, 67]. These different processes
may be selectively related to different subregions within the
precuneus [61]; for example, the posterior subregion, a part
of PVN, was related to visual area [68]. In this study, the
posterior subregion of left precuneus showed higher regional
homogeneity in men, which was consistent with the previous
report [61]. In addition, we also found the higher ReHo of the
PVN in males than females. Therefore, it might reflect that
there existed difference in visuospatial processing between
men and women [11, 12] and provided further evidence to a
converging point suggested by previous behavioral study; that
is, men generally perform better in visuospatial processing
than women [11–13].

A gender difference in cerebral regional homogeneity of
adult healthy volunteers was also reported by Wang et al.
[13].There were some consistency and inconsistency between
their results and ours. The consistency was that both Wang
and we found gender difference in resting-state function of
healthy volunteers andwomenmainly exhibited higher ReHo
in their left hemispheres. In this study, we adopted the inde-
pendent samples and repeated the results of left hemispheres
preponderance of ReHo in females, which strengthened the
conclusion of the higher ReHo in females’ left hemispheres
concluded by Wang et al. [13]. However, the specific brain
regions showing gender differences were not exactly the
same. We thought the discrepancy mainly resulted from the
difference in methodology. In Wang’s study, a support vector
machine-based MVPA approach was employed to identify
the complex patterns of sex differences in brain structure and
resting-state function, but in our study, the ReHo maps were
compared between the males and the females using t-test.
Different data analysis methods can demonstrate different
results [69, 70], and the threshold selection can also influence
the results [71]. Thus, the result difference between this
study and Wang’s study might indicate different aspects of
resting-state brain function via different analysis methods.
In addition, age range may have an effect on resting-state
homogeneity [21, 72, 73]. Therefore, we would use different
analysis methods and pay more attention to the effect of
age in future studies in order to make the results more
comprehensive.

Potential limitations of this study should be noted. First,
in our study, age range of subjects is a little broader for men
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than women. As previous researchers reported [21, 72, 73],
age range is critical as it may have an effect on resting-state
homogeneity. Although age was not significantly different
between our groups and we had included age as a covariate
to avoid any possible influence, it would be better to increase
the sample size and minimize the age range in the future
investigations. Second, the present study had not correlated
the ReHo valuewith the behavioral data for no such data were
collected in the experiment. In the future study, this factor
should be taken into account. Third, although it is a general
practice that global signal of ReHo was removed when doing
group level analysis, Zuo et al. [25] reported that removing
global effect would reduce reliability of ReHo. Therefore, we
should improve our data processing methods in the future.
Fourth, the results of DMN, LAtN, SMN, EN, and DMPFC
in the present study are based on the exploratory analysis
(i.e., it did not reach the threshold after Bonferroni correction
although some of them are close). Therefore, these results
should be replicated in the future.

In summary, the present study found gender differences
in regional homogeneity of adult healthy volunteers within
some of RSNs and cerebral cortices and indicated that men
and women might have regional specific differences during
the resting-state. Many of the specific regions showed in
voxel-wise analysis belong to the RSNs that showed gender
differences in the present study. These regional specific
regions are mostly related to the functions of behavior
and cognition. The findings are consistent with the gender
differences in behavioral and cognitive domains and might
improve our understanding of the gender differences from
the perspective of brain function.
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With the advent of neuroimaging techniques, it becomes feasible to explore the structure-function relationships in the brain.When
the brain is not involved in any cognitive task or stimulated by any external output, it preserves important activities which follow
well-defined spatial distribution patterns. Understanding the self-organization of the brain from its anatomical structure, it has
been recently suggested tomodel the observed functional pattern from the structure of whitematter fiber bundles. Differentmodels
which study synchronization (e.g., the Kuramotomodel) or global dynamics (e.g., the Isingmodel) have shown success in capturing
fundamental properties of the brain. In particular, thesemodels can explain the competition betweenmodularity and specialization
and the need for integration in the brain. Graphing the functional and structural brain organization supports the model and can
also highlight the strategy used to process and organize large amount of information traveling between the different modules. How
the flow of information can be prevented or partially destroyed in pathological states, like in severe brain injured patients with
disorders of consciousness or by pharmacological induction like in anaesthesia, will also help us to better understand how global
or integrated behavior can emerge from local and modular interactions.

1. Introduction

Despite decades of research focusing on network based brain
activities, the anatomical structure of the observed brain
networks and the functional aspects of spatiotemporal brain
dynamics remain mysterious [1]. Several recent functional
magnetic resonance imaging (fMRI) studies on the wakeful
resting brain have showed the existence of different brain
networks—resting-state networks (RSNs), for example, the
default mode network (DMN), salience network (SN), audi-
tory network (AN), three distinct visual networks (VN),
sensorimotor network (SMN), and left and right executive

control (ECN), which are considered to be unperturbed,
nonstimulated functional networks, which at baseline activity
are performing complex cognitive tasks [2–6]. The balance
between segregation and integration of well-segmented and
separated brain regions is essential for efficient informa-
tion processing and rapid information transfer within and
between the networks [7, 8]. A human brain consists of
around 100 billion neurons, and each of these neurons forms
approximately 1000 trillion electrical as well as chemical
synaptic and nonsynaptic connections with other neurons in
a brain network [9]. As a result, the importance of studying
neurobiological implications of the complex neural wiring
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Figure 1: Default mode network in a healthy control as extracted
from resting state functional magnetic resonance imaging using
independent component analysis and the fibers reconstructed using
a tractography technique applied to diffusion tensor imaging data
and subsequently filtered by the regions functionally connected in
the default mode network.

structure of these aforementioned functional networks has
always been proven to be critical. The state of the art in
neuroimaging techniques is already offering us the possibility
to assess structural and functional connectivity of these brain
networks. However, there is still a gap in finding more
convincing structure-function relationships that could be
predicted by the optimal neural activity in the network. This
limits our current understanding of the mechanisms govern-
ing the base of emergent spatiotemporal brain dynamics, and
their relation to complex evolutionary cognitive assessments
of brain networks [10].

Starting from the Hodgkin-Huxley conductance-based
model [11], the field of computational neuroscience has
been playing a significant role in replicating the functional
characteristics of spontaneous neuronal activity from the
modular brain network [12–16]. This could provide new
insights into network dynamics along with the advancement
of neuroimaging experiments [17–20]. Neuroimaging obser-
vations are strongly supporting a relationship between the
structural architecture of the brain and its functional net-
working (see Figure 1 as an example for the DMN functional
pattern and its structural support) [21–23]. The emergence
of spontaneous network dynamics in the resting brain was
simulated from the heterogeneous structural connectivity of
the human brain and then compared with the spatiotem-
poral dynamics of BOLD low-frequency signals during rest
[19]. In their study, oscillatory neural populations were
found to be synchronized through the phase dynamics of
coupled oscillators in a generalized Kuramoto model. This
synchronization model could offer a detailed comparison of
functional networks among the structural connectivity. With
increasing global coupling strength of oscillators, clusters of
oscillator nodes progressively integrate to form larger clusters
with positive andnegative correlations between them, and the
corresponding network dynamics exhibit a phase transition
from a desynchronized phase to a partially synchronized
phase. In contrast to homogeneous or randomly coupled
networks, the transition from a partially synchronized to
a fully synchronized phase was found to be less probable
due to the role of possible delay in transmission in the
resting brain network. Despite this, a good agreement of
“emergent” properties between simulated functional con-
nectivity and empirical functional connectivity was demon-
strated through the measurement of individual seed-based

correlation in RSNs. Mechanisms behind cluster formations
(or integration), intra- and inter-regional interactions, and
the emergence of intercluster correlations/anticorrelations
remain unexplored [19, 22]. Their studies suggest the need
for more computational modeling-based research on the
structure-function dependencies in brain networks.

In the context of the complex structure-function relation-
ships in the brain network, self-organized neural dynamics
have been shown to exhibit random behaviour which can
become very similar to systems studied in statistical physics
(e.g., the Ising model) [24–26]. In the past, neural dynamics
in the resting brain had been considered as quasistationary
states without introducing the structural information and
without a direct correspondence between lattice size and
brain positions [12, 27]. In order to investigate dynamics
of the resting brain, a collective phenomenon based 2-
dimensional (2D) Ising model was simulated numerically
at different temperatures [18, 28]. Their simulated results
allow an assessment of the cooperative emergent properties
and the universality classes of network dynamics [18, 20,
27] as well as the biological plausibility of RSNs [2]. Under
these mechanisms, the collective spin dynamics exhibit long-
range spatiotemporal correlations with second order phase
transitions between ordered and disordered magnetic states
at the critical temperature [12, 29]. Compared to subcritical
(𝑇 < 𝑇

𝑐
) and supercritical (𝑇 > 𝑇

𝑐
) temperature regions,

their simulated results at this critical point highlighted a
balance between positive and negative correlated networks
andwere comparable with the correlation and anticorrelation
obtained from resting state fMRI. The universal mechanisms
underlying the spontaneous emergent phenomena of the 2D
Ising model can explain self-organized criticality of neural
dynamics in large scale RSNs [28, 30]. Functional activation
patterns of neural networks largely depend on the underlying
structure of fiber pathways connecting all regions of the
cortical and subcortical brain area [23, 31]. In a recent study
[32], the functional neural activity of resting brain net-
works was also simulated from the generalized Ising model,
replacing equal spin coupling with the structural network
of the human connectome. The structural based collective
neural dynamics were able to explain correlation-based
networks that were comparable with the RSNs extracted
from fMRI. Their findings confirmed that the second order
phase transition and self-organized criticality of the 2D Ising
model at critical temperature [27] might not be enough to
explain the complex organization of information transfer in
resting brain networks. This raises more puzzling questions
about functional RSNs in various conditions including the
involvement of cognitive tasks on the resting brain or altered
states of consciousness like physiological (sleep), pharma-
cological (anesthesia), and pathophysiological (disorder of
consciousness) states of brain networks [33].

In addition to the aforementioned Kuramoto model
of coupled oscillators and Ising model of magnetization,
Honey et al. presented a neuronal mass model based analysis
that could predict the functional connectivity from the
human anatomical structure [21]. Following conductance-
based neuronal dynamics, the neural mass model simulates a
population of highly interconnected excitatory and inhibitory
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neurons. Three dynamic variables (membrane potential of
pyramidal cells, average number of open potassium channels,
and inhibitory interneurons) are used to describe the time-
course of local field potentials for a neuron mass. Each mass
represents a node of cortex, which is interconnected to other
nodes through the structural connectivity matrix via the
mean firing rate. Alongwith these variables there aremultiple
microscopic quantities (ion channel conductance, fraction of
channels open, and the ratio of NMDA to AMPA receptors),
being used to describe the dynamics of neural masses. The
number of intraconnected neurons, as well as the net effect of
thesemicroscopic constants, remain unknown for each node.
There is an additional fitting parameter describing the exci-
tatory coupling between nodes in the network. Utilizing all
parameters, global resting brain dynamics are modelled and
compared with empirical results [21, 34, 35]. In comparison,
the Ising model uses one parameter, temperature, to simulate
global brain activity.More research on the Isingmodel, taking
into account the structural and functional interrelationships
seen in the neuralmassmodel, could resolvemany unknowns
in large-scale brain networks.

Modern neuroimaging techniques like fMRI and dif-
fusion tensor imaging (DTI), along with methodological
advances in both spatial pattern detection and anatomical
tracing, hasmade it possible to extract the functional patterns
and the structures of neuroanatomical circuitry at different
spatial scales [36–38].With the development of graph theory,
we have witnessed an unprecedented growth of applications
to understand the structural and functional complexity of the
human brain connectome [39] due to its relative simplicity,
highly generalized, and easily interpretable nature. In a
graph, structural (i.e., synaptic, axonal, and dendritic) and
functional (i.e., spontaneous or evoked neuronal response
based dynamic interactions) network connectivity of brains
is typically represented by a set of nodes which carries
neuronal information at the scale of interest and a set
of edges that represents either functional relationships or
structural connections among individual nodes [10, 40, 41].
Correlated nodes in patches of the cortex (gray matter)
were used to demonstrate dynamic interaction of neural
circuitry, in which functionally clustered regions of small-
world networks were governed by specific features, for exam-
ple, high clustering, small path length, high efficiency, and
repeated network motifs in a particular class [42, 43]. In
the Watts-Strogatz model, probability of increasing rewiring
demonstrates the transition of a random network from a
periodic ring shaped lattice of the small-world topology
[44]. Several pathological states of brain networks were also
investigated, in which any disturbance of structural connec-
tivity in neural networks could increase the probability of
rewiring and reduce the functionally organized brain activity,
for example, the Erdös-Rényi type networking [34, 45–47].
Based on anatomical connectivity patterns and physiological
interactions of neurons in mammalian brains, a statistical
model of canonicalmicrocircuits was able to describe cortical
dynamics dependent on the large-scale “average connectiv-
ity” [14, 48]. The linked long-range projections in this model
demonstrated nonrandom coherent features and large-scale
spatiotemporal organizations of complex brain functionality.

Recently, an electroencephalogram (EEG) study providing a
high temporal resolution has been performed on large-scale
network dynamics to investigate the loss of consciousness and
cognitive deficits in patients with disorders of consciousness
(DOC) after severe brain injury.This study provides informa-
tion about further diagnosis and physiological mechanisms
[49]. In large-scale brain networks, however, nodes keep
being defined a priori, which is not always justified due to
the limitation in sensitivity of detecting complex axonal fiber
architecture [49, 50] and also due to the lack of appropriate
parcellation procedures in order to establish short- and long-
range functional relationships among highly coherent brain
regions [51, 52].

The performance of self-organized criticality, and its
relation to efficient information processing in conscious
brains, is solely determined by maintaining an optimal bal-
ance between axonal lengths and synaptic costs in neuronal
circuitry [53]. Axonal wiring cost is considered as the source
of functional integration,which ismostly spent forming long-
range communications among spatially distant brain regions.
On the other hand, the strength of short-ranged intraregional
connectivity is improved with an increase of synaptic costs,
implying a segregation effect on global dynamic patterns.
There are also other factors, for example, the metabolic
cost, glia cells, and myelination that play a role in neuronal
communications. According to the economic principle of the
brain, minimizing wiring and metabolic energy costs results
in a more “profitable” and efficient tradeoff between wiring
costs and the maximum structural and/or functional con-
nectivity among spatially distinct brain regions. Balancing
neuronal communication cost and highly conserved global
connectome organization, the functional network topology
in the healthy human brain demonstrates small-worldness
[45].The computational efficiency and functional integration
of this type of brain network lie in the intermediate regime
between the lattice-type topological networking (efficiency =
low, cost = low) and random networking (efficiency = high,
cost = high) [54]. Series of earlier fMRI studies on the
anaesthetized human and monkey brains demonstrated a
breakdown of cortical and subcortical functional connec-
tivity in all resting networks when subjects were in a state
of anesthesia-induced loss of consciousness [55–58]. This
effect on functional connectivity altered intra- and inter-
cortical connectivity, preventing the efficiency of information
flow that was present in the small-world network of wakeful
healthy brains.Their findings on imbalanced functional con-
nectivity in the segmented cortical network also highlighted
the requirement of maintaining the economic principle in
order to perform the active cross-modal functional interac-
tions during network communications.

In this paper, we focus on reviewing the functional
organization of brain dynamics and its underlying structure-
function relationship in a wakeful and conscious resting
brain, followed by a brief discussion of its alterations under
pharmacological and pathological states of consciousness
[33]. Recent work on the Ising model and graph theory is
explored to help understanding the global and local organi-
zation of brain communication at a spatiotemporal scale [20,
32, 59, 60] and its structural-functional interdependencies.
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Comparing both theoretical insights and fMRI empirical
results, the notion of criticality, metastability, and phase tran-
sitions in self-organized brain dynamics are demonstrated,
taking into account the emergence of macrostates under
cooperative processes [13, 61].

2. Ising Model and Its Application
to Brain Dynamics

The Ising model of ferromagnetism was firstly introduced by
Ernst Ising in 1925 as a statistical model of ferromagnetism
[62]. A 2D square lattice version was further explored to
explain the existence of ferro/paramagnetic transitions and
was exactly solved in statistical physics by Onsager in 1944
[63]. Essentially, the model consists of discrete magnetic
moments with their spins 𝑠

𝑖
= +1 pointing upward and

𝑠
𝑖
= −1 pointing in downward directions. In the brain, local

increase (or decrease) in BOLD activity from its baseline
could also be represented by “+1” (or “−1”) spin state [18, 64].
According to the model, each of these spins has the tendency
to align with its neighbours in the square lattice through the
nearest-neighbour, interaction energy, or coupling constant
𝐽
𝑖𝑗
. In the absence of any external field, the energy of a state 𝑡

is expressed by𝐸(𝑡) = −(1/2)∑
⟨𝑖,𝑗⟩

𝐽
𝑖𝑗
𝑠
𝑖
𝑠
𝑗
, where ⟨𝑖, 𝑗⟩denotes

the nearest neighbour interaction between nodes 𝑖 and 𝑗.
Furthermore, the strength of interactions always competes
against the effect of the temperature of the thermal bath
with which the spin lattice is in contact. According to the
formalism of statistical physics [65], the probability of finding
the system in a configuration 𝑡 is 𝑃(𝑡) = exp[−𝐸(𝑡)/𝑘𝑇]/𝑧.
Here 𝑧 = ∑ 𝑒−𝐸(𝑡)/𝑘𝑇 is called the partition function, 𝑘 is
the Boltzman constant, and 𝑇 is the temperature. 𝐸measures
the integrated energy of a spin configuration, in which the
interaction between spins wants to minimize which can be
used to quantify the global spin organization. 𝑘𝑇 instead
measures the kinetic energy randomly transferred between
the thermal bath and the spin lattice, which produces the
segregation effect in spin clusters.Numerical approaches have
been developed to simulate the dynamics of an Ising model.
The combination of Metropolis algorithm and classical
Monte Carlo simulation with periodic boundary conditions
establishes the thermalization procedure of magnetic spins
when the system is placed in touch with a heat bath of
temperature 𝑇 [66]. With increasing 𝑇, the spontaneous
fluctuation of Ising spins increases. When the temperature
reaches a certain critical value (𝑇

𝑐
), there is a qualitative

change in the organization of the spin clusters as a whole, and
the correlation length between neighbouring spins within
the cluster (which captures the size of the formed clusters)
diverges. The outcome of spin organizations from a 2D Ising
model simulation at three different 𝑇 values is presented in
Figure 2 after being projected on a 1015 parcellation of the
brain [67] (notice that the relation between physical position
in the brain and the 2D lattice is completely arbitrary, even if
nearest neighbour interaction distribution is maintained).

At low 𝑇, the spontaneous Monte Carlo spin flips are
less probable, and spins in a given configuration are mostly
aligned to contribute the minimum energy or ground state

Projected Ising model

𝑻 < 𝑻𝒄

𝑻 = 𝑻𝒄

𝑻 > 𝑻𝒄

Figure 2: Three different 2D Ising model configurations after
thermalization for, respectively, 𝑇 < 𝑇

𝑐

, 𝑇 = 𝑇
𝑐

, and 𝑇 > 𝑇
𝑐

.
A 32 × 32 square lattice configuration has been projected on a
1015 parcellated brain keeping the nearest neighbour interaction
structure.

energy of the system. A quantity called the magnetization,
which is the average of total spins over the whole lattice,
determines the magnetic ordering of the system, that is,
its ferromagnetic behaviour. When all spins are aligned
along the same direction, a magnetization of magnitude
“+1” or “−1” will be generated corresponding to a complete
order configuration.The large amount of integratedmagnetic
ordering in this low temperature regime is accompanied by a
small information content of the organized spin clusters. At
high𝑇, themagnetic ordering is completely lost due to signif-
icantly increasing number of spontaneous spin flips and the
magnetization tends to “0,” which can be used to characterize
the paramagnetic phase. In this case, a large number of laws
of nature do not hold due to spontaneous symmetry breaking
under global spin flips, and this disordered phase can be seen
as the result of the dominating segregation effect over the
cluster integration [66].The information content is very high,
in this case, but without integration. For the intermediate
regime of 𝑇, the self-organized criticality, as well as a second
order phase transition, are observed in the 2D Ising model
through the maximum fluctuation in the magnetization and
the susceptibility peak when 𝑇 reaches a critical value 𝑇

𝑐
[18].

In this case, a balance between integration and segregation
effects is recognized and revealed by the divergence of
the correlation length through the formation of long-range
ordering within the correlated functional networks of spin
clusters. The global ordering of magnetization is preserved
in the 𝑇 < 𝑇

𝑐
regime and is destroyed above the critical

temperature 𝑇
𝑐
. In Figure 3, four different states of 2D spin

configurations are shown for 𝑇 < 𝑇
𝑐
, 𝑇 = 𝑇

𝑐
, and 𝑇 > 𝑇

𝑐
.

These four different configurations correspond to the same
four different time points at three different temperatures. Due
to its simplicity of simulating two state spin systems and the
richness of its dynamic behaviour in self-organized criticality,
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Ising dynamics

· · ·· · ·· · ·

· · ·

· · ·

· · ·

· · ·

· · ·

· · ·

𝑻 < 𝑻𝒄

𝑻 = 𝑻𝒄

𝑻 > 𝑻𝒄

𝒕 = 1 𝒕 = 50 𝒕 = 100 𝒕 = 150

Figure 3: Dynamics of a 2D Isingmodel with lattice size 32 × 32 after thermalization. For the three different temperatures𝑇 < 𝑇
𝑐

,𝑇 = 𝑇
𝑐

, and
𝑇 > 𝑇

𝑐

the Ising model is simulated generating 150 time data points. Each time point corresponds to a new configuration in which all spins
have been tested for flip through the Metropolis algorithm. Configurations of the same four time points are reported for the three different
temperatures.

the Ising model has been demonstrating unprecedented
growth of applications in physics as in many other fields,
including computational neuroscience [18, 28, 30].

In neuroscience, electrophysiological brain activity in the
presence or absence of sensory stimulation can be described
by two states: (1) active states in which randomly generated
neuronal action potentials collectively process information
and provide neuronal communications with each other
via functional networking and (2) inactive states in which
neurons do not cross the threshold value to fire action
potentials [12]. In the brain at rest, when a large number
of neurons are functionally connected with each other, the
resultant interaction of all other neurons on a given neuron
can always be considered as its single averaged form [68, 69].
This situation can often be realized in the mean field theory,
in which an effective interaction (e.g., exchange coupling
in the Ising model) substitutes the many body interactions,
involving the long-range ordering in the functional network
[64, 70]. Reduction of many degrees of freedom in neural
dynamics can therefore be simplified in an asymptotic form
that results as the emergence of activated functional patterns
[71]. The stability of these synchronous dynamic patterns
in a network represents a neuronal firing state based on
cooperative activity. In addition to four different spin con-
figurations at the critical temperature (𝑇

𝑐
), mean functional

organizations of neural dynamics, sampled at four different
times and based on the resting state fMRI of 14 healthy

subjects is shown in Figure 4.The baseline for the fMRI signal
has been separately calculated for each parcellated region as
the mean of the time-course for that region. All values above
(or below) the baseline are represented in “Red” (or “Blue”).

Series of earlier studies on fMRI, multielectrode local
field potential (LFP), and magnetoencephalography (MEG)
[72] profoundly highlighted the spontaneous emergence of
cortical and sub-cortical resting brain activity in human
and non-human primates [73]. In their analyses, collective
functional organization of RSNswere found to be very similar
to the emergence of simulated organizations poised in 2D
Ising model near the critical temperature (see previous sec-
tion). Along with the simulated spatiotemporal brain activity
near or at the critical point, brain functionality in RSNs
encountered the maximization of information processing,
taking into account the input sensitivity and dynamic range
of activity patterns [26, 73]. Besides prominent matching of
the long-range correlations in large-scale cortical networks,
power law behaviour with a slope value −3/2 (represents the
fractal dimension) and neuronal avalanches in small-scale
networks were indicated in empirical and simulated data of
the resting brain [18, 74].

In addition to this earlier work, there has been consider-
able growing attention on simulating the brain dynamics and
its relation to self-organized criticality using the structure of
human connectome from the DTI based measurements [32].
Thefiber distributions between each pair of cortex parcellated
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Ising model dynamics 𝑻 = 𝑻𝒄

𝒕 = 1

𝒕 = 50

𝒕 = 100

𝒕 = 150

(a)

Digitalized fMRI dynamics

𝒕 = 1

𝒕 = 50

𝒕 = 100

𝒕 = 150

(b)

Figure 4: Simulated and functional imaging maps generated for four different time points. (a) shows the equilibrium spin configurations at
𝑇 = 𝑇

𝑐

. In (b), digital maps are created by setting a threshold as the baseline value of the BOLD time course for each corresponding parcellated
region. Red corresponds to a value of above baseline (or spin “+1”) and blue below (or spin “−1”). Maps are created after averaging BOLD
signal over 14 healthy subjects.

regions could be in fact used as the input for the coupling
𝐽
𝑖𝑗
between spin 𝑖 and spin 𝑗 in a generalized Ising model.

In this way, all nodes including left and right hemispheres
are interacting with each other, implying that any spin sees
all the other spins as nearest neighbor even if with different
couplings. Recently, a study on simulating the resting func-
tional activity in monkeys and humans [73, 75] attempted
to emphasize the finite size, scaling, and universality of
brain dynamics. Along with the measurement of maximum
information processing at criticality, their calculations on
𝑇
𝑐
(not in line with earlier findings) as well as critical

exponents of magnetization, specific heat and susceptibility,
could explore collective brain activities in different spatial
scales [75]. In the next section, functional organizations of
spontaneous brain activity will be reviewed in the light of
dynamic phase transitions, while the phenomena of self-
organized criticality and metastability will help to charac-
terize the similar behaviour of organized activity patterns
observed in the empirical data [72, 76].

3. Self-Organized Criticality, Phase Transition,
and Metastability in Brain Networks

Criticality in any dynamic system, including the brain, can
be characterized by a threshold that describes the boundary

of phase transition between ordered and disordered patterns.
In order to understand experimental findings of human
functional brain activity, for example, the resting state fMRI,
a large number of interacting spin systems has been mod-
eled successfully as self-organized criticality [77]. Recently,
the correlation networks of resting state fMRI data were
compared with the correlation matrix of a 2D Ising model
at different temperatures, in which spins were connected
with the short ranged nearest-neighbour interactions [28].
In the Ising model, the self-organized dynamic patterns
are formed through the spontaneous fluctuation of random
spins, reducing degrees of freedom through non-linear inter-
actions among functional units of spin clusters [65]. These
functional units are characterized by reduced degrees of
freedom and are represented by order parameters (e.g., the
magnetization) [66]. With increasing 𝑇, the spontaneous
fluctuation of spin-flips increases, and at critical temperature
the dynamic phase transition replicates the long-range order-
ing in the spin dynamics. This effect of long-range ordering
can provide themaximum information flow,which is reduced
down abruptly either in the phase of ordered (𝑇 < 𝑇

𝑐

in subcritical phase) or completely disordered (𝑇 > 𝑇
𝑐
in

supercritical phase) spin states. This has been considered as
the self-organized criticality of a 2D Ising model, in which
themaximumoccurrence ofmetastable states [76] canmimic
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almost all fascinating properties in the wakeful resting brain.
Self-organization in the resting brain is also the result of
spontaneous neural dynamics that have shown features such
as metastability in order to explain the efficient information
processing in the network. It is only in the critical regime
of the Ising model that we can retain these properties and
simulate brain functionality effectively [13, 20, 73].

Starting from Turing instabilities in dynamical systems
(1950), it has been shown that macrostates of brain wave
oscillations can be formed out of cooperative processes, insta-
bilities, rapid transitions between coherent states, pattern
formations, and so forth [13, 78]. Due to the variability of
synaptic couplings among large groups of neurons in an
input-output based brain network, the ability to process and
transfer information depends solely on integrating several
functional counter-parts of the neural circuits of cortical and
subcortical structures [79]. Taking into account the coopera-
tion and competition in spontaneous neuronal oscillations,
the basis of conscious brain activity lies in the state of
metastability [80].The dynamic states of brain oscillations lie
in far-from-equilibrium regions, but it stabilizes over a long
time period, explaining the ability to perform brain activities
out of many random inputs from the external world [81].The
emergence of simulated spin dynamics in the Ising model
and brain dynamics in level of consciousness, exhibit features
of dynamic transitions between metastable states [18, 76].
Due to the limitation on appropriate fiber-tract modeling,
the structural connectivity used in current neuroscience
research seemed to overlook long-range projections and
the polarization of fiber tracts. Insufficient information on
the anatomical structure of the brain limits the current
findings of simulated brain activity with the Ising model.
Further research onfiber-tract connectivity in brain networks
will improve simulations of self-organized criticality and
metastability of functional brain activity. This will lead to
a better understanding of complex brain phenomena such
as cognition or generating consciousness. While simulating
the Ising model provided the opportunity to characterize
the structure-function relationship in emergence of compli-
cated brain organizations, the research on graph theoretical
approaches (see next section) could offer a better insight
to understand the information traffic, and the integration
properties of the network.

4. A Brief Review of Graph Theory

4.1. Current Progress on Graph Theory. Initial approaches of
the network structures based on graph theory have devel-
oped a growing interest among the researchers involved in
investigating the neuronal systems of the brain. Graph theory
is providing a simplified and more generalized approach
to studying the complex neuronal structures (e.g., Brain
network) in neuroscience [82]. Furthermore, it has been
proposed that the structure of the global brain network
enhances the interaction between the segregation and inte-
gration of functionally specialized areas in the brain [83].
Even though the functional networks are restrained by the
limitations of the structural connections, context-sensitive

integration during cognition tasks necessarily requires a
divergence between structural and functional networks. This
essential idea is well explained by the “small-world” networks
in graph theorywhich deals with highly clustered, yet globally
interconnected networks [84]. The higher the clustering,
the greater is the ability of being connected with groups of
neurons in the brain network, resulting in network hubs.
Thus, it describes the strong functional organization of the
brain network and it is also evident in networks which have
been extracted in resting state fMRI [84]. In addition, such
networks have been described in cortical structure [42, 85]
and in EEG and MEG (magnetoencephalogram) studies.
Therefore, it is important to compare the parallel behaviour
of the organization of functional and structural neuronal
anatomy in the brain, and the complex networks of graph
theory.

4.2. Fundamentals of Graph Theory. Graph theory is an
outstanding basis from which to study the functional and
anatomical connections in the brain. A graph related to the
brain network is a model of the neurons or group of neurons
in patches of cortex (nodes/vertices in graph theoretical
nomenclature) which are interconnected by a set of edges.
The edges represent functional or structural connections
between cortical and subcortical regional nodes based on
analysis of human neuroimaging data [39]. Nodes in large
scale brain networks usually represent brain regions, whereas
the edges represent anatomical, effective or functional con-
nections. In a graph, the number of connections a node has is
called degree 𝑘 [86].The distribution of the degree 𝑃(𝑘) gives
the information about the fraction of nodes having 𝑘 number
of edges and is, therefore, the probability distribution of the
degree over the whole network. Clustering coefficient of a
graph is another commonly used characteristic which gives
the ratio of the number of existing connections to the number
of all possible connections [44, 87], whereas the characteristic
path length is the average of the shortest path lengths between
the nodes. In addition, the global efficiency gives the inverse
of the harmonic mean of the minimum path length, between
each pair of nodes [88–90] and it indicates the amount
of traffic that the network can handle. The local efficiency
indicates a measure of the fault tolerance of the network [88]
which gives information about handling traffic by each node
in the network. In another perspective, efficiency is a useful
network measure, which can be used to distinguish between
highly active networks or otherwise. Moreover, the strength
of divisions of a network in clusters is given by themodularity
[91]. High modularity could establish strong connectivity of
nodes within clusters and sparse connectivity between nodes
of different clusters in the network. The complex networks,
which are fundamentally characterized by these network
metrics, are complex not only by the means of the size of
the network, but also due to the interaction architecture and
dynamics of the network [92].

The networks have been classified, according to their
topology, under three categories designated random net-
work, small-world network, and scale-free network. Random
graphs can be constructed by assigning connections between
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pairs of nodes with uniform probability. Formost of the com-
plex network systems, a random network is a poor estimate.
The probability distribution of the degree of a random graph
follows a normal distribution as the connections are made
randomly between the nodes [92]. The clustering coefficient
of random graphs is much smaller compared to that of scale-
free and small-world networks. On the other hand, the small-
world network is highly clustered yet comprises a smaller
characteristic path length compared to random networks
[44]. Small-world networks maintain a balance between net-
work segregation and integration, providing a high global and
local efficiency of information transfer between nodes of a
network [39]. In scale free networks, the nodes are connected
in a way that there are few nodes which have very many
connections, and many nodes which have few connections
[92] implying low efficiency.This is in contrast to with small-
world networks where the efficiency is comparatively high,
supporting high information transfer between the nodes. On
the other hand, the low efficiency of the scale free networks
will give the impression of mostly unconnected network
structures as well [93]. Although this characterization among
the network structures is common, in relation to brain
dynamics, a brain network can also be characterized with
respect to its regional anatomical connectivity.

4.3. Types of Topological Connectivity. Topological connectiv-
ity of the brainmay characterize different features of dynamic
organization.This organization can be expressed by weighted
or unweighted graphs. In weighted graphs, nodes represent
the regions of interest and edges encode the strength of
their correlation (functional) or the density of the fibers con-
necting them (anatomical) [94], while in unweighted graphs
edges only represent the presence of connectivity exceeding
a specific threshold. However, this binarization does not
provide any information on important differences between
weak and strong connections. For specific metrics such as
the characteristic path length, the strength of connection is
critical for interpretation since it determines the functional
distance of connectivity, which is important to character-
ize long-distance shortcuts. By comparing functional and
anatomical connectivity, a broader understanding of the way
the brain functions with respect to its structural connectivity
can be gained.

4.3.1. Anatomical Connectivity. Anatomical/Structural con-
nectivity between cortical regions of the brain is represented
by the connections of axonal fibers. It ranges from inter-
neuronal connectivity to inter-regional connectivity in the
brain [10]. In MRI analysis, the anatomical connectivity is
being tracked using DTI data. Graph theory offers a quan-
titative description of the anatomical patterns by producing
a graph for the anatomical network of the brain. Mapping
the anatomical connections of the human brain using graph
theory has revealed small-world attributes with local clusters
of brain regions [10].This pattern of finding indicates that the
structural organization of the brain demonstrates the most
efficient type of network.

4.3.2. Functional Connectivity. Although studying the
anatomical connections of the brain allows us to understand
the basic structural connectivity throughout the brain,
investigating the functional connectivity provides us the
knowledge of how this structural architecture relates to
brain function. However, functional connectivity is based
on statistical computations representing only correlations
between nodes exceeding a specific threshold [31, 94]. In
fMRI analysis, functional connectivity is analyzed using the
BOLD signals.Therefore, functional connectivity emphasizes
highly functionally correlated regions. As a result of that, the
network can be presented as a fully connected graph among
functionally active regions [94]. Thus, measure of efficiency
of a network is always a relative quantity dependent on the
graphical analysis itself and the choice of threshold.

4.3.3. Effective Connectivity. Effective connectivity refers to
the effect that one neural system or element influences
another neural system or element [10, 31]. Using effective
connectivity, the causal interactions between the elements of
the network can be better understood. In this case, a directed
graph can be generated to represent the effective connectivity
between multiple regions of the brain network [10]. Applying
directed graphs is a more sophisticated approach since it
also provides information about the direction of connectivity.
However, this adds statistically relevant issues when comput-
ing fMRI data because temporal aspects of interaction have
to be considered which are problematic when measuring the
BOLD signal (for further discussion, see [95–98]).

4.4. Neurobiological Implications of GraphTheory

4.4.1.TheNetwork Properties in IsingModel and the Brain Net-
work. Studying network properties in graph theory allows a
comparison of networks using Isingmodel data and empirical
fMRI data. An important measure in this comparison is the
distribution of the degree for the two types of data sets, along
with the distribution of the correlation. This will provide
the basis to compare the functional behaviour of the brain
network in resting state with the critical phenomena of the
Ising model.

After calculating, for each given temperature, configu-
rations of the 2D Ising model at a chosen number of time
points, a correlation matrix can be extracted and compared
with the correlation of the empirical data from the resting
brain (Figure 5). In Figure 5(a), the correlation distribution
of empirical and simulated data is showing an important
similarity when the Ising model is simulated at the critical
temperature. Figure 5(b) represents the degree distribution
for the graphs generated by the corresponding correlation
matrices after setting a threshold to zero (using the Brain
Connectivity Toolbox [86]). Beyond the critical temperature,
the correlation of the simulated data tends to go to zero.
At the critical temperature, the 2D Ising model, which does
not assess the quality or quantity of information processing,
is reflecting the distribution of correlation values of experi-
mental data relevant to brain dynamics [28]. In addition, the
distribution of the degree for the 2D Isingmodel at the critical
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Figure 5: (a) shows the correlation values (𝜌) distribution for three different simulations of the 2D Ising model at 𝑇 < 𝑇
𝑐
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𝑐

, and 𝑇 > 𝑇
𝑐

together with the empirical data from resting state fMRI. (b) shows the degree distribution of the graphs obtained from the corresponding
correlation matrices after setting a threshold equal to zero.

temperature follows a similar behavior as the experimental
data. At temperatures below the critical temperature, the
average degree is found at a smaller value compared to that
of the resting fMRI degree distribution, which implies lower
functional connectivity of the nodes in the Ising model.

The brain network follows small-world behaviour with
higher efficiency and a higher clustering coefficient with
respect to random or scale-free networks [84]. Moreover, it
has shorter average path lengths and most of the connections
are made among the neighbouring nodes, while few long-
range connections are made in order to create short cuts.
In the case of the Ising model, the variation of the degree
distribution along with the temperature, allows extraction of
valuable information about the network. Below the critical
temperature the degree of connectivity of most nodes lies
around 10% of the highest possible degree while at higher
temperatures it is around 50% of the highest possible degree.
These two cases, sub- and supercritical regimes, show a low
efficiency in the network, suggesting that the critical behavior
for the Ising model is predicting the highest information
transfer in accordance with the resting brain data. As the
brain network shows small-world network behaviour with
lower characteristic path length and higher clustering coef-
ficients in controls, under pathological or pharmacological
conditions these properties could be altered depending on the
structural or functional modulations of the network.

To understand the structural organization of the brain
network and its functional interaction, research has focused
on brain alterations. Patients with severe brain injury are
especially interesting to investigate, as alterations in struc-
tural connectivity can be isolated and compared to loss of

function to further explore the relationship between struc-
tural and functional connectivity. Moreover, severe brain
injury is characterized by a large-scale network disconnection
which is the prime mechanism for the underlying cognitive
impairment [99]. A prominent impairment in patients with
severe brain injury is altered consciousness. In severe chronic
states this is defined as disorders of consciousness (DOC)
and comprises coma, vegetative state/unresponsive wake-
ful syndrome (VS/UWS), minimally consciousness states
(MCS), and locked-in syndrome (LIS) [100]. In the presence
of severe brain injury, the structure of the brain network
can be crucially affected. This may lead to a disruption
in the functional connectivity of the brain network, which
can be captured by their graphical properties [101]. It has
been observed by Crone et al. [91] that the functional
brain networks of patients with DOC demonstrate a higher
clustering coefficient compared to random networks, but a
similar characteristic path length, which verifies the small-
world attributes in both healthy controls as well as patients
with DOC. In comparison to healthy subjects though, the
patients show reduced modularity at the global level that
implies a shift in the ratio of the connection density within
and between clusters. This indicates a disturbance in the
optimal balance between integration and segregation.

Altered states of consciousness can also be observed
without changes in the structural connectivity as induced, for
example, by the anesthetic propofol. In anesthesia-induced
loss of consciousness, functional connectivity is disturbed
while the structural connectivity is preserved. In respect
to graph theory, this can be interpreted as a decrement of
the number of functional connections. Graph theoretical
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analyses revealed significant changes in the distribution
of degree and local functional organizations of brain net-
works during propofol-induced loss of consciousness [102]
Recently, Monti et al. investigated the increase in clustering
and characteristic path length and the decrease in efficiency
of global information flow in propofol-induced unconscious
brain networks, compared to wakefulness, mild-sedation,
and recovery states of the brain [103]. In their studies, loss of
consciousness in the sedation state was characterized as the
result of increasing the segregation effect in functional brain
organizations.

5. Conclusions and Discussion

Throughout this paper, we have reviewed the structure-
function relationship in the brain network with recent
ongoing analyses, focusing on the Ising model and graph
theory. The Ising model together with graph theory proved
to be effective approaches to studying brain dynamics. In
particular, the Ising model is involved in characterizing the
emergent properties of functional network organizations at
the critical temperature and the changes in organization
when temperature is departing from its critical value. Three
significant temperature values are taken into account as the
critical, subcritical, and supercritical temperatures. Much of
the earlier efforts have compared brain dynamics with the
behaviour of self-organized criticality at the critical point
of the Ising model. However, the recent finding of char-
acterising brain dynamics in the Griffith phase has started
diminishing the hallmark of self-organized criticality in brain
networks, unless the network becomes highly efficient and
optimized [104]. Their analyses provide the opportunity
to look into the behaviour of functional networks based
on Ising model simulation in subcritical and supercritical
temperature regions in order to understand the macroscopic
brainmechanisms. On the other hand, graph theory has been
providing another platform to characterize the structural and
functional connectivity of the brain. Underpinning results
of graph theoretical metrics reveal that the brain network
follows a small-world behaviour with a high efficiency and
low wiring cost [54, 84]. Furthermore, graph theoretical
measures provide additional understanding about the infor-
mation transfer among the nodes of the Ising model at the
critical temperature and in the sub- and supercritical regimes.

The brain is one of the most complex networks in nature
due to its sophisticated structure-function relationships.
Understanding the optimized information processing and
transfer in its cortical networks is the prime focus of much
current neuroscience research. With recent advancements
in neuroimaging techniques like fMRI (with high spatial
resolution), EEG, and MEG (with high temporal resolution),
any functional activity based measurements could quantify
global correlation patterns in wakeful resting brains [5] or
altered states of consciousness as induced by anaesthesia or
severe brain injury [33]. Current neuroimaging techniques
enable us to explore multiple functional networks within the
resting brain with resolution of the order of 105 neurons in a
cubic millimeter of neuronal tissue [105]. With this in mind,
neuroimaging studies are limited in their characterization

of individuals’ functionality within any correlated network.
However, several of the macroscopic brain phenomena,
for example, consciousness, mind, human cognition, global
information processing, have recently been investigated in
the resting brain with multidimensional analyses of the brain
organization in various spatial and temporal scales. With the
aid of mean field theory, the functional connectivity of these
networks has also been compared with the simulated self-
organized criticality of the Ising model in absence/presence
of anatomical connectivity.

Nowadays, multimodal neuroimaging is applied to
patients with DOC in order to find diagnostic tools [106].
In Figure 6, DTI, fMRI, and FDG-PET are presented for
a patient in vegetative state (VS/UWS) and a patient in
minimally conscious state (MCS) together with a healthy
subject [107]. While the resting-state fMRI and FDG-PET
images present a functionally preserved right hemisphere for
both patients, DTI shows underlying differences in structural
connectivity. In VS and MCS patients, these neuroimaging
methods complement each other to provide information of
structural and functional connectivity. In recent years, DOC,
which could be a result of impaired regulation of arousal
and awareness due to connectivity disruptions among dif-
ferent anatomical brain regions [108], have been extensively
studied [103, 109, 110]. Their findings highlighted the strong
dependency of structure and function in brain networks.
Applications of structural and functional neuroimaging,
together with computational modeling like the Ising model
may allow accessing the spatiotemporal organization of the
resting brain and its possible reorganization or disruption in
altered states of consciousness.

A recent review also highlighted the fact that structural
brain damage after traumatic brain injury (TBI) could disrupt
the functional activity of large-scale intrinsic connectivity
networks as well as interactions of the damaged struc-
ture with neuroinflammation and neurodegeneration as in
Alzheimer disease and chronic traumatic encephalopathy
[99]. Traumatic focal brain injury may disconnect large-scale
brain networks that might result in network dysfunction and
cognitive impairment. Their investigations on structural and
functional integrity within intrinsic connectivity networks
may help to improve diagnosis at the individual network
level and clinical treatment in future research. However, the
difficulty of accessing long-term human brain data after TBI
constrains current studies of DOC, which are mostly treated
on the basis of “trial” and “error.” In patients with TBI, diffuse
axonal injury may damage structural network connectivity
via white matter fibers, which is difficult to investigate
through the current tractography technique [111, 112]. This
demands the necessity of studying computationalmodels that
may help to understand in vivo structure-function relations
as well as neuronal intercommunication in large scale brain
networks [10].

Graph theory is a useful tool for understanding the orga-
nization of brain networks in different spatial and temporal
scales. In the healthy brain during rest, the organization
within and between RSNs demonstrates small-world features
which maximize the information transfer by a relative low
level of wiring cost [10]. Together with findings from Ising
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Figure 6: Diffusion tensor imaging, default mode network as extracted from resting state functional magnetic resonance imaging and 18F-
fluorodeoxyglucose positron emission tomography in a vegetative patient, a minimally conscious patient, and a healthy control. This figure
was modified by Bruno et al. [107].

model simulations explaining the self-organized criticality of
brain dynamics, graph theory has opened the door to under-
stand specific properties of organization among these self-
organized functional modules [8]. This knowledge can now
be used to explore neurobiological mechanisms of the brain
network and its alterations in pathological or pharmacolog-
ical states to better understand how brain phenomena such
as cognition or consciousness emerge [1]. This knowledge
can then be used to improve innovative biomarkers for the
diagnosis and prognosis of disease.
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[102] M. S. Schröter, V. I. Spoormaker, A. Schorer et al., “Spatiotem-
poral reconfiguration of large-scale brain functional networks
during propofol-induced loss of consciousness,” The Journal of
Neuroscience, vol. 32, no. 37, pp. 12832–12840, 2012.

[103] M. M. Monti, A. Vanhaudenhuyse, M. R. Coleman et al., “Will-
ful modulation of brain activity in disorders of consciousness,”
The New England Journal of Medicine, vol. 362, no. 7, pp. 579–
589, 2010.

[104] P. Moretti, M. A. Mu, and M. A. Muñoz, “Griffiths phases
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The framework of graph theory provides useful tools for investigating the neural substrates of neuropsychiatric disorders. Graph
description measures may be useful as predictor variables in classification procedures. Here, we consider several centrality
measures as predictor features in a classification algorithm to identify nodes of resting-state networks containing predictive
information that can discriminate between typical developing children and patients with attention-deficit/hyperactivity disorder
(ADHD). The prediction was based on a support vector machines classifier. The analyses were performed in a multisite
and publicly available resting-state fMRI dataset of healthy children and ADHD patients: the ADHD-200 database. Network
centrality measures contained little predictive information for the discrimination between ADHD patients and healthy subjects.
However, the classification between inattentive and combined ADHD subtypes was more promising, achieving accuracies
higher than 65% (balance between sensitivity and specificity) in some sites. Finally, brain regions were ranked according to
the amount of discriminant information and the most relevant were mapped. As hypothesized, we found that brain regions in
motor, frontoparietal, and default mode networks contained the most predictive information. We concluded that the functional
connectivity estimations are strongly dependent on the sample characteristics. Thus different acquisition protocols and clinical
heterogeneity decrease the predictive values of the graph descriptors.

1. Introduction

Attention-deficit/hyperactive disorder (ADHD) is a neurode-
velopmental disorder with a prevalence of around 5.3% in
children and adolescents [1]. It is characterized by cogni-
tive and behavioral impairments associated with inattention
and/or hyperactivity and impulsivity symptoms [2].Themost
frequent and investigated ADHD phenotypes are the ones
with predominance of inattentive symptoms and a group
that combines inattention and hyperactivity/impulsivity. As
for most mental disorders, the etiological bases and neural
substrates of ADHD are far from being fully understood.

The search for structural or functional neural correlates of
ADHD, and consequently for potential biomarkers of the
disorder, is crucial in the pursuit of its prevention, early detec-
tion and more effective treatment [3, 4]. For this purpose,
the combination of machine-learning techniques for pattern
recognition and resting-state functional neuroimaging data is
a particularly promising approach [5].

Graph theoretical analysis is an emerging component
in the field of connectomics and brain network analysis
based on neuroimaging data [6, 7]. Descriptors derived
from graph theory are measurements quantifying different
characteristics of the network organization. When applied to
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resting-state fMRI data, graph theoretical measures may be
used to enhance the understanding of resting-state network
(RSN) dynamics [8]. RSNs are characterized by consistent
correlations with the spontaneous fluctuations of the BOLD
signal among certain brain regions. Among the diffuse
RSNs identified via fMRI analysis, specifically sensory-motor,
frontoparietal, basal ganglia, and defaultmode networks have
been implicated in ADHD pathophysiology [9]. Currently,
abnormal interactions within distinct RSNs have been identi-
fied as a key factor in contributing to various neuropsychiatric
disorders [10], in particular within the default mode network
(DMN) [11, 12].

Pattern recognition methods based on machine learning
techniques have shown to be a promising approach to the
analysis of neuroimaging data [13]. Support vector machines
(SVMs) [14] are one of the most frequently used methods
in this field, given their robust properties when dealing with
high dimensional multivariate data in addition to providing
predictions for each individual case. In other words, given a
set of features (e.g., brain measurements) and a label (e.g.,
healthy and patient), SVMs are used to learn a function,
whichmaps the set of features to their respective labels within
a training dataset. Thus, given a new set of features produced
from an unseen observation, SVMs are able to provide a
predicted label for this novel observation.

Graph theory descriptors can be used as predictor vari-
ables (i.e., features) in a machine-learning framework. Merg-
ing graph theoretical approaches and machine learning tech-
niques might provide a better-adjusted way to scrutinize the
impairment of RSNs inADHDaswell asmapping predictions
to a single individual case. In this study, we investigated the
use of network centrality measures as predictive features to
discriminate between typical developing children andADHD
patients with both inattentive and combined presentations.
In addition, we investigated possible differences between
inattentive and combined ADHD groups. The ADHD-200
dataset [15] formed the basis of our analysis. We aimed at
evaluating three issues: (i) themean classification score ([sen-
sitivity + specificity]/2) across distinct acquisition sites; (ii)
the classification score site-by-site (i.e., only the data within
each site are used to train and test the classifier) with a global
classification (i.e., using the data of all sites in a joint analysis);
(iii) brain regions (i.e., network nodes) containing the greater
amount of predictive information to discriminate between
the groups. We hypothesize that frontoparietal, sensory-
motor, and default mode network nodes will have a more
relevant predictive value in the classification.This hypothesis
relies on the potential association between abnormalities in
resting-state networks and the main symptoms of ADHD.

2. Materials and Methods

2.1. Data and Image Preprocessing. The publicly available
resting-state fMRI data from the ADHD-200 Consortium
were used in the present study. The images were acquired
at five different sites: Peking University, Kennedy Krieger
Institute, NeuroIMAGE sample, New York University Child
Study Center, and Oregon Health & Science University

(OHSU). The subject sample consisted of 609 subjects, 340
controls (mean age [standard deviation] − 11.59 [2.86] years;
180 males), and 269 patients with ADHD according to DSM-
IV-TR criteria (mean age [s.d.]− 11.58 [2.88] years; 215males).
Among the total number of ADHD patients, 159 fulfilled the
criteria for the inattentive type (mean age [s.d] − 11.24 [3.05]
years, 130 males), while 110 were classified as the combined
type (mean age [s.d.] − 12.08 [2.55] years, 85 males).

All research protocols from institutes contributing to
the ADHD-200 Consortium received local approval by their
respective IRB. All the data distributed via the Interna-
tional Neuroimaging Data-sharing Initiative (INDI) are fully
anonymized in accordance with HIPAA Privacy Rules. Fur-
ther details concerning the sample and scanning parameters
can be obtained by request to the ADHD-200 Consortium.

Step-wise data preprocessing was previously conducted
by the NeuroBureau community using the Athena pipeline
and consisted in the systematic and homogeneous processing
of all resting-state fMRI data. The following steps were
carried out: exclusion of the first four EPI volumes; slice time
correction; deobliquity of the dataset; headmotion correction
using the first volume as a reference; exclusion of voxels at
non-brain regions bymasking the volumes; averaging the EPI
volumes to obtain a mean functional image; coregistration
of this mean functional image to the subjects’ correspondent
anatomical image; spatial transformation of functional data
into template space; extraction of BOLD time series from
white matter and cerebrospinal fluid using masks obtained
from segmenting the structural data; removing trend and
motion effects through linear multiple regression; tempo-
ral band-pass filtering; spatial smoothing using a Gaussian
filter.All preprocessed images are available at the website
http://neurobureau.projects.nitrc.org.

2.2. Connectivity Analysis and Graphs. A representative set
of 400 brain-wide regions of interest (ROIs) was chosen for
defining the network nodes used for connectivity analysis and
the construction of the graphs.The ROIs were determined by
using themethod developed by Craddock et al. [16] based on
the fMRI data of 650 subjects.This atlas is publicly available at
http://www.nitrc.org/plugins/mwiki/index.php/neurobureau:
AthenaPipeline. The Pearson correlation coefficient between
each pair of ROIs was calculated and regarded as a proxy of
functional connectivity. The correlation matrix was equated
with the adjacency matrix of an undirected and weighted
graph. Meanwhile, binary adjacency matrices were built
for each subject by applying three different cut-off values
(0.1, 0.15 and 0.25) to the correlation matrix. The cut-offs
were defined within this particular range since the network
becomes too fragmented and granular to allow a proper
graph analysis for higher cut-off values [17]. We evaluated
the predictive power from both weighted and unweighted
graphs. The following centrality measures of the nodes in
the weighted graph were calculated: degree, closeness [18],
betweenness [19], eigenvector, and Burt’s constraint [20].The
degree, closeness, and betweenness were also calculated for
the unweighted graphs.

The mathematical definitions of these measures are
described in Table 1 where 𝑁 is the set of all nodes and
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Table 1

Measure Definition
Degree (𝑘) 𝑘

𝑖

= ∑

𝑗∈𝑁

𝑎
𝑖𝑗

Closeness (𝐿−1) 𝐿
−1

𝑖

=
𝑛 − 1

∑
𝑗∈𝑁, 𝑗 ̸=𝑖

𝑑
𝑖𝑗

Betweenness (𝑏) 𝑏
𝑖

=
1

(𝑛 − 1)(𝑛 − 2)
∑

ℎ,𝑗∈𝑁

ℎ ̸=𝑗, ℎ ̸=𝑖, 𝑗 ̸=𝑖

𝜌
ℎ𝑗

(𝑖)

𝜌
ℎ𝑗

Eigenvector (𝑥) 𝑥
𝑖

=
1

𝑙
∑

𝐽∈𝑁

𝑎
𝑖𝑗

𝑥
𝑖

Burt’s constraint (𝐶) 𝐶
𝑖

= ∑

𝐽∈𝑁\{𝑖}

(𝑎
𝑖𝑗

+ ∑

𝑞∈𝑁\{𝑖,𝑗}

𝑎
𝑖𝑞

𝑎
𝑖𝑗

)

2

edges within a network and 𝑛 is the number of nodes. An
edge between two nodes 𝑖 and 𝑗 is represented by 𝑎

𝑖,𝑗
. In

the undirected graph case, 𝑎
𝑖𝑗
= 1 if there is a connection

between the nodes 𝑖 and 𝑗; otherwise, 𝑎
𝑖𝑗
= 0. In betweenness

definition, 𝜌
ℎ𝑗
is the number of shortest paths between ℎ and

𝑗, and 𝜌
ℎ𝑗
(𝑖) is the number of shortest paths between ℎ and

𝑗 passing through 𝑖. In eigenvector definition, 𝑙 is a constant.
Note that eigenvector and Burt’s constraint are definable only
for weighted graphs.

Degree is a straight and intuitive way to quantify nodes
centrality, and it is defined as the number of edges connected
to a particular node. The closeness centrality is the average
distance between a given node and all other nodes of the
network. Betweenness quantifies the influence of a node and
is defined as the number of shortest paths passing through
it. The basic rationale underlying eigenvector centrality is
that connections with more central nodes increase the
nodes influence in the network. Hence, different weights are
attributed to a vertex depending on the centrality of the
connected nodes. Finally, Burt’s constraint value is inversely
proportional to the number of connections of a node and
increases with the number of strongmutual connections [20].
The uses and interpretations of graph theoretical measures
in the context of fMRI studies were the central topic in an
excellent previous review [7]. All analyses were performed
in the R platform for Computational Statistics (R Project for
Statistical Computing) (http://www.r-project.org/) using the
R igraph package.

2.3. Classifier Implementation and Identification of Discrimi-
native ROIs. The centrality measures of each graph’s nodes
were used as features (i.e., predictor variables) in an inde-
pendent classification analysis. Classification was performed
using a linear support vector machine (SVM) algorithm [14].
The rationale behind SVM is that the determination of the
boundary defined by the predictor variables should maxi-
mize the separation margin between the two groups to be
classified. Accuracy of the classification model was estimated
via a leave-one-subject out cross-validation procedure. The
classifications were based on the discrimination between
typical developing children compared to ADHD patients
(both inattentive and combined, and a comparison between
the ADHD-inattentive andADHD-combined types. For each

graph descriptor, two distinct analyses were carried out: (i) an
independent site-by-site classification using the data within a
single site to train and test the SVM (leave-one-subject-out
score) and (ii) a joint analysis concatenating the data strings
from all sites into a single classification.

Finally, in order to identify the most discriminative
regions, we built brain maps highlighting the 5% brain
regions with greater predictive values. We used the approach
proposed by Mourão-Miranda et al. [21] and Sato et al.
[22]. In brief, the decision function of the linear SVM
used to predict the group of each subject is a hyperplane
equation. This equation is defined by a constant and a set
of coefficients, each one associated to an input feature (i.e.,
a brain region defined by the ROIs). During the classifier
training, these parameters are tuned in order to define the
optimum hyperplane for separating the data. We then used
the absolute values of these hyperplane coefficients (taking
into account the training with all subjects and not the leave-
one-out procedure) to rank the features and highlight the top
5% most discriminative brain regions.

3. Results

3.1. Classifier Accuracy. Table 2 depicts the scores for the
between-group condition comparing typical developing chil-
dren with ADHD patients. The highest score obtained via
site-by-site analysis was 73% using weighted betweenness at
theOHSU site. However, this findingwas not replicated at the
other sites. In thewhole-sample analysis the highest scorewas
58%, achieved with eigenvector centrality.

Table 3 shows the scores for the discrimination analysis
between inattentive and combined ADHD subtypes. This
analysis was more promising and several measures achieved
scores greater than 65% across multiple sites. The highest
score obtained via site-by-site analysis was 77% when using
the degree measure with unweighted graphs (with a 0.15 cut-
off) at OHSU.The highest score in whole-sample analysis was
61%, achieved when using unweighted degree (with a 0.25
cut-off).

Interestingly, the mean score (across sites) and the score
from whole-sample classification were very similar, except
when using betweenness and degree in unweighted graphs
(Figure 1). In this exception, the mean score was greater than
the whole sample classification score.

3.2. Brain Regions with Higher Predictive Value. Regarding
the identification of the brain regions with greater contri-
bution to prediction, we chose only the classifications with
accuracy above 70%. Figure 2 illustrates the discriminant
regions for weighted betweenness centrality in healthy versus
ADHD groups at OHSU. Several cerebellar and cortical
regions were observed including left cerebellum, cerebellar
vermis, bilateral occipital cortex, left inferior temporal gyrus,
left parietal cortex, right dorsolateral prefrontal cortex, and
left frontal pole.

Figure 3 depicts the regions in which centrality measures
contributed to the classification of the ADHD types in
the OHSU sample. Betweenness centrality contributed most
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Figure 1: Classification scores ([specificity + sensitivity]/2) for each centrality measure.

to classification in the following brain regions: thalamus,
left cerebellar cortex, right occipital cortex, right temporal
cortex, right precuneus, and right dorsomedial prefrontal
and parietal cortices. The brain regions in which degree
centrality contributedmostly to classification of ADHD types
are also depicted in Figure 3.They include the right temporal
and frontal cortices, precuneus and bilateral sensory-motor
cortex, dorsal anterior cingulate cortex (dACC), and bilateral
parietal regions. In the case of eigenvector centrality, the
highest classification scores were obtained in orbitofrontal
cortex (OFC), dACC, bilateral temporal cortex, right parietal
cortex, motor areas, basal ganglia, and bilateral cerebellum.

4. Discussion

At present, resting-state fMRI is a well-established tool for the
assessment of spontaneous brain activity. Graph theoretical
measures provide a suitable framework for the investigation

of the structures of complex neural networks. In addition, the
application of machine-learning algorithms has been of great
impact on developing more advanced neuroimaging studies
of psychiatric disorders [13]. In the present work, we aimed
to explore the use of graph-derived measures of resting-state
BOLD signal as features to discriminate between ADHD
types and healthy subjects. In order to estimate the “real-
world” reproducibility of the classification procedure, we
analyzed data collected at five distinct sites, which differed in
terms of MRI scan specifications and acquisition parameters.
Finally, we mapped the brain regions in which centrality
graph-derived measures showed the greatest contribution
to classification. This mapping could provide some insight
into the pathophysiological mechanisms of ADHD from a
network analysis perspective.

When the whole sample was used, none of the centrality
measures had a relevant predictive power beyond chance.
However, significant prediction values were observed at the
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Figure 2: Discriminant regions for betweenness centrality (weighted graph) in typical developing versus ADHD classification at OHSU.

OHSU site. Thus both within- and between-site variability
have a negative impact on the extraction of predictive
information and consequently on classification. In the OHSU
sample, betweenness centrality measures contained predic-
tive information for the classification of ADHD and control
subjects with a score of 73%. After an extensive analysis
of sample characteristics and acquisition parameters, we
hypothesize that the classification score at OHSU was higher
than the other scores for two main reasons: (i) the sample
was approximately balanced between typically developing
controls (42 subjects) andADHDpatients (35 subjects), while
the group sizes were very different at the other sites; (ii)
OHSUEPI acquisition has the largest voxel size (3.8mm) and
the 3T system was equipped with a 12 channels head coil (as
opposed to 8) which increases the signal-to-noise ratio.

When the 5% nodes with greater predictive values were
mapped, a sparse pattern of brain regions was observed. In
fact, widespread brain alterations in ADHD are supported
by findings of impaired interregional connectivity between
the nodes of large-scale functional networks (reviewed in
[9]), and both task-related and resting-state fMRI studies
described atypical activations in frontal, temporal, and pari-
etal lobes as well as in cerebellum [23–25].

A promising finding was observed for the degree cen-
trality in the whole sample analysis on the classification

of the disorder types. In the within-site analyses, relatively
high scores were observed for degree, betweenness, and
eigenvector centralities.However, as the sample size is smaller
in these cases, variability is increased. Moreover, the mean
scores of within-site analyses were almost identical to the
ones from the whole sample analysis. Brain regions mapped
for betweenness measures included nodes of the right fron-
toparietal network. This network has been implicated in
attentional and executive processes and is thought to be
impaired in ADHD. Cubillo et al. [23] have shown reduced
interregional functional connectivity between frontoparietal
network nodes during a stop and switching task in ADHD
patients when compared to control subjects. Of particular
note is the thalamus, which forms part of this attentional
network [26, 27], and consequently may play a key role
in ADHD. In fact, reduced regional activations in bilateral
thalami have been reported in ADHD. Additionally, reduced
connectivity between the thalamus and right prefrontal
region, occurring concurrently with increased connectivity
between the thalamus and occipital lobes, has been found
in ADHD in an fMRI study using a sustained attention task
[28]. Interestingly, betweenness is the number of shortest
path lengths that pass through a node, which is consistent
with the purported structural position of the thalamus as
a relay to the whole cortex sheet. We speculate that a high
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Figure 3: Discriminant regions for unweighted betweenness, weighted degree, and weighted eigenvector centrality in the classification
between ADHD types at OHSU.

betweenness value for the nodes of the attentional network is
compatible with the function of switching attention focus to
different stimuli or tasks.

The measure of degree centrality, when applied to the
separation between ADHD types, produced the highest
classification scores in areas of the sensory-motor network
and of theDMN,mainly in parietal cortex and the precuneus.
These findings are in agreement with our hypothesis, based
on consistent results in the literature [9]. In fact, it is
quite intuitive that motor network connectivity should be

altered in a disorder characterized by hyperactivity. It is
coherent that the measure of degree centrality (the number
of nodes that connect to a given node) contains more
discriminative information in these areas, since the motor
network fundamentally comprises the output of the central
nervous system. It is also expected that motor regions
contain information which enables discrimination between
inattention with or without hyperactivity. The eigenvector
centrality was also found to contribute more to classification
within the motor network, as well as within orbitofrontal
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cortex, dorsal anterior cingulate cortex, parietal regions, basal
ganglia, and the cerebellum. Orbitofrontal areas have been
classically implicated in impulse control mechanisms and
appear to have impaired activation in ADHD patients [26].
Finally, alterations of DMN activity have also been proposed
as a key part of ADHD pathophysiology [29]. In summary,
functional networks implicated in attention, hyperactivity,
and impulsivity contained predictive information for the
discrimination between ADHD inattentive and combined
subtypes.

In conclusion, a novel approach of applying graph the-
oretical measures was shown to be useful for testing our
hypothesis regarding resting-state network impairment in
ADHD disorder. In particular, distinct patterns of network
dysfunction were evident for both inattentive and combined
ADHD subtypes. The classification scores for discriminat-
ing between ADHD and healthy subjects were close to
chance. Clearly, within-site analysis improves prediction
levels when compared to whole sample analysis, suggesting
that heterogeneity across the sites may strongly limit the
application of the method as a potential clinical support.
The functional connectivity estimation is strongly dependent
on the samples’ characteristics. Thus, in order to advance
the pathophysiological knowledge of ADHD, we emphasize
the importance of further multicentric studies with more
homogeneous acquisitions.
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[13] S. Klöppel, A. Abdulkadir, C. R. Jack Jr., N. Koutsouleris, J.
Mourão-Miranda, and P. Vemuri, “Diagnostic neuroimaging
across diseases,” NeuroImage, vol. 61, no. 2, pp. 457–463, 2012.

[14] V. N. Vapnik,The Statistical Learning Theory, Springer, 1998.
[15] HD-Consortium, “The ADHD-200 consortium: a model to

advance the translational potential of neuroimaging in clinical
neuroscience,” Frontiers in Systems Neuroscience, vol. 6, article
62, 2012.

[16] R. C. Craddock, G. A. James, P. E. Holtzheimer, X. P. Hu, andH.
S. Mayberg, “A whole brain fMRI atlas generated via spatially
constrained spectral clustering,”Human BrainMapping, vol. 33,
no. 8, pp. 1914–1928, 2012.

[17] J. D. Power, D. A. Fair, B. L. Schlaggar, and S. E. Petersen, “ The
development of Human Functional Brain Networks,” Neuron,
vol. 67, no. 5, pp. 735–748, 2010.

[18] L. C. Freeman, “Centrality in social networks conceptual clari-
fication,” Social Networks, vol. 1, no. 3, pp. 215–239, 1979.

[19] L. C. Freeman, “A set of measures of centrality based on
betweenness,” Sociometry, vol. 40, no. 1, pp. 35–41, 1977.

[20] R. S. Burt, “Structural holes and good ideas,” The American
Journal of Sociology, vol. 110, no. 2, pp. 349–399, 2004.

[21] J. Mourão-Miranda, A. L. W. Bokde, C. Born, H. Hampel,
and M. Stetter, “Classifying brain states and determining the
discriminating activation patterns: Support Vector Machine on
functional MRI data,” NeuroImage, vol. 28, no. 4, pp. 980–995,
2005.

[22] J. R. Sato, A. Fujita, C. E. Thomaz et al., “Evaluating SVM and
MLDA in the extraction of discriminant regions formental state
prediction,” NeuroImage, vol. 46, no. 1, pp. 105–114, 2009.

[23] A. Cubillo, R. Halari, C. Ecker, V. Giampietro, E. Taylor, and
K. Rubia, “Reduced activation and inter-regional functional
connectivity of fronto-striatal networks in adults with child-
hood Attention-Deficit Hyperactivity Disorder (ADHD) and
persisting symptoms during tasks of motor inhibition and
cognitive switching,” Journal of Psychiatric Research, vol. 44, no.
10, pp. 629–639, 2010.

[24] K. Rubia, A. Cubillo, A. B. Smith, J. Woolley, I. Heyman, and
M. J. Brammer, “Disorder-specific dysfunction in right inferior
prefrontal cortex during two inhibition tasks in boys with
attention-deficit hyperactivity disorder compared to boys with
obsessive-compulsive disorder,”Human Brain Mapping, vol. 31,
no. 2, pp. 287–299, 2010.

[25] P. Shaw, “Attention-deficit/hyperactivity disorder and the battle
for control of attention,” Journal of the American Academy of
Child and Adolescent Psychiatry, vol. 51, no. 11, pp. 1116–1118,
2012.

[26] G. Bush, “Attention-deficit/hyperactivity disorder and attention
networks,” Neuropsychopharmacology, vol. 35, no. 1, pp. 278–
300, 2010.

[27] G. Bush, “Cingulate, frontal, and parietal cortical dysfunction in
attention-deficit/hyperactivity disorder,” Biological Psychiatry,
vol. 69, no. 12, pp. 1160–1167, 2011.

[28] X. Li, A. Sroubek, M. S. Kelly et al., “Atypical pulvinar-cortical
pathways during sustained attention performance in children
with attention-deficit/hyperactivity disorder,” Journal of the
American Academy of Child and Adolescent Psychiatry, vol. 51,
no. 11, pp. 1197–1207, 2012.

[29] F. X. Castellanos and E. Proal, “Large-scale brain systems
in ADHD: beyond the prefrontal-striatal model,” Trends in
Cognitive Sciences, vol. 16, no. 1, pp. 17–26, 2012.



Research Article
Visual Learning Alters the Spontaneous Activity of
the Resting Human Brain: An fNIRS Study

Haijing Niu,1,2 Hao Li,1,2 Li Sun,3 Yongming Su,1,2 Jing Huang,1,2 and Yan Song1,2

1 State Key Laboratory of Cognitive Neuroscience and Learning and IDG/McGovern Institute for Brain Research,
Beijing Normal University, Beijing 100875, China

2 Center for Collaboration and Innovation in Brain and Learning Sciences, Beijing Normal University, Beijing 100875, China
3 Peking University Sixth Hospital/Institute of Mental Health, Key Laboratory of Ministry of Health, Peking University,
Beijing 100191, China

Correspondence should be addressed to Yan Song; songyan@bnu.edu.cn

Received 6 March 2014; Revised 1 August 2014; Accepted 1 August 2014; Published 28 August 2014

Academic Editor: Yihong Yang

Copyright © 2014 Haijing Niu et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Resting-state functional connectivity (RSFC) has been widely used to investigate spontaneous brain activity that exhibits correlated
fluctuations. RSFC has been found to be changed along the developmental course and after learning. Here, we investigated whether
andhowvisual learningmodified the resting oxygenated hemoglobin (HbO) functional brain connectivity by using functional near-
infrared spectroscopy (fNIRS). We demonstrate that after five days of training on an orientation discrimination task constrained
to the right visual field, resting HbO functional connectivity and directed mutual interaction between high-level visual cortex
and frontal/central areas involved in the top-down control were significantly modified. Moreover, these changes, which correlated
with the degree of perceptual learning, were not limited to the trained left visual cortex. We conclude that the resting oxygenated
hemoglobin functional connectivity could be used as a predictor of visual learning, supporting the involvement of high-level visual
cortex and the involvement of frontal/central cortex during visual perceptual learning.

1. Introduction

Perceptual learning (PL) refers to the relatively permanent
modification of perception and behavior following a sensory
experience. The orientation discrimination task is one of
the most intensively studied PL tasks. In this task, subjects
need to decide whether a grating or a line is tilted clockwise
or anticlockwise with respect to the reference. Performance
on this task dramatically improves with practice; moreover,
this learning effect is specific to the position and orientation
of the stimuli [1]. In typical PL models, this specificity is
interpreted as an indicator of the retinotopic early visual
cortical locus of learning, where different orientations are
processed separately [2–4]. Indeed, significant modulation
of learning on V1/V2 activity has been found in single-
unit recording studies of animals and functional magnetic
resonance imaging (fMRI) studies in humans [5, 6]. On the
other hand, some researchers have proposed that visual PL

occurs at the middle visual stages, such as the extrastriate
cortex including V2–V4, where neurons are characterized
by both orientation/location selectivity and more complex
properties [7, 8]. Recent neuroimaging studies even proposed
that the higher central mechanism, rather than the early
visual processing itself, may account for orientation discrim-
ination learning [9–11]. Therefore, the emerging view is that
a single cortical area or process is not likely to be exclusively
responsible for PL. Perceptual learningmight be a refinement
of synergistic processes in multiple stages and cortical areas,
including those dedicated to sensory processing, engaged
in top-down control, and involved in decision-making and
memory. This hypothesis was consistent with two recent
works, which showed that the resting-state blood oxygena-
tion level-dependent (BOLD) signal functional connectivity
anddirectedmutual interaction between trained visual cortex
and frontal-parietal areas involved in the control of spatial
attention were significantly modified after extensive practice
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Figure 1: (a) Example of the stimulus used in the current study. (b)The stimulus presented at one of the four locations in the right visual field
and the location of the grating were fixed for each participant during the whole experiment. The four locations were counterbalanced across
participants. (c) Experiment design for the “training” group and “control” group.

on a shape-identification task [11, 12]. Critically, postlearn-
ing modulations in functional connectivity correlated with
individual measures of improvement. These findings suggest
that the change in spontaneous functional connectivity could
encode or support the encoding of behavioral visual learning.

In the present study, we investigated whether and how
classical orientation discrimination learning modified the
resting oxygenated hemoglobin (HbO) functional connec-
tivity brain activity by using functional near-infrared spec-
troscopy (fNIRS). We acquired resting-state fNIRS before
and after intense training on the classical orientation dis-
crimination task at a specific location in the right visual
field. Compared with the fMRI that records signals based
on the paramagnetic properties of deoxygenated hemoglobin
(HbR), fNIRS detects changes in the optical properties of the
cortical surfacemediated by variations in local hemodynamic
activity and can estimate variations in the concentration of
both HbR and HbO at a higher temporal resolution. As an
emerging neuroimaging tool, fNIRS has been successfully
used to identify functional connectivity during resting-state
brain activity [13–19]. If functional connectivity is related
to the neural changes that occur during the orientation
discrimination learning, then training-specific plasticity in
functional connectivity should be observed.

2. Materials and Methods

2.1. Participants. Thirty undergraduate and graduate stu-
dents (22 males; 20–25 years old) with normal or correct-to-
normal vision participated in this study as paid volunteers.

Subjects were randomly arranged into two groups: the “train-
ing” group (six males and nine females) and the “control”
group (eight males and seven females). In addition to these
thirty subjects, two subjects were excluded because of the low
signal-to-noise ratio in several channels (less than 25% of the
mean signal-to-noise ratio of all the channels) due to failures
in source/detector placement. Four subjects were excluded
due to large head movement during their fNIRS recording
[15, 16]. All of the subjects signed the informed consent before
the experiment, and the experimental protocol was approved
by the Beijing Normal University Institutional Review Board.

2.2. Stimuli and Procedure. The stimuli were generated using
MATLAB with the Psychtoolbox extension and were pre-
sented on a 21-inch ViewSonic G220f color monitor (1024
pixel × 768 pixel resolution, 0.39mm × 0.39mm pixel size,
120Hz frame rate, and 50 cd/m2 mean luminance). The
stimulus, called a “solid noisy grating,” was a circular field
(diameter = 3.8∘) consisting of one-dimensional white noise
(white and black bars with width varying from 0.077∘ to
0.312∘ which were reset in each trial; Figure 1(a)). Each trial
started with the presentation of a white fixation cross at
the center of the screen for 500ms. Subsequently, a “solid
noisy grating” would appear in one of the four locations
centered at 5∘ eccentricity from the fixation in the right visual
field for 100ms. The location of the grating was fixed for
each participant during the whole experiment, and the four
locations were counterbalanced across participants. Finally,
an infinite central cross was presented until a response was
detected. Subjects were instructed to judge whether the
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grating orientation had a more clockwise or anticlockwise
orientation relative to 36∘ by pressing one of the two buttons
with their right hand. Auditory feedback would be given if
the response was incorrect. A standard 3-down-1-up staircase
was used in the grating orientation discrimination threshold
testing, which resulted in a 79.4% convergence level. That
is, when subjects’ responses were correct for 3 consecutive
trials, the difference between the grating and the reference
36∘ was decreased by one step. When subjects provided an
incorrect response, the difference between the grating and
the reference 36∘ was increased by one step. The steps of the
staircase were separated by 0.05 log units. If the orientation
variation trend changed, then there was a reversal. Each
staircase consisted of ten reversals, four preliminary reversals
and six experimental reversals. The geometric mean of the
experimental reversals was taken as the threshold for each
staircase, and the average of all of the thresholds in one
session was taken as the threshold of this session. Therefore,
the threshold in our study means the lowest difference angle
at which the grating orientation can be discriminated from
the reference 36∘. To make sure that subjects focused their
eyes on the fixation throughout the experiment, an EyeLink
1000 Long Range Mount system was used to monitor their
eye movement during pretest, training, and posttest. In
addition, a piece of black cardboard with a circular aperture
(diameter = 17∘) was used to cover the monitor to exclude the
possibility that subject could utilize the edges of the monitor
to perform the orientation discrimination task. Experiments
were performed in a dimly lit room. Subjects sat in a chair
with their heads on a chin-and-head rest to keep still at a
distance of 1m from the monitor.

For the “training” group, the experiment consisted of nine
sessions on nine successive days (Figure 1(c)). First, subjects
performed a behavioral pretest in session 1 (including five
staircases of an orientation discrimination task) and a resting
fNIRS pretest in session 2 (12min). Then, subjects were
trained with the same orientation discrimination task in
session 3 to session 7 (including 100 staircases in total, 20
staircases for each session). After five sessions of training,
subjects had a resting fNIRS posttest in session 8 (the same as
the fNIRS pretest) and a behavioral posttest in session 9 (the
same as the behavioral pretest in session 1). All training and
test sessions were performed in a 36∘ orientation.

To determine whether the changes in functional connec-
tivity were induced by the training or the simple passage of
time, participants in the “control” group did not take part
in any type of training and participated in only the same
behavioral and fNIRSmeasurements in the pre- and posttests
(session 1, session 2, session 8, and session 9; Figure 1(c)).

2.3. fNIRS Measurement. The resting-state fNIRS measure-
ments were conducted using a continuous wave system
(ETG-4000, Hitachi Medical Co., Japan). The system gen-
erated two wavelengths of near-infrared light (690 and
830 nm) and collected the hemoglobin concentration at 10Hz
sampling rate. Two 3 × 5 optode probe sets (consisting of 7
photodetectors and 8 light emitters, 3 × 3 cm probe config-
uration) were used to produce 44 measurement channels to
allow for the measurement of frontal/central and posterior

cortices (Figure 2). Specifically, channel 16 was placed at Cz
according to the international 10–20 system, and the middle
point of channels 42 and 43was placed at the inion.The probe
sets were examined and adjusted to ensure the consistency of
the positions across the participants.

All fNIRS channels were marked on one participant’s
scalp by vitamin E capsules which are visible in structuralMR
imaging (Figure 2(b), top). NIRS-SPM was used to project
the measurement channels onto the cortical surface and to
further determine the anatomical localization of each fNIRS
measurement channel (Figure 2(b), bottom).

During the fNIRS measurements, subjects sat in a com-
fortable chair with their eyes fixed on a black cross presented
on a gray background for 12min. They were instructed to
relax and keep motionless as much as possible.

The structural MRI data were acquired using a SIEMENS
TRIO 3-Tesla scanner in the Imaging Center for Brain
Research, BeijingNormalUniversity.DuringMRIdata acqui-
sition, the participant was supine in theMRI scanner with the
two probes placed on the subject’s head, which was fixed by
straps. The T1-weighted structural image was acquired using
a magnetization-prepared rapid gradient echo (MPRAGE)
sequence: 206 slices, TR = 2530ms, TE = 3.39ms, slice
thickness = 1mm, FA = 7∘, FOV = 256 × 256mm2, and in-
plane resolution = 256 × 256.

2.4. Data Processing. The psychophysical data of two groups
were analyzed with a repeated-measure ANOVA with the
two factors being “group” (training versus control group,
between-subject factor) and “test” (pretest versus posttest,
within-subject factor).

For fNIRS data processing, optical data were first con-
verted from relative changes in light intensities to HbO and
HbR for each channel based on the modified Beer-Lambert
law using HomER [20]. The converted data were visually
checked and excluded from subsequent processing once the
pre- or posttest data included large motion artifacts or a low
signal-to-noise ratio.Then, a band-pass filter (0.009–0.08Hz)
was adopted to remove the high-frequency physiological
noises and low-frequency baseline drifts. Finally, for each
subject, we cut 10min low-frequency oxyhemoglobin signals
to be used as functional connectivity analysis at resting state.

For each subject and each test, we calculated the Pearson
correlation coefficients of every two channels’ time course to
produce a correlation matrix. Then, the coefficients were 𝑧-
transformed through the function 𝑧 = (1/2) log((1 + 𝑟)/(1 −
𝑟)). Next, we applied a one-tailed paired t-test between the
pretest and posttest for each group to determine whether
there were significant changes in functional connectivity.
Among them, we further identified the ones which could sig-
nificantly predict the behavioral improvement by computing
correlation coefficient.

3. Results

3.1. Psychophysical Data. Figure 3 shows the learning curve
and mean data obtained from the psychophysical threshold
measured in the training and control groups. The 2 × 2
repeated-measure ANOVA shows that the main effect of
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Figure 4: Pre- and posttest spontaneous HbO functional connectivity correlation matrix for the “training” group (a) and the “control” group
(b). Color bar indicates correlation values for each channel. Note the stability of the correlation matrix across tests, indicating that within-
probe functional connectivity is very stable over time.

the group was significant (F(1, 59) = 7.958, 𝑃 < 0.05),
and the interaction of group × test was also significant
(F(1, 59) = 4.772, 𝑃 < 0.05). Simple effect analysis showed
that, for the “training” group, psychophysical thresholds in
the behavioral posttest were significantly lower than those
in the behavioral pretest (𝑃 < 0.01, Figure 3(b)). For the
“control” group, however, psychophysical thresholds did not
significantly differ between two tests (𝑃 > 0.9; Figure 3(b)).
In addition, the “training” and “control” groups had similar
pretest thresholds (𝑃 > 0.5), Therefore the observers in
two groups were homogeneous in the behavioral dimension
before the training.

3.2. RSFC Changes. For the HbO responses, the functional
connectivity correlation matrix of the pre- and posttest
is illustrated in Figure 4. Regardless of the group, it was
obvious that both pre- and posttests had stronger functional
connectivity within probes than between the two probes.

Then, we examined the changes of the connectivity
patterns induced by perceptual learning. Although the func-
tional connectivity patterns for the “training” group showed
a high degree of similarity between the pre- and posttests,
the one-tailed t-test results showed that the strength of a
large number of connections was improved after learning
(Figure 5(a)), and most were between-probes rather than
within-probes. It is also worth noting that the changes in
functional connectivity were centered at the right superior
frontal area (CH12) and the right postcentral area (CH21). For
the “control” group, however, the change pattern of functional
connectivity was less obvious and the strength of only a few
connections was significantly improved (Figure 4(b)).

We further checked whether the connectivity strength
was decreased; however, no such connectivity was found in
both groups.

3.3. Correlation between RSFC Changes and Learning. For
each functional connectivity that changed significantly after
learning, correlation analyses were carried out to determine
if there was a relationship between the change in behavioral
performance (the threshold difference between post- and
pretest) and the change in functional connectivity (the
strength difference between post- and pretest). For the “train-
ing” group, the changes in functional connectivity between
the right postcentral area (CH21) and the following regions
significantly predicted participants’ behavioral performance:
left middle occipital gyrus (CH32), right middle occipital
gyrus (CH26), left superior occipital gyrus (CH23, CH28),
right superior occipital gyrus (CH25), and right angular
gyrus (Figures 5(c) and 6; Tables 1 and 2). In addition,
the strength of functional connectivity between the right
postcentral gyrus (CH22) and right middle occipital gyrus
(CH26), between the right postcentral gyrus (CH22) and
the right angular gyrus (CH31), between the left precuneus
(CH20) and occipital lobe (CH23, CH26), and between right
paracentral lobule (CH16) and right angular (CH31) also
positively correlated with the behavioral improvement.These
measures involved the channels adjacent to CH21 (Figures
5(c) and 6; Tables 1 and 2). All of these results indicated
that the stronger the long functional connectivity became,
the more the improvement the subjects would make. More
importantly, although the gratings were only presented to the
right visual field (hence the visual information was mainly
projected to the left visual cortex) during the whole training,
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the connectivity between frontal channels and right posterior
channels not directly stimulated by the grating stimuli was
also significantly increased. Furthermore, those changes had
a strong correlation with behavioral improvement.

For the “control” group, however, none of the changes
in functional connectivity were reliably correlated with the
behavioral performance improvement (Figure 5(d)).

Lastly, we analyzed HbR concentration data by using the
same methods applied to the HbO. Neither the significantly
changed connectivity nor reliable correlation between the
HbR and behavioral performance was found in either group,
supporting the conclusion that HbO was the most sensitive
indicator of changes in regional cerebral blood flow in fNIRS
measurements [21].

4. Discussion

By investigating the spontaneous HbO connectivity changes
in observers who were trained with grating orientation
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Table 1: The MNI coordinate, region, and BA for some NIRS
channels.

Channel MNI Region BA
𝑥 𝑦 𝑧

CH16 4 −29 78 Paracentral Lobule R 4
CH20 −9 −45 79 Precuneus L 5
CH21 15 −43 80 Postcentral R 5
CH22 36 −41 71 Postcentral R 3
CH23 −27 −89 39 Occipital Sup L 19
CH25 20 −92 38 Occipital Sup R 19
CH26 41 −81 40 Occipital Mid R 19
CH28 −16 −98 29 Occipital Sup L 18
CH31 52 −75 32 Angular R 39
CH32 −27 −98 21 Occipital Mid L 18

Table 2: Clusters for which the strengthened functional connectiv-
ity can predict the behavioral improvement.

Connectivity Correlation with behavioral improvement
𝑟 𝑃 value

CH21–CH26 0.801 <0.001
CH21–CH23 0.791 <0.001
CH21–CH31 0.772 <0.001
CH20–CH23 0.665 <0.01
CH21–CH28 0.637 <0.05
CH20–CH26 0.631 <0.05
CH21–CH25 0.598 <0.05
CH21–CH32 0.596 <0.05
CH22–CH26 0.591 <0.05
CH22–CH31 0.572 <0.05
CH16–CH31 0.556 <0.05

discrimination, we demonstrated that orientation discrimi-
nation learning is associated with stronger functional con-
nectivity. Critically, these changes correlated with the indi-
vidual degree of perceptual learning, suggesting that visual
perceptual learning can change the pattern of spontaneous
cortical activity between different brain networks in specific
ways. The specific learning-related modulation in resting
HbO connectivity was not induced by the simple passage of
time because these effects disappeared in the control group.

Visual perceptual learning is often taken as evidence
of neural plasticity in the retinotopic early visual cortex
[1, 22, 23]. However, recent psychophysical studies suggest
that perceptual learning is a high-level learning process
beyond the retinotopic early visual areas [24–28]. Our results
showed that when the task is performed only at the right
visual field, the functional connectivity was significantly
increased in both left and right high-level visual cortex.
This nonretinotopic effect suggests the involvement of top-
down influence. Single-unit and fMRI studies have shown
that not only the retinotopic early visual cortex, but also
the nonretinotopic higher brain areas that are more related
to attention and decision-making are involved in visual
discrimination [29, 30]. Recent neurophysiological and fMRI

evidence has further shown that the brain areas responsible
for decision-making, such as LIP and ACC, are also involved
in visual perceptual learning [10, 31]. Therefore, it is not
surprising to find that the increased functional connectivity
mainly involved the frontal/central cortex and high-level
visual cortex in this study, suggesting the top-down modu-
lation in higher-order decision-making or attention systems
[32–34].

Resting-state measures have been correlated with indi-
vidual performance variability in several cognitive domains,
such as workingmemory [35], executive control [36], reading
competence [37], and face perception [38]. In the domain
of visual learning, fMRI has been used to examine the
mechanismof learning-induced changes in resting functional
connectivity. For example, Lewis et al. showed that resting-
state blood oxygenation level-dependent (BOLD) functional
connectivity between visual cortex and task-relevant cortical
networks changed after learning on a shape-identification
task [11]. Different from our results, the BOLD functional
connectivity between trained visual cortex and dorsal atten-
tion regions became weaker after learning, and this decre-
ment in functional connectivity strength was positively cor-
related with behavioral improvement.

Our results provide evidence for the functional role of
spontaneous HbO coherence in cortical networks as identi-
fied by fNIRS. The finding that most relevant changes in our
study occur between, rather than within, networks indicates
that this signal may be especially important in linking large-
scale cortical networks, which is consistent with the work of
Lewis et al. [11]. This is also consistent with the suggestion
that coherence is related to low-frequency fluctuations of
neuronal activity that are deemed very important for long-
distance cortical communication [39].

In conclusion, we used fNIRS to explore RSFC changes
during visual learning and proved that resting oxygenated
hemoglobin functional connectivity could be used as a pre-
dictor of visual learning. Our results provide further support
that the coordinated activation of cortical networks during
behavior shapes the organized pattern of correlated sponta-
neous activity at rest. The individual degree of orientation
discrimination learning was mainly related to the changes in
functional connectivity between high-level visual cortex and
frontal/central association areas but not within portions of
visual cortex.
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Resting MEG activities were compared between patients with left temporal lobe epilepsy (LTLE) and normal controls. Using
SAMg2, the activities of MEG data were reconstructed and normalized. Significantly elevated SAMg2 signals were found in LTLE
patients in the left temporal lobe and medial structures. Marked decreases of SAMg2 signals were found in the wide extratemporal
lobe regions, such as the bilateral visual cortex. The study also demonstrated a positive correlation between the seizure frequency
and brain activities of the abnormal regions after the multiple linear regression analysis. These results suggested that the aberrant
brain activities not only were related to the epileptogenic zones, but also existed in other extratemporal regions in patients with
LTLE. The activities of the aberrant regions could be further damaged with the increase of the seizure frequency. Our findings
indicated that LTLE could be a multifocal disease, including complex epileptic networks and brain dysfunction networks.

1. Introduction

Epilepsy is a common neurological disorder, characterized by
hypersynchronous neuronal activity as shown from electro-
physiological recordings [1, 2]. Many patients have excellent
or good surgical outcomes after the resection of epileptogenic
zone. However, the generation and spread of focal onset
epileptic seizures involve a large network of brain areas that
extended beyond the seizure onset zone (SOZ). Traditionally,
the epileptogenic zone was thought to be singular. However,
this has been challenged in favor of a network model, in
which the focus (or foci) would be widely distributed [3].

During the past decade, there have been an increasing
number of studies using structural or functional connectivity
methods to research the clinical impact of temporal lobe
epilepsy (TLE) on neural networks [4, 5]. Many studies
have shown that connectivity abnormalities not only are
restricted to the ipsilateral or contralateral temporal lobes,

but also involved the extratemporal regions, such as tha-
lamus, cerebellum, frontal lobe areas and cingulate gyrus,
and occipital regions [6, 7]. Activity of the regions func-
tionally or anatomically connected to the temporal lobe
or hippocampus probably results in complex cognitive and
behavioral conditions. These findings have led to the notion
of TLE as a “network disease” [3]. Surgical resection is the
gold standard for the localization of SOZ and the evaluation
of brain function recovery in TLE patients. However, few
cases were confirmed by the surgery and histopathological
examinations. Furthermore, the relationship between the
epileptogenic zone and other altered brain regions in the TLE
network is still unclear.

With the development of medical imaging, there are
many advanced image techniques used to study the epilep-
togenic zone and other brain activities. MEG, a non-
invasive detection technology, detects neuronal activity
directly with millisecond temporal resolution. Compared
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to electroencephalograph (EEG), which is strongly influ-
enced by conductivity in different organizations within the
head, the propagation of magnetic fields is not distorted by
the brain, skull, and scalp [8]. Therefore, localizing sources
fromMEG data is relatively simpler than locating the sources
of electric field from EEG data. Previous studies have shown
thatMEG is a clinically valuable diagnostic tool in presurgical
evaluation for both the localization of the epileptogenic zone
and the prognosis of surgical outcome [9, 10].

In this study, our hypotheses were as follows: (1) the
resting-state brain activity may be different across numerous
brain regions, rather than only in SOZs, in left temporal
lobe epilepsy (LTLE) patients and healthy controls; (2) these
differences could be related to the clinical variables of LTLE;
(3) the brain abnormalities of LTLE patients could benefit
from surgery of the epileptogenic zone. To confirm SOZs,
LTLE patients who planned to undergo surgical treatments
were included in our study. Factors such as age at onset (year),
seizure frequency (per month), and duration of seizure
(month) were recorded and followed up with after surgery.
To noninvasively assess resting-state brain activity, resting-
state MEG (rsMEG) data were acquired in all subjects and
quantified based on the SAMg2 method. The SAMg2 values
were compared between two groups to detect altered brain
regions in LTLE patients and controls. The correlations were
calculated to find the relationships between altered brain
regions and clinical records of the LTLE patients.

2. Materials and Methods

2.1. Subjects. The study was approved by the Medical Ethics
Committee of the hospital. Informed consent for the study
was obtained from all participants.

From the period of January 2007 to December 2012,
122 patients with refractory epilepsy were admitted to the
epilepsy center of the Brain Hospital of Nanjing Medical
University (Nanjing, China) and underwent presurgical eval-
uation. Ninety-eight patients (80.3%) ultimately had cortical
resection to treat their epilepsy. Twenty LTLE patients (all
right-handed, 7 female and 13 male, mean age 25.25 ±
6.90 yrs) were recruited from the patients who underwent
surgical resection formedically intractable epilepsy. Inclusion
criteria included (1) seizures with typical temporal lobe
semiology that were not controlled with antiepileptic drugs
(AEDs); (2) an epileptogenic zone that was located in the left
temporal lobe; (3) left hemispheric dominance for language
determined by neuropsychological evaluations (etomidate
speech andmemory test, eSAM,when indicated); (4) patients
who underwent surgery for resection of epileptogenic zone;
and (5) follow-up time >12 months. General information of
the patients is summarized in Table 1.

We assessed the clinical factors including the age at onset
(year), seizure frequency (per month), and duration of the
seizure (month). The seizure frequency was calculated based
on the long-term EEG recordings. Two ormore seizures were
captured during VEEG monitoring. Seizure semiology, ictal,
and interictal EEG data were interpreted by an epileptologist
and an electrophysiologist to exclude the pseudoepileptic

seizures and other interferences. In our study, the mean
monitoring time was 257.70 ± 150.33 hours, ranging from 96
to 764 hours.

Twenty healthy volunteers (all right-handed, 8 females
and 12 males, mean age 25.60 ± 5.64 yrs) were recruited as
controls, from local community by advertising in the Brain
Hospital of Nanjing Medical University. Healthy controls
were interviewed and confirmed to have no history of
neurological disorders or psychiatric illnesses and no gross
abnormalities in brain MRI images. To control the effects of
the sleep deprivation in patients, all of our healthy subjects
were asked to sleep after 12:00 pm.

2.2. Methods

2.2.1. Data Acquisition. All patients hadMRI scans with a GE
Sigma scanner (GE Healthcare, Milwaukee, WI, USA) before
theMEGrecording.Three fiducial pointswere placed in iden-
tical locations as the ones used in theMEG recordings so that
the 3D MRI and MEG data could be coregistered precisely
to yield an MSI using these three landmarks. Three markers,
nasion, left ear, and right ear, were stamped on each subject’s
head. The protocol included the following sequences: axial
and sagittal T1 weighted, axial and coronal T2 weighted, axial
and coronal fluid-attenuated inversion recovery (FLAIR)
images, and three-dimensional (3D) spoiled gradient recalled
(SPGR).

rsMEG data acquisitions were performed using a 275-
channel whole-head system (CTF VSM MedTech Systems
Inc., Coquitlam, BC, Canada) in a magnetically shielded
room (MSR) (Vacuumschmelze, Hanau, Germany) that was
designed to reduce environmental magnetic noise. Before
the MEG scan, there was no reduction in the antiepileptic
medication due to the potential risk factor. To increase
the likelihood of capturing spike events, we used sleep
deprivation. The head position relative to the sensor arrays
for each patient was measured using three coils affixed to the
nasion and preauricular points before MEG data recording.
During MEG recording, all subjects were instructed to rest
with their eyes closed and heads still. For each subject, 120-
secondMEGdatawas recorded. If the headmovement during
the recording was greater than 5millimeters (mm), the epoch
was recorded again.

2.2.2. Data Processing. rsMEG data were preprocessed by
CTF software (VSMMedTech Systems Inc., Canada, Version
CTF-5.2.1). The frequency ranging from 20Hz to 70Hz was
used in several studies and is outside the range of alpha-
band activity that would tend to drive the excess kurtosis
negative [11–13]. To eliminate the background activity and
contrast the interictal spike activity, we performed SAM(g2)
analysis localized the epileptic zone in clinical [12, 14, 15].
First, MEG data were filtered (20–70Hz). Then, the SAMg2
Z-map of each subject was calculated by the SAMg2 script
of the CTF software. After the calculation, the SAMg2 Z-
map of each subject was registered with its corresponding
3D MRI by the markers on the nasion, left ear, and right
ear.The registered SAMg2 Z-maps were spatially normalized
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Figure 1: Statistical parametric maps depict SAMg2 increases (warm colors) and decreases (cool colors) in LTLE compared with controls.
Significant increases occur in left side hippocampal gyrus, insula, superior temporal gyrus, middle temporal gyrus, inferior temporal gyrus,
and Heschl gyrus, while decreases occur in the bilateral calcarine, cerebellum, cuneus, fusiform, lingual gyrus, occipital lobe, precuneus, left
parietal gyrus, and contralateral precentral gyrus.

to the Montreal Neurological Institute (MNI) template and
resampled to 3∗3∗3mm3. Finally, spatial smoothing was
conducted on the Z-maps with an isotropic Gaussian kernel
of 6mm of full width at half maximum.

2.2.3. Statistical Analysis. One way analysis of covariance
(ANCOVA) with age and gender as covariates was used
to compare SAMg2 maps of healthy controls and those of
LTLE patients. The voxel-wise ANCOVA 𝑃 values were less
than 0.05 after false discovery rate (FDR) correction was
considered significant.

According to the voxel-wise significant differences
between two groups, regions with suprathreshold clusters
were defined as regions of interests (ROIs) for further
analyses. Mean SAMg2 𝑍 values of these regions were
calculated using Automated Anatomical Labeling atlas [16].
Correlations between ROIs and clinical variables of LTLE
(seizure onset, seizure frequency, and duration of seizure)
were calculated. All data were shown as mean ± SD. An
FDR-corrected 𝑃 values less than 0.05 were considered
significant.

3. Results

Therewas no significant difference in age and gender between
the two groups (𝑃 > 0.05).

3.1. Brain Regions with Abnormal Brain Activity between Two
Groups. In the LTLE patients compared to gender and age
matched healthy subjects, there was a significant reduction in

SAM g2 signals in the bilateral calcarine, cerebellum, cuneus,
fusiform, lingual gyrus, occipital lobe (superior, middle, and
inferior gyrus), precuneus, left parietal gyrus, and contralat-
eral precentral gyrus. Patients also showed increased SAM g2
signals in the ipsilateral (left side) hippocampal gyrus, insula,
superior temporal gyrus, middle temporal gyrus, inferior
temporal gyrus, and Heschl gyri (𝑃 < 0.05, FDR corrected)
(Table 2 and Figure 1).

3.2. Correlation Analysis of Abnormal Activity and Clinical
Variables. The relationship between the above abnormal
regions and clinical variables (age at seizure onset, frequency
of seizures, and duration of epilepsy) was evaluated using
multiple linear regression analysis. We found that multiple
abnormal regions were significantly associated with fre-
quency of seizures (Table 3). Duration of epilepsy and age at
seizure onset did not significantly influence brain activity.

4. Discussion

In this study, the difference in the SAMg2 signals between
patients with LTLE and healthy subjects was used to measure
the disruption of neuronal activity in epileptic and distant
brain regions during the interictal period. Significant dif-
ferences were observed in the spatial pattern and intensity
of SAMg2 signals in the two groups. These findings are
discussed further below. The special changes of the resting-
state brain activity may be potential noninvasive biomarkers
for understanding, diagnosing, and potentially treating the
LTLE patients.
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Table 2: Brain regions with increased and decreased activations in
the patient group.

Brain ROI Voxels 𝑇 value MNI coordinate
𝑋 𝑌 𝑍

Temporal Mid L 270 4.15 −48 −33 0
Hippocampus L 75 4.11 −36 −27 −6
Temporal Sup L 179 4.1 −45 −36 6
Temporal Inf L 36 4.04 −42 −30 −12
Heschl L 38 3.96 −39 −21 6
Insula L 87 3.89 −39 −18 0
Fusiform L 92 −2.03 −24 −75 −3
Precentral R 68 −3.67 45 −3 51
Cerebelum L 310 −3.71 −18 −72 −12
Cerebelum R 424 −3.82 24 −81 −18
Parietal Sup L 38 −3.86 −15 −69 42
Precuneus L 242 −4 0 −66 30
Occipital Sup L 210 −4.03 −18 −81 12
Occipital Inf R 129 −4.04 30 −81 −6
Occipital Inf L 115 −4.06 −27 −81 0
Occipital Mid L 295 −4.07 −27 −75 0
Precuneus R 405 −4.14 15 −66 24
Occipital Mid R 262 −4.15 27 −72 27
Lingual R 554 −4.19 24 −75 −3
Calcarine L 533 −4.3 −21 −72 6
Occipital Sup R 226 −4.32 27 −69 27
Cuneus L 322 −4.33 0 −72 24
Lingual L 456 −4.37 −21 −72 3
Fusiform R 159 −4.44 27 −75 −6
Calcarine R 474 −4.44 24 −75 9
Cuneus R 335 −4.49 21 −69 27
L: left; R: right; Mid: middle; Sup: superior; Inf: inferior.

Compared to the healthy control group, SAMg2 values
increased in the ipsilateral (left side) hippocampal gyrus,
insula, superior temporal gyrus, middle temporal gyrus,
inferior temporal gyrus, andHeschl gyri of the patients.These
results revealed that the irritated areas were beyond the SOZ
but restricted to the ipsilateral temporal lobe and mesial
structure. We propose that the increased SAMg2 signals
in specific regions may form irritated areas that might be
responsible for seizure genesis and propagation.The removal
of the irritated areas may be an effective treatment for the
LTLE patients.

The role of the neurosurgeon in the surgical treatment of
TLE had evolved fromdoing so-called standard anterior tem-
poral lobectomies (TLR) to selective amygdalohippocampec-
tomy (SAH) and temporal resection guided by intraoperative
electrocorticography. A number of studies were devoted to
the comparison of seizure results from temporal lobectomy
(TLR) with selective amygdalohippocampectomy (SAH) [17,
18]. And several studies have reported that seizure outcomes
are irrespective of the extent of mesial and lateral resection
[19, 20], while others state that seizure outcomes are better
if larger volumes or specific substructures are removed [21].

Table 3: Results of correlation analysis between the abnormal
activity and the seizure frequency (𝑃 < 0.05 with FDR correction).

Brain ROI 𝑃 value 𝑅 value
Precentral R 0.025 0.377
Hippocampus L 0.025 0.406
Calcarine L 0.025 0.373
Calcarine R 0.027 0.349
Cuneus L 0.021 0.474
Cuneus R 0.026 0.357
Lingual R 0.026 0.409
Occipital Sup L 0.031 0.488
Occipital Sup R 0.021 0.454
Occipital Mid L 0.025 0.383
Occipital Mid R 0.040 0.520
Occipital Inf L 0.022 0.441
Occipital Inf R 0.023 0.478
Fusiform L 0.027 0.481
Fusiform R 0.026 0.388
Parietal Sup L 0.022 0.431
Precuneus L 0.022 0.459
Precuneus R 0.027 0.389
Temporal Mid L 0.024 0.370
Temporal Inf L 0.033 0.577
Cerebelum L 0.035 0.313
Cerebelum R 0.028 0.517
L: left; R: right; Mid: middle; Sup: superior; Inf: inferior.

Comparing TLR and SAH, McKhann pointed out, “neither
SAH nor TLR could be recommended over the other option
as a standard or guideline in the surgical management of
TLE” [22]. The Spencer type of resection [23], which consists
of a small anterior partial lobectomy combined with a more
extensive mesial resection, may be an ideal method for the
treatment of TLE. Our study reveals that the irritated areas of
LTLE involve not only the lateral neocortical structures but
also the ipsilateral nearby structures, such as the hippocam-
pus (HC), insula, and Heschl gyri. These interictal irritated
zones may be involved in the LTLE network formation.
The Spencer type of resection would be sufficient enough
to resect or interrupt a large enough part of the mesial
structures to render themesiobasal network between theHC,
parahippocampal gyrus, and amygdalum unable to build up
and sustain a seizure. Abosch et al. [24] referred to this as
“severing a critical proportion of the connections” when they
discussed the variability in extent of resection described by
McKhann et al. [22].

In this study, all of the patients were diagnosed with
LTLE and eleven of them underwent the Spencer type of
resection (left anterior temporal lobectomy combined with
partial amygdalohippocampectomy). The seizure freedom
(Engel class I) of them was 72.7% (8/11) better than the group
of the remainder 55.6% (5/9).The results from this study have
further proved that the refractory LTLE is not a focal disease
but a network disease and can be cured by extensive surgical
resection.



6 BioMed Research International

The appearance of the insula is also significant because of
its particular interconnection with the amygdalohippocam-
pal structures. Isnard et al. found that seizure activity invaded
the insular cortex in all temporal lobe epilepsy patients
studied with chronic depth stereotactic recordings [25].
This may explain the persistence of seizures after selective
amygdalohippocampectomy. This study also had its own
limitations; we have removed the anterior temporal lobe and
the mesial structures except the insula during surgery.

The reduction in SAMg2 values is thought to reflect deac-
tivated brain activity or dysfunction in the special regions.
Compared with healthy controls, LTLE patients showed
multifocal dysfunction in the bilateral calcarine, cerebellum,
cuneus, fusiform, lingual gyrus, occipital lobe (superior,
middle, and inferior gyrus), and precuneus brain regions.The
ipsilateral superior parietal gyrus and contralateral precentral
gyrus also displayed reduction. The deactivated areas extend
widely beyond the ipsilateral hemisphere to the contralateral
or bilateral areas in patients with LTLE.

A relatively large dysfunctional area was observed in
the bilateral visual cortex, including the bilateral calcarine,
fusiform, lingual gyrus, and occipital lobe (superior, middle,
and inferior gyrus) in this study. Van Paesschen et al. used
SPECT to study the cerebral perfusion changes in complex
partial seizures patients with hippocampal sclerosis. They
found bilateral occipital hyperperfusion during complex
partial seizure and relative occipital hypoactivation during
interictal period [26].

The cause of interictal bilateral visual cortex dysfunc-
tion is unknown, but propagating epileptiform discharges
through the branches of the inferior longitudinal fasciculus
(ILF) may play a role. Catani et al. [27] used tractography in
the living human brain to address the connections between
occipital and temporal lobe and found direct fiber connec-
tions between the occipital and anterior temporal cortex in
a bundle labeled the ILF. In our study, the dysfunctional
regions also involved the three origin branches of the ILF: a
lingual branch, a lateral occipital branch, and a cuneal branch.
Moreover, a recent study combining fMRI and tractography
has visualized the propagation of epileptic activity from the
temporal epileptogenic focus to the occipital lobe in mesial
temporal lobe epilepsy [28]. The involved cortices lie along
the occipitotemporal connections supplied by the inferior
longitudinal fasciculus, suggesting a direct propagation path-
way from the anterotemporal to the occipital lobe [29].
However, in line with previous brain imaging studies we
take our data to suggest that the left side epileptic interictal
discharges may influence the activity of the bilateral visual
cortex in the patients with left temporal lobe epilepsy.

Our study just focuses on the reduced active regions
of the default mode network (DMN) within the bilateral
precuneus, ipsilateral superior parietal gyrus, while the other
regions of the DMN are normal. Decreased SAMg2 sig-
nals within the DMN are considered to result from the
disruption of neuronal activity and are commonly used to
reflect associated impairments in brain disorders. The lateral
parietal cortex is involved in spatial attention aspects of word
reading [30]. The precuneus (PCUN) has been reported to
be involved in consciousness, engaged in self-related mental

representations during rest [31], and related to the late recov-
ery of consciousness in epilepsy patients [32]. The posterior
cingulate cortex/precuneus (PCC/ PCUN) is activated during
tasks that involve autobiographicmemory and self-referential
processes [33]. TLE patients often present a few abnormal
psychological and psychiatric symptoms associated with the
functionalities of the DMN [34], such as absence of self-
awareness, emotional and psychic experiences, and social
cognitive impairments.

Themotor impairment of LTLE patients has been demon-
strated by this study. Our MEG study revealed that the deac-
tivated region involved the contralateral precentral gyrus and
the bilateral cerebellum. The contralateral precentral gyrus
is dominated by the control of limb movement ipsilateral to
the epileptic focus, while the cerebellum is by sensory-motor
integration, motor coordination, and so forth. Nelissen et al.,
using SPECT and PET to study the brain blood perfusion
in TLE, found interictal hypometabolism in the frontal
lobe cortex. They suggested a dynamic process of frontal
lobe function inhibition, which not only could represent
protection against epileptiform-discharge propagation, but
could also be responsible for the functional deficits presented
by these patients. In this study, we also found more serious
damages in bilateral cerebellum lobe in our LTLE patients.
This phenomenon was so-called “crossed cerebellar diaschi-
sis” and was considered an indication of disconnection
of the glutamatergic corticopontocerebellar tracts [35]. The
decreased SAMg2 values of the bilateral cerebellum lobe
could be a sign of decreased motor coordination.

In our study, sleep deprivation was used to increase the
likelihood of capturing spike events which were performed
in all epilepsy patients in our epilepsy center. Many studies
also adopted the similar sleep deprivationmethod to increase
the likelihood of capturing spike events in clinical [36, 37]. A
lack of sleep has been demonstrated to produce performance
deficits in experimental tasks of alertness, attention, mem-
ory, cognition, learning, and motor responses [38]. While
the neurophysiological effects of sleep deprivation remain
incompletely understood, a few recent studies have begun
to provide guidance on where and what neurophysiological
changes occur as a function of sleep deprivation. Thomas
et al. quantified and characterized global and regional brain
activity changes implicated in sleep deprivation-inducedneu-
robehavioral impairment during cumulative, extended sleep
loss [39]. Significant decreases in CMRglu were reported
in the thalamus, prefrontal and posterior parietal cortices.
Alertness and cognitive performance declined in associ-
ation with these brain deactivations. This study provides
evidence that short-term sleep deprivation produces global
and regional decreases in brain activity, with larger reduc-
tions in activity in the distributed cortical-thalamic network
mediating attention and higher-order cognitive processes.
The results from sleep deprivation were different than the
hyperactivity and dysfunctional regions which were due to
epilepsy in our study. In our study, the healthy volunteers
were demanded to sleep after twelve o’clock before MEG
examinations to control the additional effects of the sleep loss
in LTLE patients. The decreased brain activities detected in
our patients were caused by the long-term effects of epilepsy
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rather than sleep loss. Considering the complex effects of
sleep deprivation on brain activity, further study should be
performed to control sleep loss in patients with epilepsy.

In our study, we used the SAMg2 signals to study how
brain activity in LTLE patients differs from brain activity in
healthy controls. Specifically, seizure frequency was strongly
associated with intensity of abnormal activity in the LTLE
patients. In the study, we further confirmed that TLE is not a
focal focus, but a multifocal disease. The mechanism of these
extensive abnormal activities needs further study.

5. Limitations

In the study, we did not compare the preoperative brain
activities of TLE with the changes of postoperative patients.
Further, this study was limited by not comparing abnormal
activities with neuropsychological findings and prognostic
factor. To make up the difference between TLE patients and
controls in the sleep loss, all our health subjects were asked to
sleep later. Though sleep loss was not totally controlled, our
findings were quite different from those in sleep deprivation,
indicating that our study was less affected by sleep depriva-
tion. However, it is difficult to exclude the potential impact
of the sleep deprivation to the brain activity of the patients
and the normal subjects. Further study should be conducted
to specify the effects of sleep loss in TLE patients.
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Minimal hepatic encephalopathy (MHE) is associated with changes in functional connectivity. To investigate the patterns of
modular changes of the functional connectivity in the progression of MHE, resting-state functional magnetic resonance imaging
was acquired in 24MHE patients, 31 cirrhotic patients withoutminimal hepatic encephalopathy (non-HE), and 38 healthy controls.
Newman’s metric, the modularity𝑄 value, was maximized and compared in three groups. Topological roles with the progression of
MHE were illustrated by intra- and intermodular connectivity changes. Results showed that the 𝑄 value of MHE patients was
significantly lower than that of controls (𝑃 < 0.01) rather than that of non-HE patients (𝑃 > 0.05), which was correlated with
neuropsychological test scores rather than the ammonia level and Child-Pugh score. Less intrasubcortical connections and more
isolated subcortical modules were found with the progression of MHE. The non-HE patients had the same numbers of connect
nodes as controls and had more hubs compared with MHE patients and healthy controls. Our findings supported that both intra-
and intermodular connectivity, especially those related to subcortical regions, were continuously impaired in cirrhotic patients.
The adjustments of hubs and connector nodes in non-HE patients could be a compensation for the decreased modularity in their
functional connectivity networks.

1. Introduction

The human brain can be regarded as a complex network,
which is organized intrinsically as highly modular archi-
tectures with inter- and intramodular links between brain
regions [1–5].Themodules or communities of a complex net-
work are subsets of nodes [4, 6–8]. Modularity in the human
brain has been identified by both structural and functional
MRI studies [1, 2]. Detection and characterization ofmodular
structure in the brain system can help identify groups of
anatomically and/or functionally associated components per-
forming specific biological functions [3]. Modular structure
is crucial for the robustness of network stability and optimal
network functions [9], andmodular structure is related to the

balance of functional segregation and integration and high
resilience to network node or edge damage. It has been shown
that modularity of brain networks may play a critical role
in the evolution and neurodevelopment [2]. Some studies
have shown the disruptions of functional brain network
modularity in patients with childhood-onset schizophrenia
[10], schizophrenia [11, 12], epilepsy [13, 14], and chronic back
pain [15].

Hepatic encephalopathy (HE) is a serious neuropsy-
chiatric complication of both acute and chronic hepatic
dysfunctions [16], which is characterized by a wide clini-
cal spectrum, ranging from mild cognitive impairment to
coma and death. Minimal hepatic encephalopathy (MHE),
the mildest form of the spectrum of HE, usually has no
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recognizable clinical symptoms of HE but has mild cognitive,
motor control, and concentration attention deficits [17, 18]. In
recent years, the diagnosis, pathophysiological mechanisms,
and treatment of MHE have drawn wide attention. Many
functional MRI (fMRI) studies have been performed to
clarify the pathophysiological mechanisms of MHE. Some
fMRI studies focus on the analysis of regional brain networks,
supporting that the regional functional connectivity modules
(e.g., cognitive, motor control, and concentration attention)
of cirrhotic patients were impaired [19–21]. Different from
those studies based on regional brain networks, Zhang et al.
investigated patterns of whole-brain functional connectivity
in cirrhotic patientswithMHEand foundwidespread cortical
and subcortical network connectivity changes, suggesting
that not only functional connectivities within regions but also
those between functional modules were impaired in MHE
patients [22]. In particular, the impairment in the basal
ganglia-thalamocortical circuit was found which could play
an important role in mediating neurocognitive dysfunctions,
especially for psychomotor speed and attention deficits in
patientswithMHE [22, 23, 37].However, it is still unclear how
functional connectivity within and betweenmodules changes
during the progression of MHE.

Based on the previous findings of widespread decreased
cortical and subcortical network connectivity in MHE
patients, we hypothesize that the community structure
itself, including inter- and intramodular links between brain
regions, is impaired in MHE patients, and functional con-
nectivity change in the modular organized brain is associated
with the development of MHE. The aim of this study was to
quantitatively evaluate the modularity changes of functional
connectivity network in healthy subjects, cirrhotic patients
without minimal HE (non-HE), and MHE patients and to
illustrate the patterns of spatial change of modular com-
munity structure in the development of MHE. Additionally,
we aimed to evaluate the relationship between quantitative
measures of modular community structure and the venous
ammonia level, Child-Pugh score, and neuropsychological
test scores in cirrhosis patients.

2. Materials and Methods

2.1. Subjects. This study was approved by local institutional
review board and was conducted in compliance with Health
Insurance Portability and Accountability Act. All subjects
gave written informed consent before fMRI or neuropsycho-
logic evaluation. 61 adult patientswith cirrhosis (45males and
16 females; mean age 49.3 ± 10.5 years) were recruited from
our inpatient or outpatient departments during June of 2009
and June of 2013.ThepatientsMHEwas defined and classified
according to the final report of the working party at the 11th
WorldCongresses ofGastroenterology inVienna in 1998 [16].
The inclusion criteria for recruitment of the patients were as
follows: the patients have no clinically provenHE; the patients
do not have any MRI contraindication, such as artificial
tooth or other foreign bodies in the head causing significant
artifacts, which would affect the fMRI exam; all patients
had no other diseases affecting brain function, such as drug
abuse, psychiatric diseases, and trauma.Thirty-nine age- and

gender-matched healthy volunteers were recruited from local
community as controls (25 males and 14 females, mean age
49.1 ± 12.8 years). All healthy subjects had neither psychi-
atric nor neurological history and also no diseases affect-
ing brain structure and functions. Abdominal ultrasound
scans revealed no abnormal findings for all healthy subjects.
For evaluation of MHE, two typical neuropsychiatric tests,
number connection test type A (NCT-A) and digit symbol
test (DST), were given to all subjects before MRI studies.
A test result was considered abnormal if 2SD is above the
mean score of healthy subjects in NCT-A and/or 2SD is below
the mean score of healthy subjects in DST. The subject
demographics and clinical data are summarized in Table 1.

2.2. Laboratory Examinations. Blood biochemistry tests,
including prothrombin time, protein metabolism tests
(including total protein, globulin, albumin, and the ration of
albumin and globulin), bilirubin metabolism tests (including
total bilirubin, direct bilirubin, and indirect bilirubin),
glutamic pyruvic transaminase, and glutamic oxaloacetic
transaminase, were performed within 24 hours before MRI
scanning for all patients. Some of the tests above were used
to calculate the Child-Pugh score to assess the severity
of cirrhosis. The scoring system considered five variables
selected by clinical experience, that is, ascites, encephalopa-
thy, prothrombin time, and serum levels of bilirubin
and albumin. A score ranging from 1 to 3 was assigned to
each variable. Patients were classified into class A (scores
5-6), B (scores 7–9), or C (scores 10–15). Thirteen outpatients
did not have the venous blood ammonia test. Laboratory
tests were not prescribed to the normal subjects.

2.3. Magnetic Resonance Imaging and Preprocessing of fMRI
Data. All experiments were performed using a clinical 3T
whole-body scanner (TIM Trio, Siemens Medical Solutions,
Erlangen, Germany) using a standard birdcage head trans-
mit/receive coil. The head coil was positioned carefully to
reduce headmovement. A total of 250 volumes of EPI images
were obtained axially and the parameters were as follows:
field-of-view (FOV) = 240 × 240mm2, matrix size = 64 × 64,
flip angle = 90∘, TR = 2000ms, TE = 30ms, slice thickness =
4mm, distance factor = 10%, slices = 30. For each subject,
a magnetization-prepared, rapid acquisition gradient echo
image with isotropic resolution of 1mm was acquired to
obtain high-resolution, T1-weighted anatomical images for
spatial normalization. During MRI scans, all subjects were
instructed to rest with their eyes closed and heads still.

Resting-state fMRI (rs-fMRI) data were preprocessed
by SPM8 (Statistical Parametric Mapping, http://www.fil.ion
.ucl.ac.uk/spm/).The first 10 volumes were discarded to allow
for T1 equilibration effects. Then, slice timing and realign-
ments were performed on the remaining 240 measures. The
time course of head motion was obtained by estimating the
translation in each direction and the rotation in angular
motion on each axis for all 240 consecutive volumes. Six
patients (4 males) and one healthy subject were excluded
because either translation or rotation exceeded +1mm or +1.
We also evaluated the differences in translation and rotation
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Table 1: Demographical and clinical data of the healthy controls and cirrhotic patients.

Variable Healthy controls (𝑛 = 38) non-HE patients (𝑛 = 31) MHE patients (𝑛 = 24) P value
Age (Y) 48.6 ± 12.7 46.6 ± 10.2 52.3 ± 9.2 0.187|

Gender (M/F) 25/13 24/7 19/5 0.411∼

NCT-A (s)∗# 45.1 ± 12.7 42.7 ± 9.6 69.5 ± 17.4 <0.001|

DST (score)∗#$ 49.8 ± 9.8 42.5 ± 9.6 25.6 ± 7.7 <0.001|

Posthepatitic cirrhosis (n) — 21 17 —
Biliary cirrhosis (n) — 3 3 —
Schistosomal cirrhosis (n) — 0 1 —
Alcoholic cirrhosis (n) — 1 1 —
Budd-Chiari syndrome (n) — 1 0 —
Unknown aetiology (n) — 5 2 —
Child-Pugh scores (score) — 6.4 ± 1.5 6.8 ± 1.7 0.40!

Child-Pugh scale (A/B/C) — 20/10/1 11/12/1 —
Ammonia level (umol/L)@ — 52.8 ± 34.6 (𝑛 = 26) 61.2 ± 28.8 (𝑛 = 19) 0.398!

Values are mean ± SD or number of patients; MHE: minimal hepatic encephalopathy; NCT-A: number connection test type A; DST: digit symbol test.
@Ammonia is obtained in 19MHE patients and 26 non-HE patients.
!stands for the results of two-sample t-test.
|stands for the result of the one-way ANOVA.
∼stands for the result of the Chi-Square test.
∗stands for significant difference between MHE and non-HE patients (post hoc P <0.05, Bonferroni-corrected).
#stands for significant difference between MHE patients and controls (post hoc P <0.05, Bonferroni-corrected).
$stands for significant differences between non-HE patients and controls (post hoc P <0.05, Bonferroni-corrected).

of head motion between cirrhotic patients and controls
according to the following formula [24]:
Head motion
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where 𝐿 is the length of the time series (𝐿 = 240 in this
study) and 𝑥

𝑖
, 𝑦
𝑖
, and 𝑧

𝑖
are translations/rotations at the

𝑖th time point in the 𝑥, 𝑦, and 𝑧 directions, respectively.
The results showed that the two groups had no significant
differences (two-sample 𝑡-test, both𝑃 > 0.05).The functional
data were spatially normalized to the Montreal Neurolog-
ical Institute (MNI) template and resampled to 3 ∗ 3 ∗
3mm3. After spatial normalization, the BOLD signal was
detrended to abandon linear trend and then filtered (0.01–
0.08Hz) to reduce the effects of low-frequency drift and high-
frequency physiological noise. Nuisance covariates including
global mean signals, white matter signals, cerebrospinal fluid
signals, and headmotion parameters were regressed out from
the rs-fMRI data. Finally, we obtained mean time series
of 90 regions of interests (ROIs) defined by Automated
Anatomical Labeling (AAL) atlas [25] for each individual by
averaging the rs-fMRI time series over all voxels in each ROI.
To demonstrate module changes of functional regions, we
mainly computed the functional connectivity networks and
their corresponding graph analysis features based on AAL 90
template in this study.

Considering that the range of nodal scales and the
difference in template parcellations may result in consider-
able variation of graph theoretical parameters of functional

connectivity networks, we also applied a high-resolution
parcellation network with 1024 regions of interest [26] to
verify the modularity changes in cirrhotic patients’ brain
functional connectivity networks.

2.4. Functional Connectivity Network and Its Modularity. The
Pearson correlation coefficient between any pair of regional
time series is computed to form a 90 ∗ 90 matrix of
the functional connectivity network. In each subject, the
node amount 𝑁 is 90 and the total number of functional
connectivities (or edges) is 4005 (𝐶2

90

= 90 ∗ 89/2 = 4005).
Fisher’s r-to-z transform is used on the correlation matrix 𝑅

𝑖𝑗

(𝑖, 𝑗 = 1, . . . , 𝑁) of each subject to improve the normality of
the correlation coefficients [27]. Both positive and negative
connections are connectivity in brain network. The absolute
value of correlation coefficient is calculated to create the non-
negativematrix𝑀

𝑖𝑗
[2]. For simplification,𝑀

𝑖𝑗
of each subject

is thresholded to create a binarized matrix 𝐴
𝑖𝑗
in a range

of sparsity, comprising between 5% and 10% of the 4,005
possible edges in a network with 90 nodes [28].

In our study, Newman’s metric [5] is used as a measure
of modularity. The correlation matrices were processed by
a code developed by Clauset et al. based on the greedy
optimization [29].Modularity can be regarded as the quantity
for measuring the quality of a partition 𝑃𝐴 of a network. If
we define the degree 𝑘

𝑖
= ∑
𝑗

𝐴
𝑖𝑗
of a node 𝑖 as the number of

connections to the node, themodularity𝑄 of each subject can
be expressed by

𝑄 =
1

2𝑚
∑
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where𝑚 is the total edges in the network; the indices 𝑖 and 𝑗
run over the𝑁 nodes of the graph; the index 𝐶 runs over the
modules of the partition 𝑃𝐴.

To display the functional modules of healthy control,
non-HE and MHE groups, the weighted matrix 𝑀

𝑖𝑗
is first

averaged within each group by

Group
𝑀
𝑖𝑗
=
1

𝑛Group

𝑛Group

∑

𝑛=1

Group
𝑀
𝑛

𝑖𝑗

, (3)

where Group = Control, non-HE, or MHE represents the
healthy control, non-HE orMHE group and 𝑛Group is the total
subject number of healthy controls, non-HE orMHE groups.
Then, the averaged matrix of each group is thresholded at a
sparsity to obtain the binarized matrix Group

Sparsity𝐴 𝑖𝑗. Finally, the
module of each group can be achieved by finding the partition
having the largest value of Group

Sparsity𝑄 in
Group
Sparsity𝐴 𝑖𝑗.

Whenever Group
Sparsity𝑄 of a network reaches maximum,

topological principles to each node in group level can be
obtained based on the density of intra- and intermodular
functional connectivity [30]. Intramodular connectivity is
measured by the normalized intramodular degree:

𝑧
𝑖
=

𝑘
𝑠𝑖
− 𝑘
𝑠

𝜎
𝑘𝑠

, (4)

where 𝑘
𝑠𝑖
is the degree connecting the 𝑖th node to other nodes

in the 𝑠th module, 𝑘
𝑠
is the average of 𝑘

𝑠𝑖
in the module 𝑠, and

𝜎
𝑘𝑠
is the standard deviation of the intramodular degrees in

the 𝑠th module.
Intermodular connectivity can be measured by the par-

ticipation coefficient:

𝑃𝐶
𝑖
= 1 −

𝑁𝑠

∑

𝑠=1

𝑘
𝑠𝑖

𝑘
𝑖

, (5)

where 𝑘
𝑠𝑖
is the intramodular degree as defined above, 𝑘

𝑖
is

the total degree of the 𝑖th node, and 𝑁
𝑠
is the number of

modules. A node with large 𝑍 value will have a large number
of intramodular connections relative to other nodes in the
same module. If a node is linked exclusively to all other
modules in the community, its 𝑃𝐶 value will be close to one;
if it is extensively linked in its ownmodule to other nodes, its
𝑃𝐶 value will be zero.

Based on the 𝑃𝐶 and 𝑍 values, nodes of a given func-
tional connectivity network can be partitioned into four
categories: connector hub, connector nonhub, provincial hub,
and provincial nonhub [2]. A node with 𝑃𝐶 value greater
than 0.05 is regarded as a connector node; otherwise, it is
a provincial one. A node with 𝑍 value larger than 1.0 is
defined as a hub; otherwise, it is defined as a nonhub. Graphs
with different types of nodes are visualized using Pajek
(http://vlado.fmf.uni-lj.si/pub/networks/pajek/).

2.5. Statistical Analysis. Statistical analysis was performed
by using the software SPSS version 13.0 (SPSS Inc. Chicago,
IL, USA). One way analysis of covariance (ANCOVA) with
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Figure 1:Thenetworkmodularity𝑄 values of healthy controls, non-
HE and MHE patients from sparsity of 5% to sparsity of 10% at 1%
intervals.

age and gender as covariates was used to analyze the differ-
ence of the modularity measure 𝑄 among healthy controls,
non-HE and MHE patients. Post hoc comparisons (Sidak-
corrected) were performed between every two groups at each
sparsity. Correlations between𝑄 values and the venous blood
ammonia level, Child-Pugh score, and neuropsychological
test scores were calculated. All data were shown as mean ±
SD. A 𝑃 value less than 0.05 was considered statistically
significant.

3. Results

3.1. Demographical and Clinical Data. Fifty-five patients (43
males and 12 females, mean age, 49.1 ± 10.1 years) and 38
controls (26 males and 12 females, mean age, 48.6 ± 12.7
years), matched for age (𝑃 = 0.995, two-sample 𝑡-test) and
gender (𝑃 = 0.216, Mann-Whitney𝑈 test), were included for
further analysis. Healthy subjects had aNCT-A score of 45.1±
12.7 s and a DST score of 49.8 ± 9.8.These scores were used to
differentiateMHEpatients fromnon-HEpatients.Thirty-one
patients (24 males and 7 females, mean age, 46.6 ± 10.2 years)
with normal NCT-A scores and DST scores were classified
as non-HE patients and twenty-four patients (19 males and
5 females, mean age, 52.3 ± 9.2 years) with abnormal NCT-
A or DST test scores were identified as MHE (Table 1). No
correlation was found between the venous blood ammonia
level, Child-Pugh score, and the neuropsychiatric tests (both
𝑃 > 0.05) in cirrhotic patients.

3.2. The Modularity 𝑄 Values of Healthy Control, non-HE
and MHE Patients. The modularity 𝑄 values of healthy
control, non-HE and MHE patients were illustrated from
sparsity of 5% to sparsity of 10% at 1% intervals in Figure 1.
One-way ANCOVA results showed significant differences
in the 𝑄 value among healthy controls, non-HE and MHE
patients (𝑃 < 0.01). For three groups, the 𝑄 value declined
monotonically as a function of increasing sparsity; that is,
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Table 2: Correlations between themodularityQ values and the venous ammonia level, Child-Pugh score, and neuropsychological test scores.

Sparsity 5% 6% 7% 8% 9% 10%
NCT-A (s)a 0.393∗∗∗ 0.379∗∗∗ 0.341∗∗∗ 0.330∗∗ 0.283∗∗ 0.339∗∗∗

DST (score)a −0.342∗∗∗ −0.288∗∗ −0.250∗ −0.194 −0.148 −0.201
Child-Pugh scoreb −0.072 −0.086 −0.078 −0.022 0.034 0.035
Ammonia level (umol/L)b 0.050 −0.006 −0.051 0.054 0.065 0.047
NCT-A: number connection test type A; DST: digit symbol test.
aCorrelations were performed in all subjects.
bCorrelations were performed in cirrhotic patients.
∗P < 0.05, ∗∗P < 0.01, and ∗∗∗P < 0.001.

maximum modularity would be greatest for networks with
highest sparsity. Post hoc analysis showed that themodularity
of brain networks in MHE patients was significantly lower
than those in healthy controls over the entire range of sparsity
(𝑃 < 0.01). Moreover, themodularity of non-HE patients was
markedly lower than controls at 8% ≤ sparsity ≤ 10% (𝑃 <
0.05). In addition, themodularity ofMHEpatientswas signif-
icantly lower than non-HEpatients only at sparsity of 5% (𝑃 <
0.05). Correlation coefficients between the modularity𝑄 val-
ues and the venous blood ammonia level, Child-Pugh score,
and neuropsychological test scores were shown in Table 2.
The 𝑄 values were positively correlated with NCT-A scores
in all selected sparsity and were negatively correlated with
DST score at 5% ≤ sparsity ≤ 7%. No correlation was found
between 𝑄 values and the venous blood ammonia level and
Child-Pugh score (all 𝑃 > 0.05).

We also verified the modularity 𝑄 values of three groups
using 1024 template (see Supplementary Figure 1 available
online at http://dx.doi.org/10.1155/2014/727452). The mod-
ularity results based on high-resolution parcellation were
consistent with our findings using AAL 90 template.

3.3. The Total Number of Modules and the Selection of the
Sparsity of Functional Connectivity Networks. Figure 2 shows
the total number of modules of each group’s mean network
over the entire range of sparsity. The modules of three
groups’ mean networks nearly decreased as a function of
increase in connection density. The number of modules in
the MHE group was greater than that in the non-HE and
healthy control group over the entire sparsities. The number
of modules of non-HE group was higher than that of controls
at 6% ≤ sparsity ≤ 8%.

Salvador et al. suggested that 90 cortical and subcortical
regions could be partitioned by cluster analysis into 6 major
systems of anatomically and functionally related regions in
healthy subjects [30]. If the density is high, many small
modules might immigrate into a large module. At 9% ≤
sparsity ≤ 10%, there were only five modules in our healthy
controls which would limit the illustration of modules of
three groups. Hence, low connection densities, for example,
sparsity ≤ 8%, should be chosen to calculate the modules.
However, if the density is too low, the binary networks would
be too sparse to ensure the full connection of nodes. In
normal subjects, the brain network was a fully connected one
[2, 29, 30]. We found that there were isolated nodes in our
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Figure 2: The total numbers of modules of healthy controls, non-
HE and MHE groups from sparsity of 5% to sparsity of 10% at 1%
intervals.

healthy controls when sparsity ≤ 7%. Considering the rea-
sonable number of modules and connection of nodes in our
healthy subjects, we mainly displayed the modules of healthy
control, non-HE and MHE groups at sparsity = 8%, where
our healthy control group had the same number of modules
as that reported by Salvador et al. [30]. To show the consistent
results at different thresholds, we also illustrated the modules
of three groups at sparsities of 7% and 9%.

3.4. Modules Changes in Healthy Control, non-HE and MHE
Groups. Figure 3 shows the community structures for three
groups’ brain functional networks at sparsity = 8%, respec-
tively. To focus on the connectivity changes between cortical
and subcortical regions and on the module changes of
subcortical regions, only connections between cortical and
subcortical regions and between subcortical regions were
shown.

The healthy brain functional network comprised 6 con-
nected modules at sparsity = 8%, which varied in size from
26 to 7 regional nodes (Figure 3(a)). Eight subcortical regions
(e.g., bilateral caudate, putamens, pallidum, and thalami)
were included in the second largest module containing 22
regions. Twenty-four edges were found between cortical and
subcortical regions and between subcortical regions. Among
24 connections, 4 connectivities were found between cortical
and subcortical regions, such as the connections between left
insula and bilateral putamens, right insula and right putamen,
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Figure 3: The community structures of healthy control, non-HE and MHE groups for mean functional networks at sparsity of 8%. (a) The
community structure of healthy control group; (b) the community structure of non-HE group; (c) the community structure of MHE group.
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and between right middle cingulum gyrus (DCG) and right
thalamus; 20 ones were between subcortical regions, for
example, the connections between left and right caudate,
bilateral caudate and bilateral putamens, left and right puta-
men, bilateral putamens and bilateral pallidum, left and right
pallidum, bilateral putamens and bilateral thalami, bilateral
pallidum and bilateral thalami, and left and right thalamus.

The non-HE group had 7 modules at sparsity = 8%,
among which bilateral thalami were isolated as an uncon-
nected module (Figure 3(b)). There was a connection
between left and right thalamus, while there was no connec-
tion between thalamus and other brain regions. Basal ganglia
were involved in the largest module with 24 region nodes.
Sixteen connections were detected between cortical regions
and basal ganglia and between subregions of basal ganglia.
Among 16 connections, 6 edges were between cortical regions
and basal ganglia, such as the connections between left
anterior cingulate gyrus (ACG) and bilateral caudate, right
ACG and right caudate, left insula and bilateral putamens,
and right insula and right putamen; 10 ones were between
subregions of basal ganglia, such as the edges between left and
right caudate, left and right putamen, left and right pallidum,
bilateral putamens and bilateral pallidum, left caudate and left
putamen, and right caudate and bilateral putamens.

In theMHE group, 9modules were found at sparsity= 8%
(Figure 3(c)). The subcortical region nodes were partitioned
into three isolatedmodules and theywere the caudatemodule
composed of bilateral caudate, the thalamus module com-
posed of bilateral thalami, and the putamen/pallidummodule
comprising bilateral putamens and pallidum. Among subcor-
tical nodes, there were connections between left and right
caudate, left and right thalamus, and bilateral putamens and
pallidum. No connectivity was found between cortical and
subcortical nodes.

3.5. Changes of Node Roles in Healthy Control, non-HE and
MHEGroups. Thenode roles of healthy control, non-HE and
MHE groups were displayed by connector hub, connector
nonhub, provincial hub, and provincial nonhub and all
connections between nodes were shown at sparsity = 8%
(Figure 4).

In both healthy control and non-HE groups’ mean net-
works (Figures 4(a) and 4(b)), over half of the whole-brain
regions (51/90) were connector nodes which had numerous
connections to other modules, while only 38 regions were
connector nodes inMHE group (Figure 4(c)).The connector
coefficients for healthy control, non-HE and MHE groups
were 56.7% (51/90), 56.7% (51/90), and 42.2% (38/90), respec-
tively. The total number of hubs in non-HE group (Hubs =
15) was greater than those in healthy control group (Hubs =
11) and in MHE group (Hubs = 12). Eight of the 15 hubs in
non-HE group were categorized as connector hubs and 7 as
provincial hubs, but only 5 connector hubs/7 provincial hubs
in the healthy controls and 7 connector hubs/5 provincial
hubs in the MHE group.

To verify our findings about the altered modular struc-
tures in cirrhotic patients, we also demonstrated the modules
of three groups at the 7% and 9% sparsities (Supplementary
Figures 2 and 3). The modules at the 7% sparsity were very

similar to those at 8% (Supplementary Figure 2). However,
there was one isolated module in the healthy group. When
the network sparsity was 9%, isolated modules in subcortical
regions were also found in MHE patients (Supplementary
Figure 3). However, modules with different brain functions
were merged into large one, indicating that the brain regions
were not well partitioned.

4. Discussion

The present study showed (1) significantly decreased mod-
ularity of functional brain networks in cirrhotic patients,
which depended on the severity of HE and was associated
with neuropsychological test scores; (2) altered functional
connectivity between cortical and subcortical modules, less
intrasubcortical connection, and more isolated modules,
related to the development of MHE; and (3) unchanged
numbers of connect nodes and increased total hubs in non-
HE patients.

Disrupted modularity of large-scale functional brain
networks in cirrhotic patients within modules, reflected
by decreased 𝑄 value, is expected because dysmetabolic
neurotoxins were accumulated in patients’ brains, resulting
in the swelling of astrocytes and abnormal communication
between neurons [31]. Since themodularity𝑄 value is defined
by the difference between the fraction of edges within each
module and those random edges without regarding the
community structure, it is able to represent the property of
the connectivity structure withinmodules [5]. Networks with
low modularity trend to be random graphs [2]. And hence,
low𝑄 values in cirrhotic patients, especially inMHEpatients,
supported that their functional connectivity networks lost
self-organization propertieswithin functionalmodules. Since
the high clustering of connections between nodes in the same
module will favor low wiring cost, modular networks may
be of the property of small-worldness which is advantageous
for nervous system design [32]. Previous small-world study
in cirrhotic patients showed that small-worldness might
decrease with the progression of HE [33]. Our modularity
results supported that functional connectivity networks in
cirrhotic patientswere impaired in large-scale. Also,we found
quantitative 𝑄 value correlated with neuropsychological test
scores rather than with Child-Pugh score and venous blood
ammonia level. Frontal dysfunction inMHE patients, such as
attention [19, 21] and workingmemory impairment, has been
consistently reported [34]. Our finding is consistent with
these studies and indicates cognitive dysfunction can be asso-
ciatedwith disrupted functional connectivity withinmodular
structures in cirrhotic patients. Taken together, these support
our disconnect hypothesis of HE; that is, disrupted regional
brain connectivity network can be involved in the cognitive
dysfunction in cirrhotic patients.

Moremodules in cirrhotic patients were found compared
with those in controls, indicating that cirrhotic patients
lost functional connectivity between modules. In particular,
subcortical modularity loss, disrupted connections between
cortical and subcortical modules, and less intrasubcortical
connections occurred during the progression of the dis-
ease. Particularly in MHE patients, functional connectivity
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Figure 4: The node roles of healthy control, non-HE and MHE groups. (a) The node role of healthy control group; (b) the node role of
non-HE group; (c) the node role of MHE group.
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between cortical and subcortical modules was disrupted,
resulting in more isolated modules in these patients. These
findings of more localized community structure in cirrhotic
patients than in controls have been reported in previous
literatures on aging, schizophrenia, epilepsy, and chronic
back pain [2, 10–15]. We further found that more modules
in cirrhotic patients can be associated with basal ganglia-
thalamocortical circuit disruption because of lost community
structure between these more localized subcortical com-
munication structures (caudate nucleus, basal ganglia, and
thalami) in MHE patients compared with healthy controls
and non-HE patients, which depended on the severity of
the disease as shown in Figure 3. This finding supported the
important role of basal ganglia-thalamocortical circuit in the
development of MHE [18]. Disrupted module organization
of basal ganglia-thalamocortical circuit can be one of the key
causes of more modules in cirrhotic patients than in con-
trols. Histopathologically, Alzheimer type II astrocytes, the
characteristic neuropathologic findings in cirrhotic patients,
are predominantly found in the cortex, putamen, pallidum,
and caudate nucleus [35]. Radiologically, the symmetrical
hyperintensity of basal ganglia onT1-weighted images is often
observed [36]. Recently fMRI studies indicated abnormal
resting-state functional connectivity of this circuit in MHE
patients [22, 23]. Disrupted effective connectivity network
of the basal ganglia, anterior cingulate cortex, and striatum
was also reported [37].The decreased functional connectivity
between thalamus,many cortices, and basal ganglia indicated
reduced integrity of thalamic resting-state network in MHE.
Taken together, we believe that disrupted modular structure
and functional connectivity of basal ganglia-thalamocortical
circuit could result in development of MHE.

Our study indicated non-HE patients had abnormal
communication structures. The abnormal modularity find-
ings in the non-HE patients included slightly decreased 𝑄
value and slightly increased modules. Importantly, in non-
HE patients, the numbers of connect nodes did not change
while the total numbers of hubs increased, indicating that
there could be a compensation for the decreased modularity
in their functional connectivity networks. Although more
modules were found in non-HE patients compared with
healthy subjects at the same sparsity, unchanged numbers
of connect nodes could ensure the normal communications
between functional modules. More connector and provincial
hubs were found in non-HE patients, suggesting that more
hubs were needed to make up the degradations of functional
connectivity both between and within modules. In MHE
patients, the numbers of connect nodes greatly decreased,
which might not be sufficient for the basic information
transmission betweenmodules, explainingwhymore isolated
modules were found in MHE patients. MHE patients were of
less connector and provincial hubs compared with non-HE
patients, indicating that their brain networks were seriously
impaired and could notmake up the normal communications
between modules by increasing hubs.

We did not find correlation between the venous blood
ammonia level and Child-Pugh score with modularity 𝑄
values in three groups, which could be related to the cirrhotic
patients recruited in our study. Since only cirrhotic patients

without overt HE were included in this study, the ammonia
level and Child-Pugh score in our patients were not very
high, which might make it difficult to show the relationships
between the factors and the modularity 𝑄 values. Future
studies should include the cirrhotic patients with overt
hepatic encephalopathy.

4.1. Limitations. There are still some limitations in our study.
First, the sample size of patients with minimal HE was
small and this would affect the validity of the statistical
analysis of this preliminary study. Thus, a large-cohort study
is needed. However, since a standard statistical processing
pipeline was followed with accepted software and procedures
in this study, we believe most findings are rational based on
these analyses. Second, this study was not longitudinal and
overt HE patients were not included in this study. Therefore,
we cannot draw a conclusion on the progression pattern of
brain functional connectivity modularity fromMHE to overt
HE, which needs to be further investigated. Additionally, no
significant correlations were found between liver functions
and the modularity 𝑄 values in this study, which might
also be related to the selection of our patients because
no overt HE patients were included in this study. Third,
we used two neuropsychiatric tests to evaluate MHE which
were recommended by the working party at the 11th World
Congresses of Gastroenterology. Whole battery of neuropsy-
chiatric tests should be performed in future study. Fourth,
although we tried to pick up a reasonable threshold to
demonstrate our findings, it is rather arbitrary for the
selection of thresholds. Hence, we suggested that different
thresholds should be tested to find if results are sensitive to
them.

5. Conclusions

In conclusion, our study demonstrated that cirrhotic patients
had disrupted modularity of functional brain networks asso-
ciated with neurocognitive dysfunction, in accordance with
the severity of HE. Subcortical modularity loss, disrupted
connection between cortical and subcortical modules, and
less intrasubcortical connection, especially, in basal ganglia-
thalamocortical circuit were found with the development of
MHE. Adjustment of hub and provincial nodes could be
a compensation for the disrupted modularity in non-HE
patients.
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Intrinsic functional connectivity magnetic resonance imaging (iFCMRI) provides an encouraging approach for mapping large-
scale intrinsic connectivity networks (ICNs) in the “resting” brain. Structural connections as measured by diffusion tensor imaging
(DTI) are a major constraint on the identified ICNs. This study aimed at the combined investigation of ten well-defined ICNs in
healthy elderly subjects at single subject level as well as at the group level, together with the underlying structural connectivity.
IFCMRI and DTI data were acquired in twelve subjects (68 ± 7 years) at a 3T scanner and were studied using the tensor imaging
and fiber tracking software package.The seed-based iFCMRI analysis approach was comprehensively performed with DTI analysis,
following standardized procedures including an 8-step processing of iFCMRI data. Our findings demonstrated robust ICNs at the
single subject level and conclusive brain maps at the group level in the healthy elderly sample, supported by the complementary
fiber tractography. The findings demonstrated here provide a methodological framework for future comparisons of pathological
(e.g., neurodegenerative) conditions with healthy controls on the basis of multiparametric functional connectivity mapping.

1. Introduction

Soon after the development of functionalMRI [1], Biswal et al.
described oscillatory hemodynamics in low frequency range
(<0.1Hz) within regions in the motor cortex by demonstrat-
ing spontaneous blood oxygenation level dependent (BOLD)
fluctuations in a highly correlated manner between function-
ally associated brain areas when the brain is “at rest” [2].Map-
ping the functional connectome of the human brain remains
challenging [3], since intrinsic functional connectivity (iFC)
analysis in the “resting-state” is only an indirect proxy of
the “ongoing” brain’s hemodynamics. Besides the fact that
the acquired data might be confounded by several factors
such as respiratory, pulsatile, or cardiovascular artifacts [4, 5],
shortcomings of postprocessing are assumed to influence the
shape of the BOLD response [6]. There is growing awareness
of a large scale functional brain architecture structured in a

topological manner [7] and attributed to specific functional
explication [8]. Notably, the functionally interacting portions
of the brain that were demonstrated in the absence of
specific tasks (“task-free”) correspond to a large extent to
those regions that reveal “task-induced” coactivations in task-
based functional MRI [9]. Neural signaling between brain
areas is markedly constrained by the brain’s anatomy and
hence by axonal bundles (fibers) that interconnect different
brain segments/regions [10], forming an efficient network
and comprising interconnected hubs [11].

The probably most extensively studied intrinsic connec-
tivity network (ICN) is the default mode network (DMN)
[12–14] that has been initially described by Raichle et al.
[15]. This large scale system includes areas revealing the
highest coherent low frequency oscillations in the absence
of a specific task [12]. In the past decade many ICNs
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have emerged consistently identified by means of iFCMRI
comprising the dorsal and ventral attention systems [16, 17],
executive control and salience processing [18], primary visual
and visual associative systems [8, 19], cerebellar network
[8, 20], functional integrity of the cingulate cortex [21], and
further networks [20]. These ICNs were identified using
the “hypothesis-driven” seed-based approach. Additionally,
“data-driven” independent component analysis exists which
allow for the identification of a series of independent com-
ponents that could be interpreted as an extract of distinct
functionally organized networks [4, 19, 22].

Anumber of studies investigated the relationship between
functional and structural connectivity (see e.g., [23] for
a review), showing convergence between the strengths of
resting-state functional connectivity and structural connec-
tivity. Since it is commonly assumed that functional con-
nectivity reflects structural connectivity in the brain [23–25],
brain connectivity has been proven to play an essential role in
the pathological state [12, 26–28] as well as in healthy aging
where changes in functional [29] and structural connectivity
[30] have been reported during the lifespan. Still, different
connectivitymeasures as used inmultiparametric approaches
(e.g., BOLD fMRI and DTI measures) are a promising issue
for further research and clinical applications.

This study aimed at the investigation of ten well-defined
ICNs as functional brain maps in healthy elderly subjects
together with the complementary analysis of the underlying
structural connectivity. From the methodological view, the
functional and structural connectivity analysis was per-
formed by use of the in-house developed software package
tensor imaging and fiber tracking (TIFT) [31, 32] that is
well-established for diffusion tensor imaging (DTI) analysis
procedures [31]. For the analysis of the iFCMRI data, a
standardized data processing approach will be demonstrated
on an item-by-item basis. We utilized a single-voxel seed-
based approach in order to identify the ICNs at single subject
level with subsequent group level computation of brain maps
from individuals’ data. This way, we aimed at demonstrating
our concept to combine iFCMRI with DTI data on the basis
of recent studies [10]. These algorithms used in the TIFT
software were evaluated in a group of healthy elderly. The
investigation of the elderly adult has major impact when
defining a control group for assessments in many studies in
aged individuals such as in neurodegenerative conditions that
commonly manifest in late life.Thus, a reference compilation
of ICNs together with the underlying anatomical structure is
of great interest for clinical comparisons.

2. Materials and Methods

2.1. Subjects. All subjects gave written informed consent for
the MRI protocol according to institutional guidelines. The
study had been approved by the Ethics Committee of the
University of Ulm and was performed in accordance with
the ethical standards laid down in the 1964 Declaration of
Helsinki and its later amendments.

Twelve healthy volunteers (mean age 68 ± 7 years, M/F
ratio 7/5) were recruited from the controls’ database of

Table 1: Demographic data of the subjects.

Parameter Healthy elderly subjects
Number 12
Gender, M/F 7/5
Age/y 67.8 ± 6.8 (59.1–81.4)
MMSE 29.8 ± 0.5 (29.0–30.0)
DemTect 17 (10–13)
Years of education 12.5 (10.0–13.0)
Data are given as mean ± std (min–max).
MMSE: mini-mental state examination; DemTect [34].

the Department of Neurology, University of Ulm. Detailed
demographic data are listed in Table 1. The investigated
group consisted of volunteers with higher education with-
out any psychiatric disorders or history of neurological or
other medical conditions and free of any cognitive prob-
lems. Overall cognitive performance was screened by mini-
mental state examination (MMSE) [33] as well as by global
dementia screening (DemTect) [34]. Exclusion criteria were
cerebrovascular diseases, psychiatric abnormalities, severe
hearing damage, or significant white matter lesion load such
as periventricular or deep white matter hyperintensities [35].

2.2. MRI Acquisition. MRI scanning was performed at a 3-
Tesla clinical scanner (Magnetom Allegra, Siemens, Erlan-
gen, Germany; SyngoMRA30). The protocol included a
“resting-state” iFCMRI sequence, a DTI sequence, and a T1-
weighted 3Dmagnetization-prepared gradient echo sequence
(MPRAGE).The iFCMRI scanning protocol consisted of 200
volumes (36 slices, 64 × 64 pixels, slice thickness 3.5mm, and
pixel size 3.5mm × 3.5mm). The echo time (TE) and repeti-
tion time (TR) were 30ms and 2200ms, respectively. All par-
ticipants were instructed to keep relaxed andmotionless with
their eyes closed but awake in the absence of goal-directed
attention during iFCMRI data acquisition. The DTI protocol
consisted of 31 gradient directions (GD), including one 𝑏 = 0
reference (72 slices, 128 × 128 pixels). The slice thickness
was 2.0mm; in-plane pixel size was 2.0mm × 2.0mm. TE
and TR were 95ms and 12700ms; 𝑏 was 1000 s/mm2. For
themorphological background, a T1-weightedMPRAGEwas
recorded for each control subject (TR 2500ms, TE 4.32ms,
matrix size 256×256 pixels, 192 slices, slice thickness 1.0mm,
and in-plane pixel size 1.0 × 1.0mm2).

2.3. iFCMRI Data Preprocessing: Overview. All described
algorithms and postprocessing were integrated in the pre-
viously described analysis software TIFT. A standardized
preprocessing procedure was applied to all iFCMRI data,
comprising the following components.

2.3.1. Preprocessing Step 1: Quality Control and Motion Cor-
rection. To insure sufficient image quality, all volumes of
the EPI and MPRAGE images were visually inspected for
proper registration. As head motion influences iFCMRI
[36], motion corrected data were obtained from the scanner
software (syngo MRVA30A, Siemens, Erlangen, Germany)
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that provides a 3-dimensional elastic motion correction in all
directions.

2.3.2. Preprocessing Step 2: Resampling on a Cubic 1mm Grid.
The data were resampled from 3.5 × 3.5 × 3.5mm3 to a
cubic 1mm grid of a 256 × 256 × 256 matrix by means of a
nonparametric 𝑘-nearest neighbor regression approach [37]
using the average voxel intensity of the 𝑘-nearest neighbor
voxels weighted by the inverse of their distance. Upsampling
to a cubic 1mm grid has already been performed in previous
studies (e.g., [31]). The advantage of using the identical voxel
resolution for multiparametric studies such as this bimodal
approach (DTI, iFCMRI) is that in this way voxel locations
could be easily and unambiguously transferred from one
modality to another and vice versa. In addition, performing
analysis in a cubic 1mm grid provides a prerequisite for the
utilized seed-voxel approach.

2.3.3. Preprocessing Step 3: Stereotaxic Normalization. Nor-
malization of the rescaled EPI images (1.0 × 1.0 × 1.0mm3)
to the Montreal Neurological Institute (MNI) stereotaxic
standard space [38] was accomplished [32]. First eight land-
marks were defined in the EPI data in the first volume for
each subject. A linear transformation in all 6 degrees of
freedom (𝑥, 𝑦, 𝑧, pitch, roll, and yaw) into MNI space was
performed according to the coordinates of these landmarks.
This procedure was applied separately for eachMRImodality
(iFCMRI, DTI, MPRAGE) for all subjects’ data (first vol-
ume) included in this study in order to compute a modal-
ity specific template by arithmetically averaging the voxel
intensities of all individual MNI transformed images. The
deformation procedure was refined in the second iteration
step by nonlinear normalization of the individual EPI data
onto the study-specific template following the basic ideas
of Ashburner and Friston [39] of minimizing the squared
differences of regional intensities between the individual
first EPI volume and the EPI template. Validation of the
MNI normalization was performed by calculating Pearson’s
product correlation coefficient between each individual EPI
image (first volume of data series) and the EPI template as
a quantitative measure. The landmarks were refined for each
subject whose normalization was unacceptable according to
a correlation coefficient of 𝑟 < 0.8. The same template-based
normalization procedure was applied to the high-resolution
MPRAGE images used for seed-voxel definition and for the
display of results on a morphological background. Figure 1
displays templates for the different modalities in comparison
to the MPRAGE template.

2.3.4. Preprocessing Step 4: Spatial Filtering. Spatial filtering
was applied to the EPI series of each subject’s data by using
a 7mm full-width at half maximum (FWHM) Gaussian blur
filter (3-dimensional bell shape representing normal distri-
bution). The filter width of 7mm equals twice the recording
voxel size of 3.5mm which is a common choice according
to the assumption that the Gaussian filter is designed as a
“matched filter” [40]. The matched filter theorem states that
the width of the filter used to process the data should be

tailored to the size of the structure under investigation [41].
None of the data sets for both modalities iFCMRI and DTI
had to be excluded prior to the analysis due to unacceptable
artefacts. The effect of spatial filtering is exemplified in
Figure 2.

2.3.5. Preprocessing Step 5: Temporal Linear Detrending and
Temporal Bandpass Filtering. Possible scanner drifts during
the iFCMRI data acquisition were voxelwise removed over
each volume by linear detrending [42]. Linear detrending
was performed by subtracting the linear fit of the voxel time
course.The time courses were further bandpass-filtered since
iFCMRI data analysis is based on the coherence of low-
frequency BOLD fluctuations. The frequency spectrum was
band-limited for cutoff frequencies in the range of 0.01 <
𝑓 < 0.08Hz [4, 6, 43] using a 6th-order Butterworth
bandpass filter design. The first 15 out of 200 volumes of
each time course were discarded due to the transient filter
response (see Figure 2(c)) and due to scanner oscillations at
the beginning of iFCMRI data acquisition. Moreover, this
commonly applied procedure allows the participant to adapt
to the experimental condition [44].

2.3.6. Processing Step 6: Seed-Based Correlation. Large scale
correlationmaps were computed according to the seed-based
approach [2] in accordance with recent studies [7, 45, 46].
Ten well-defined ICNs [8, 20, 27] were computed by placing
seed-voxels (i.e., encompassing one voxel only) into regions
that had been consistently reported to serve as central hubs
for the respective ICN as listed in Table 2. The exact location
of the seed was manually refined based on the subjects’
averaged high-resolution T1-images (MPRAGE) according
to the standardized MNI atlas [38]. Figure 3 displays the
DMN calculated for a representative single subject in the
MNI space. As a novel aspect, the time series of one single
voxel (i.e., the seed-voxel) was extracted in contrast to
common approaches such as averaging the time series of
voxels within a defined seed region [44, 47, 48] or taking each
of the voxels within the given ROI as a seed-voxel [45]. The
extracted time course of the seed-voxel or the averaged time
course extracted from all voxels within the ROI spheres was
correlated with the time series of all other voxels across the
whole brain, yielding a corresponding correlation coefficient
(𝑟-value) for each voxel. The similarity of using a seed-voxel
(1.0 × 1.0 × 1.0mm3) or a spherical ROI with a radius of
about 4mm is shown in Figure 4. Nevertheless, using ROIs
larger than 4mm, the resulting brain maps slightly differ for
“anatomically small” seed regions as exemplified for a 10mm
spherical ROI radius placed in the caudate in Figure 4(b)
(right panel). Since the time courses were considered to
be normally distributed, correlations were computed by use
of the parametric Pearson’s product moment correlation
method.

2.3.7. Processing Step 7: 𝑧(𝑟) Transformation. Fisher’s 𝑟- to 𝑧-
transformation [54] was applied voxelwise to improve the
normal distribution of the individual’s connectivity maps as
𝑍 statistic images [55]. Each voxel corresponds to a 𝑧(𝑟) score
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Figure 1: Templates in MNI stereotaxic space used for this study. (a) EPI template. (b) DTI templates ((𝑏 = 0)-template and overlaid color-
coded fractional anisotropy- (FA-) template), FA threshold 0.2. (c) MPRAGE template. Each template was computed for healthy elderly
(𝑁 = 12) included in this study with display focus at the anterior commissure.

representing its connectivity strengths with respect to the
seed-voxel of the respective ICN. As an example, Figure 3
displays the default mode network (DMN) calculated for a
representative single subject on a cubic 1mm grid in MNI
coordinates.

2.3.8. Processing Step 8: Averaging Individual Brain Maps. In
order to obtain the ICN at the group level, the 𝑧(𝑟) scores
were arithmetically averaged voxelwise [45, 46, 49]. The
brain maps at group level were statistically validated by also
applying a two-sided one-sample 𝑡-test [44]. Arithmetical
averaging and the application of one-sample 𝑡-test revealed
similar results (Figure 5).

2.4. DTI Data Processing. The DTI analysis software TIFT
was used for DTI data processing. In order to perform a
spatial normalization in the MNI stereotaxic standard space,
a study-specific (𝑏 = 0)-template and a fractional anisotropy-
(FA-) template (see Figure 1(b)) had to be created [31]. As the
nonaffine registration to an FA-template has the advantage of
providing more contrast in comparison to (𝑏 = 0)-images
[56], a FA-template was defined by averaging all individually
derived FA maps for the healthy elderly.

Prior to averaging, DTI data were controlled for motion
corrupted volumes by a recently described technique [57];
it was found that no volumes had to be excluded for fur-
ther analysis. The subsequent averaging procedure requires
careful treatment of the orientational information which is
preserved during the normalization process [32, 58]. After
this normalization procedure, all individual DTI data sets
were used for the calculation of the second-rank diffu-
sion tensor and the FA for quantification of the diffusion
anisotropy, according to standard methods [59]. In order to
apply group based fiber tracking (FT) algorithms, averaged
DTI data sets were calculated from all subjects’ data sets
by arithmetic averaging of the MNI transformed data. In
this manner, an averaged DTI data set was calculated while
preserving directional information of individual data sets
(for details, see [32, 60]). These averaged DTI data sets were
then used to identify pathways for defined brain structures.

Tractography was performed by using a streamline tracking
technique. Manually defined seed points were the basis for
the consecutive FT [31]. In order to improve FT performance,
additional control data sets with 49 GD were included in the
study. Parameters for FT represented a dot product threshold
between two FT steps of 0.9, a FA threshold of 0.2, and a seed-
voxel radius of 5mm. Seeds for the FT corresponding to the
ICNs are listed in Table 3.

3. Results

Ten well-described ICNs were unambiguously identified by
using seed-voxels placed into regions as listed in Table 2.
In order to illustrate the performance of averaging, a repre-
sentative single subject DMN was juxtaposed to the group-
averaged DMN in Figure 3. More specifically, Figure 6 illus-
trates ten identified single subject ICNs in juxtaposition to the
ten group-averaged ICNs according to Table 2 as follows.

(a) The default mode network (DMN) (Figure 6(a)) was
identified by seeding the PCC with the adjacent precuneus
region. The brain map covers the medial parietal cortex
comprising bilateral temporal areas around their midline
extending to inferior parietal regions. In addition, the medial
frontal cortex reveals activity in ventromedial, anteriomedial,
and dorsomedial areas, the frontal pole, and the anterior
cingulate. Weaker activity was observed in the bilateral
hippocampal formation and parts of dorsolateral prefrontal
cortex.

(b, c) Figures 6(b) and 6(c) show the left and right
frontoparietal control ICNs yielded by seeds in the left and
right middle temporal area, respectively. Within these spatial
maps, activity was observed in several frontoparietal areas
comprising the dorsolateral prefrontal cortex, frontal pole as
well as lateral occipital area, inferior parietal cortex, and parts
of the posterior cingulate cortex. As a relay between cortical
and subcortical areas, also bilateral thalamic activation was
found.

(d) The motor ICN (Figure 6(d)) was computed for a
seed region within the left motor cortex revealing similar



BioMed Research International 5

Spatial and temporal filtering

0.38

r
-v

al
ue

1.0

mPFC

PCC R
y = −55

X = 1

Z = 26

R

mPFC PCC

0 44017688 264 352

f (Hz)
0.09 0.180

Sp
ec

tr
um

BO
LD

t (s)

(a)

PCC
0.38

r
-v

al
ue

1.0

mPFC PCCmPFC

BO
LD

Sp
ec

tr
um

f (Hz)
0.09 0.180

0 44017688 264 352

t (s)

(b)

0.38

r
-v

al
ue

1.0

mPFC

PCC

PCC

f (Hz)
0.09 0.180

mPFC

BO
LD

Sp
ec

tr
um

Transient phase

Passband

15th vol.
0 44017688 264 352

t (s)

Bandpass filter

(c)

Figure 2: The effect of spatial and temporal filtering exemplified for one representative subject. Most informative orthogonal slices (left
column) in the MNI stereotaxic space show the default mode network (DMN) computed for a seed-voxel in posterior cingulate cortex (PCC,
x y z, 0 −55 26) for (a) motion corrected and resampled data to 1mm cubic grid, (b) after spatial smoothing with a 3D-Gaussian kernel
(8mm FWHM), and (c) after temporal linear detrending and bandpass filtering (0.01–0.08Hz). Time rows with corresponding frequency
spectrum (right column) for the seed-voxel (red trace) and a voxel-time course extracted from the medial prefrontal cortex (mPFC, green
trace, x y z, 1/50/22). Connectivity strengths are shown in hot colors, thresholded for |𝑟| > 0.38 corresponding to 𝑃 < 0.0000001 and overlaid
on the individual MPRAGE (1.0 × 1.0 × 1.0mm3).
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Figure 3: Axial slices in the MNI stereotaxic space show the default mode network (DMN) computed for a seed-voxel in posterior cingulate
cortex (PCC, x y z, 0 −55 26). Connectivity strengths are depicted in hot colors, thresholded for |𝑧(𝑟)| > 0.4 corresponding to 𝑃 <
0.0000001. (a) Results for a representative subject (male, 60 years) overlaid on the individual MPRAGE images. (b) Group averaged brain
map for all subjects (𝑁 = 12) displayed on the averaged MPRAGE background.

activation in both hemispheres comprising the sensory-
motor and motor association systems. These included pre-
and postcentral motor regions and the supplementary motor
area. Moreover, weaker activation was found in the visual
association areas in the occipital pole and the thalamus.

(e)The right extrastriatal seed corresponded to a symmet-
ric brain map known as the visuospatial ICN (Figure 6(e))
that included middle and inferior temporal gyri as well as
visual association structures at the temporooccipital junction
and extending laterally towards the primary visual cortex in
the posterior and lateral occipital cortices.Moreover, this ICN
map encompasses superior dorsal parietal regions and extra-
primary areas of the visual cortex.

(f) The frontal eye fields (FEF) served as the seed region
for the dorsal attention system (Figure 6(f)), displaying a pro-
nounced symmetric activity in both hemispheres. This brain
map encompasses the supplementary eye fields, small por-
tions of the dorsolateral prefrontal cortex, the intraparietal
cortices including the parietal eye fields, associative motor
areas, and middle temporal structures encompassing visual
associative structures. The cingulate gyrus extending from
posterior towards anterior portions including the cingulate
eye fields revealed also activity. Striatal regions exhibited
strong iFC with the FEF; in detail, the putamen displayed
the strongest connectivity while the caudate nucleus with
adjusting thalamus was found to be less strongly functionally

connected with the FEF. In summary, the dorsal attention
ICN covers areas that are strongly associated with eye
movement control.

(g) The ventral attention ICN (Figure 6(g)) has been
computed by a basal ganglia seed in the right ventral striatum.
Its iFC map covers large parts of the limbic system including
the nucleus accumbens, the temporoparietal junction, and
ventromedial prefrontal cortex.

(h) A second striatal seed within the caudate nucleus
demonstrated strong activity in the basal ganglia and tha-
lamus and is thus defined as the basal ganglia thalamic
ICN (Figure 6(h)). The spatial pattern indicated weaker iFC
with bilateral cerebellar regions and the right dorsolateral
prefrontal cortex. Thus, the cortical activations were mainly
found in the right hemisphere, with an overlap with the right
frontoparietal control network.

(i) Placing a seed within the midbrain resulted in the
brainstem ICN (Figure 6(i)) that included the brainstem
extending from mesencephalic areas towards the medulla
oblongata. The brainstem associated brain map encompasses
bilateral thalamic areas. This resulting brain map is a mirror
image with respect to the midline.

(j) The cerebellar ICN (Figure 6(j)) was identified by
placing a seed in the right cerebellum. Weaker activations
included middle temporal areas and bilateral thalamus.
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Figure 4: Effect of voxel-seed versus spherical ROI seeds at group level. (a)Defaultmode network (DMN) computed for a posterior cingulated
cortex (PCC) seed. (b) Basal ganglia thalamic (BT) ICN computed for a caudate seed. Crosshairs on orthogonal slices indicate the voxel-seed
location (left column), the center of the spherical ROI with 4mm radius (center) and 10mm radius (right). Data are shown in 1mm cubic
grid in the MNI space on the averagedMPRAGE image.The computation of the ICNs (right column of each pair) revealed similar results for
a seed-voxel compared to a spherical ROI for the PCC seed (a). However, for smaller structures such as the caudate, the resulting brain map
pointed towards a slightly different and more diffuse pattern with spherical radii larger than 4mm (b).

The resulting ICNs in the elderly subjects (see Figure 6
and Supplementary Figure available online at http://dx.doi
.org/10.1155/2014/947252) show a similar spatial distribution
of the brain maps as compared to ICNs of younger subjects.
These ICNs have been previously identified, that is, the “task-
negative” DMN [12, 15], as well as the “task-positive” ICNs,
comprising left and right lateralized frontoparietal control
[49, 50], visuospatial [8, 20],motor [2, 52, 68] dorsal attention
[4, 49], ventral attention [53, 69], basal ganglia thalamic
[53, 69, 70], brainstem [49, 50], and cerebellar [49, 50].
ICNs capture fundamental units of functional organization
[7]; for a detailed synopsis see also Table 2. Notably, we
did not observe significant anticorrelated regions in any of
the identified ICNs at group level and on individual basis.
At group level, this finding was consistent for both data

postprocessing approaches, that is, (i) arithmetically averag-
ing of the individual brain maps and (ii) applying a one-
sample 𝑡-test (including multiple comparison correction).
The overall results of the investigated brain connectivity are
illustrated in Figure 7 that shows the combination of the ten
ICNs (Figure 6) with their corresponding DTI-based FTs:
the DMN and the cingulum bundle [23], the left and right
frontoparietal control ICNs and the inferior longitudinal
fasciculus [61], the motor ICN and the corticospinal tracts
[62, 63], the visuospatial ICN and the optic radiation [62,
63], the dorsal attention system and the callosal radiation
originating from callosal segment II [63, 64], the ventral
attention ICN and the callosal radiation originating from
callosal segment I [63, 64], the basal ganglia thalamic ICN
and thalamic radiation [65], the brainstem ICN and the
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Figure 5: Similarity of ICNs at group level computed by (a) a one-sample 𝑡-test compared to (b) arithmetically averaged, as exemplified for
the most informative orthogonal slices depicting the default mode network. The two-sided one-sample 𝑡-test was thresholded at 𝑃 < 0.001,
corrected for multiple comparisons using the false discovery rate. Data are shown in stereotaxic MNI space in a 1mm3 cubic grid.

Table 2: Definitions of seed-voxel location (1.0×1.0×1.0mm3) in theMNI stereotaxic space with their corresponding intrinsic connectivity
network (ICN). Given references provide the acknowledgement for the defined ICNs.

# ICN Seed-voxel Seed-voxel region Reference
𝑋 𝑌 𝑍

A Default mode network
(DMN) 0 −55 26 Posterior cingulate cortex Raichle et al., 2001 [15]; Greicius et al., 2003 [13];

Buckner et al., 2008 [12]

B Left frontoparietal control
(L-FPC) −50 −52 49 Left Inferior parietal lobule Vincent et al., 2008 [49]; Spoormaker et al., 2012

[50]; Beckmann et al., 2005 [19]
C Right frontoparietal control

(R-FPC) 50 −54 49 Right inferior parietal lobule

D Motor
(MOT) −27 −27 68 Motor cortex Biswal et al., 1995 [2]; Wu, et al., 2009 [51]; Wu et

al., 2011 [52]

E Visuospatial
(VIS) 47 −72 15 Extrastriate cortex Smith et al., 2009 [8]; Laird et al., 2011 [20];

Beckmann et al., 2005 [19]

F Dorsal attention
(DA) 30 −9 54 Frontal eye field Vincent et al., 2008 [49]; van Dijk et al., 2010 [4]

G Ventral attention
(VA) 11 13 0 Ventral striatum Di Martino et al., 2008 [53]; Hacker et al., 2012

[46]

H Basal ganglia thalamic
(BT) 18 2 20 Caudate nucleus Di Martino et al., 2008 [53]; Laird et al., 2011 [20]

I Brainstem
(BS) 2 −31 −20 Midbrain Laird et al., 2011 [20]; Hacker et al., 2012 [46]

J Cerebellum
(CB) 32 −79 −34 Cerebellum Smith et al., 2009 [8]; Laird et al., 2011 [20]
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Figure 6: Orthogonal slices of ten well-matched pairs of ICNs ((a)–(j)) in the stereotaxic MNI space for a representative single subject (male,
60 years) overlaid on the individualMPRAGE (left columns) and for the complete healthy subject group (𝑁 = 12) displayed on their averaged
MPRAGE (right columns). Connectivity strengths of brain maps are depicted in hot colors, thresholded for |𝑧(𝑟)| > 0.4 corresponding to
𝑃 < 0.0000001. (a)The default mode ICN (DMN). ((b), (c))The left and right frontoparietal control (FPC) ICNs. (d)Themotor (MOT) ICN.
(e)The visuospatial (VIS) ICN. (f)The dorsal attention (DA) system. (g)The ventral attention (VA) ICN. (h)The basal ganglia thalamic (BT)
ICN. (i) The brainstem (BS) ICN. (j) The cerebellar (CB) ICN.

Table 3: Diffusion tensor imaging analysis: fiber tracking (FT) seeds in theMNI stereotaxic space corresponding to the intrinsic connectivity
networks (ICNs).

# ICN FT seed FT
𝑋 𝑌 𝑍

A Default mode network
(DMN) ±8 −16 38 Cingulum bundles [23]

B, C Left frontoparietal control
(L-FPC) ±27 −40 53 Inferior longitudinal fasciculi [61]

D Motor
(MOT) ±25 −14 21 Corticospinal tracts [62, 63]

E Visuospatial
(VIS) 0 −14 21 Optic radiation [62, 63]

F Dorsal attention
(DA) 0 1 25 Callosal radiation originating from callosal segment II [63, 64]

G Ventral attention
(VA) ±18 −6 −8 Callosal radiation originating from callosal segment I [63, 64]

H Basal ganglia thalamic
(BT) ±25 −10 28 Thalamic radiation [65]

I Brainstem
(BS) ±4 −28 −13 Corticopontine pathway [62, 66]

J Cerebellum
(CB) ±15 −38 −29 Superior cerebellar peduncle [67]
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Figure 7: 3D representations on the averagedMPRAGE template of ten ICNs ((a)–(j)) inMNI space with corresponding fiber tracts (FTs). (a)
The default mode ICN (DMN) and cingulum bundle. ((b), (c))The left and right frontoparietal control (FPC) ICNs and inferior longitudinal
fasciculus. (d) The motor (MOT) ICN and corticospinal tracts. (e) The visuospatial (VIS) ICN and optic radiation. (f) The dorsal attention
(DA) system and callosal radiation originating from callosal segment II. (g)The ventral attention (VA) ICN and callosal radiation originating
from callosal segment I. (h) The basal ganglia thalamic (BT) ICN and thalamic radiation. (i) The brainstem (BS) ICN and corticopontine
pathway. (j) The cerebellar (CB) ICN and superior cerebellar peduncle. Color coding is for visualization only.

corticopontine pathway [62, 66], and the cerebellar ICN and
the superior cerebellar peduncle [67].

4. Discussion

4.1. Methodological Approach

(i) A framework has been presented that allows for
iFC analysis and ICN identification by a five-item
preprocessing followed by a three-step seed-based
correlation analysis in order to obtain ICNs. The
following algorithm implementations in the TIFT
software [31] were adapted fromDTI analysis and also
applied for iFCMRI processing; data were resampled
to a cubic 1mm grid for further (complementary)
analysis.

(ii) Spatial Gaussian filtering was applied in order to
optimize the sensitivity and specificity.

(iii) Stereotaxic normalization to study-specific templates
was performed both to an EPI-template for iFC and
to (𝑏 = 0)- and FA-templates for DTI, respectively.

The parallels and cross-links to DTI analysis algorithms in
a common software environment allow for further comple-
mentary iFC/DTI analysis at the group level targeting group
comparisons [10].

4.2. Novelty of the Study. The novelty of this study comprises
the following aspects.

(i) ICN identification in a sample of elderly subjects
which is in the age range of many studies address-
ing neurodegenerative diseases. This is all the more
important since it could be shown that age-dependent
changes of the cerebral vasculature exist which may
alter the neuronal-vascular coupling and thus the
BOLD signal (in task-based fMRI investigations) [71].

(ii) One prerequisite of the seed-voxel approach for ICN
identification is an upsampling to a cubic 1mm grid.
Compared with ROI-seed-based approaches [10, 16,
45], the presently applied seed-voxel approach is
supposed to provide some advantages: first, spatial
smoothing with sufficient kernel size improves highly
correlated time courses of adjacent voxels [45] so
that the location of the seed-voxel is assumed to
be robust against displacements. Second, although
the data were stereotaxically normalized in a two-
step procedure, small discrepancies in normalization
are a common but confounding side effect due to
the slightly different individual’s brain anatomy. In
particular, for small anatomical ROIs, a larger seed
radius may exceed the true ROI by encompassing
structures outside. Instead, selecting a single voxel in
a 1mm cubic grid on the basis of the averaged high-
resolution image (e.g. MPRAGE) [46] may overcome
this problem. In order to emphasize this statement,
Figure 4 illustratively exemplifies that the PCC seed is
less vulnerable against increasing spherical seed radii
compared with the smaller caudate seed.
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(iii) Although the ICN identification at the group level
directly reflects reliable ICNs with excellent signal-to-
noise ratio compared to single subject ICNs, single
subject ICNs showed sufficient quality for further
comprehensive analysis at single subject level.

(iv) IFCMRI analysis algorithms were included in a well-
established software package which allows for easy
complementary iFCMRI/DTI analysis.That way, pre-
requisites for combined functional and structural
network analysis at the group level in studies of, for
example, neurodegenerative diseases, are prepared.

(v) The eight-step proposed approach did not include
any kind of brain masking (e.g., white matter mask
or cerebrospinal fluid mask). No nuisance covariates
such as whole brain signal, cerebrospinal fluid, white
matter signals, or head motion parameters were
regressed out, as addressed in the following.

4.3. Nuisance Covariates. In order to correct for nonneuronal
BOLD signals [72], removing the effect of nuisance covariates
is a common iFCMRI preprocessing step [47]. However, it
remains unclear where the respective data for regressing out
those covariates should be extracted [44]. In this study, no
nuisance covariates were regressed out because the demon-
strated ICNs in the elderly were unambiguously identified
utilizing the proposed approach. The observed brain maps
were remarkably similar compared to previous studies (e.g.,
[8, 20, 73]). The effect of regressing out movement, ventricle,
and white matter covariates appears to be of minor impact
which is in agreement with others [4, 74] who systematically
investigated and illustrated these effects. However, those
authors pointed out the strong influence of utilizing global
signal regression that in turn induces the ongoing debated
anticorrelated regions [5].

4.4. Anticorrelated Regions. The identified brain maps did
not reveal anticorrelated regions, probably because we did
not apply global mean regression in the data processing
procedure. The commonly applied global mean regression is
thought to induce anticorrelated regions [75] and is therefore
still controversial in iFCMRI literature [44]. Hence, anticor-
related regions and their possible physiological interpretation
are a matter of an ongoing debate [5, 76].

4.5. Prospects to Studies at the Group Level. While DTI-based
comparisons at the group level require spatial smoothing
(preferably by means of a Gaussian kernel with FWHM in
the range of 6mm to 12mm or twice the scanner resolution
[40]), statistical analysis of the ICNs can be directly applied to
the iFCMRI-𝑧(𝑟)maps of subjects’ data by performing a two-
sided parametric Student’s 𝑡-test for unequal variances [77] in
order to contrast voxelwise differences groups. The resulting
𝑃 values have to be corrected for multiple comparisons (e.g.,
by utilizing the false discovery rate (FDR) [78]), followed by
correction for multiple comparisons at cluster level [79].

The step-by-step procedure presented in this study is
an approach to implement complementary iFCMRI/DTI

analysis at the group level (healthy controls’ data as used in
this study). The extension to comparisons of subject groups
(consisting, e.g., of a patient and a control sample) could
easily be performed. The complementary analysis in one
single software environment allows for mapping structural
damage (DTI metrics differences) in combination to detec-
tion of tract connections (DTI-based FT reconstructions)
with functional alterations (hyper- or hypoconnectivity) of
the corresponding networks.

The association between functional and structural con-
nectivity in the brain at “rest” has been demonstrated for
the DMN [10, 25]. More generally, functional components
have been found to correspond to structural components for
several portions of the brain [80].This is one of themain goals
of the human connectome project that aims at characterizing
the brain function on the basis of functional and structural
connectivity [81, 82]. The impact of both functional and
structural components might be also important for the
understanding of pathological conditions such as dementia
[83]. In addition, the iFCMRI approach appears to be sen-
sitive to characterize potential compensatory mechanisms
[84]. Together,mapping the functional integrity of the human
brain in neurological or psychiatric conditions emerges as
a noninvasive sensitive approach to detect alterations in
neuronal signaling.

4.6. Limitations. The healthy elderly participating in the
present study were found to be free of any cognitive deficits;
however, with respect to the years of education they were
higher educated than the average adult population and may
therefore be biased towards a somewhat higher cognitive
reserve [85]. The limited number of included subjects (𝑁 =
12) can generally be considered as a limiting factor on the one
hand. However, the low sample size might be of advantage
for this specific investigation on the other hand because one
aim was to identify consistent ICNs in a small number of
cognitively sufficient characterized healthy adults.

With respect to data acquisition, the isometric record-
ing resolution was 3mm for iFCMRI and 2mm for DTI,
respectively; this limitation of different resolutions has been
partially overcome by resampling to a 1mm cubic grid.
The DTI quality was further constrained by the minimum
required number of gradients (i.e., 𝑁 = 30) used for the
structural analysis path. The ICNs comprised portions of
the brain that may be coupled via complex fiber organiza-
tions. In order to track those axonal bundles and possibly
cross-fibers, a higher number of gradient directions enable
performing more subtle fiber tracking in optimized quality
[31]. In addition, iFCMRI temporal resolution was typically
low (TR = 2.2 s) which resulted, according to the sampling
theorem, in aliasing effects caused by confounding frequency
components 𝑓 > 13.7/min (corresponding to TR) such as
cardiac or respiratory oscillations [6].

5. Conclusion

In this study, it has been shown that it is possible to compute
ICNs at single subject level as well as at the group level
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by use of a straightforward standardized procedure. Robust
ICNs at the group level could be defined for a comparatively
small number of contributing subjects (𝑁 = 12). With the
parallel analysis approach of iFC and DTI in a single soft-
ware environment (TIFT), it was shown that comprehensive
analyses between functional networkmapping (as assessed by
iFCMRI analysis at the group level) and structural network
mapping (as assessed by DTI-based FT of corresponding
network tract systems) could be performed. The findings
demonstrated here provide a methodological framework
for future investigations aiming at contrasting pathological
(neurodegenerative) conditions with healthy controls on the
basis of multiparametric brain connectivity mapping.
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Objective. To investigate the effects of a functional polymorphism of the monoamine oxidase A (MAOA) gene on spontaneous
brain activity in healthy male adolescents. Methods. Thirty-one healthy male adolescents with the low-activity MAOA genotype
(MAOA-L) and 25 healthy male adolescents with the high-activity MAOA genotype (MAOA-H) completed the 11-item Barratt
Impulsiveness Scale (BIS-11) questionnaire and were subjected to resting-state functional magnetic resonance imaging (rs-fMRI)
scans.The amplitude of low-frequency fluctuation (ALFF) of the blood oxygen level-dependent (BOLD) signal was calculated using
REST software. ALFF data were related to BIS scores and compared between genotype groups. Results. Compared with theMAOA-
H group, the MAOA-L group showed significantly lower ALFFs in the pons. There was a significant correlation between the BIS
scores and the ALFF values in the pons for MAOA-L group, but not for the MAOA-H group. Further regression analysis showed
a significant genotype by ALFF values interaction effect on BIS scores. Conclusions. Lower spontaneous brain activity in the pons
of the MAOA-L male adolescents may provide a neural mechanism by which boys with the MAOA-L genotype confers risk for
impulsivity and aggression.

1. Introduction

Monoamine oxidase (MAO) is a mitochondrial enzyme that
was involved in degradation of neurotransmitters, including
norepinephrine (NE), serotonin (5-HT), and dopamine [1].
There are two monoamine oxidase isozymes with distinct
substrate specificities: MAOA and MAOB. MAOA provides
the major enzymatic clearance of 5-HT and NE during brain
development [1]. The MAOA-encoding gene (Xp11.4-Xp11.3)
presents a well-characterized variable number tandem repeat
(VNTR) functional polymorphism in the promoter region,
with different length variants that influence protein tran-
scription, and hence enzymatic activity, selectively [2, 3].
Enzyme expression is relatively higher in carriers of 3.5 or 4
repeats (MAOA-H allele) and lower in carriers of 2, 3, or 5
repeats (MAOA-L allele) [2]. Converging evidence indicates

that this functional polymorphism has a strong influence on
serotonergic function in vitro and in vivo [2–4], with the high
activity allele showing lower serotonergic responsivity [4].

Previous behavioral researches have indicated an impor-
tant role forMAOA in human behavior and physiology. Caspi
and colleagues found that males carrying MAOA-L alleles
who experienced early-life adversity had a heightened risk
of developing conduct disorder or antisocial personality and
of exhibiting violent and antisocial behavior [5]. Besides,
Samochowiec et al. found that the MAOA-L allele has
been associated with antisocial behavior in male alcohol-
dependent patients [6]. Huang et al. found a significant
correlation of the MAOA-H allele with lower impulsivity
in adult males who report early childhood abuse, further
supported an association of MAOA-L allele and impulsivity
inmales [7]. Subsequent studies, including onemeta-analysis
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[8], have replicated the findings independently [9–11]. Con-
versely, the MAOA-H allele has been associated with an even
greater propensity for antisocial behavior and impulsivity
than the MAOA-L allele in males who experience early stress
[12, 13]. Moreover, the MAOA-H allele has been associated
with impulsive personality traits in normal male subjects
[4]. Animal studies indicated that MAOA had an important
effect on aggressive behavior. Aggression is increased in the
male MAOA knockout mice [14] and monkeys with reared
experience [15]. MAOA inhibition during brain development
induced pathological aggression in mice [16].

These findings suggest that genetically driven variations
in MAOA activity significantly influence impulsivity and
aggression.

Using noninvasive neuroimaging techniques, including
both positron emission tomography (PET) and functional
magnetic resonance imaging (fMRI), previous studies have
examined the effect of this polymorphism on brain function.
Previous fMRI studies have demonstrated that individu-
als carrying MAOA-H alleles showed increased cingulate
activation during conflict resolution [17] and increased
orbitofrontal cortex activation during performing motor
inhibition and working memory tasks [18, 19]. Meyer-
Lindenberg et al. also reported that the MAOA polymor-
phism had a profound impact on the corticolimbic circuitry
involved in emotional memory [20]. Structural MRI studies
employing voxel-based morphometry (VBM) also produced
conflicting findings with respect to the effect of MAOA
genotypes on amygdala volume [20–22]. However, a positron
emission tomography (PET) study foundnodifferences in the
glucosemetabolism betweenMAOA-L andMAOA-H groups
[23]. Currently, the neurobiological mechanisms underlying
the effects of theMAOA polymorphism on impulsiveness are
still unclear.

During the last decade, studies of spontaneous brain
activity at resting states in normal individuals as well
as patients with brain diseases have attracted enormous
research interests. Biswal and colleagues firstly demonstrated
in human subjects that spontaneous low-frequency (0.01∼
0.08Hz) brain fluctuations measured by resting-state fMRI
are physiologically meaningful [24]. The amplitude of low-
frequency fluctuation (ALFF) of BOLD signalswas developed
by Zang and colleagues to provide another measurement of
regional neural function during a resting-state [25]. Previous
studies have suggested that ALFF is physiologically meaning-
ful and reflective of regional spontaneous neuronal activity
[25–27]. To date, ALFF analysis has been applied widely to
the studies of different brain disorders, including epilepsy
[28], schizophrenia [29, 30], major depressive disorder [31,
32], drug addiction [33], posttraumatic stress disorder [34],
attention deficit hyperactivity disorder [25], and multiple
sclerosis [35]. However, it remains unknownwhether resting-
state spontaneous brain activity would differ as a function
of MAOA genetic variation. The purpose of this study is
answering this question by comparing the ALFF in matched
MAOA-L and MAOA-H male adolescents. Furthermore,
ALFF measurements were correlated with impulsivity scores
as measured by the Barratt Impulsiveness Scale (BIS) in both
MAOA-L and MAOA-H genotypes, in order to examine

the neural bases underlying the effects of the MAOA poly-
morphism on impulsive behavior.

2. Materials and Methods

2.1. Participants. A total of 60 healthy male adolescents were
recruited from a local middle school. All of them were Han
Chinese. Only male adolescents were included because the
MAOA VNTR polymorphism maps to an X-chromosome
region suspected to escape the normal X-chromosome inac-
tivation in females [36], making homozygous females not
comparable to hemizygousmales in terms of enzymatic activ-
ity. The inclusion criteria were an ability to give voluntary
informed consent, an absence of concurrent neurological or
psychiatric disorders, no history of head trauma, alcohol or
drug abuse, no history of psychiatric illness or substance
abuse on the basis of a SCID I assessment for DSM-IV criteria
(1994), and no history of medical treatments relevant to
cerebral blood flow andmetabolism.The study was approved
by the Ethics Committee of the Second Xiangya Hospital at
Central South University in China, and all participants gave
written informed consent to participate.

2.2. Neuropsychological Evaluation. The Italian version of the
11-item Barratt’s Impulsivity Scale (BIS-11) was administered
to obtain neuropsychological profiles of the subjects’ impul-
sivity [37].

2.3. Genotyping. Samples of DNA were obtained by cheek
swabbing. Polymerase chain reactions (PCRs) were per-
formed in 25 𝜇L reaction volumes containing 1 𝜇L of DNA,
GoTaq GreenMasterMix (Promega Company, USA), 12.5 𝜇L
of each of two primers (200 ng/L), and 9.5 𝜇L ddH

2
O. The

amplification protocol was as follows: 94∘C for 3min, 35
cycles of 95∘C for 30 s, 58∘C for 30 s, and 72∘C for 45 s in
a Gene Amp PCR system 2400 (Applied Biosystem, CA).
PCR products were separated and electrophoresed on a 1.8%
agarose gel and stained with Du Red (Biosharp, USA). They
were then viewed underUV transillumination, and sizes were
determined by comparison with a 50 bp DNA sequencing
ladder. The MAOA-VNTR (MAOA promoter region poly-
morphism) was genotyped according to previously described
methods [2]. Alleles with 2, 3, or 5 repeats were categorized
as “low” activity, while those with 3.5 or 4 repeats were
categorized as “high” activity.

2.4. Data Acquisition. All fMRI scans were obtained with a
Philips Achieva 3-T scanner.The participants were instructed
to keep their eyes closed and refrain from initiating goal-
directed, attention-demanding activity during scanning.
Foam pads were used to reduce head movements, and fitted
ear plugs were used to reduce scanner noise. Resting-state
fMRI scans were performed with an echo planar imaging
sequence. Scan parameters were as follows: repetition time =
2000ms; echo time = 30ms; flip angle = 90∘, matrix = 64× 64;
field of view= 240mm; slice thickness = 4mm; and slice gap=
0mm. Each brain volume contained 36 axial slices, and each
functional run contained 206 volumes. Before the functional
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scan, high-resolution (1 × 1 × 1mm3) anatomical images of
180 contiguous slices were obtained with a 3D MPRAGE
sequence (repetition time = 8.5ms, echo time = 3.7ms, and
flip angle = 8∘).

2.5. Data Preprocessing. Image preprocessing and statistical
analyses were performedwith Statistical ParametricMapping
(SPM8, http://www.fil.ion.ucl.ac.uk/spm/). The first six vol-
umes of the functional images were discarded for magneti-
zation equilibrium and participants’ adaptation to scanning
noise. For each participant, functional images were motion
corrected using the realignment function. Data from the
subjects whose head motions exceeded 2mm in the 𝑥, 𝑦, or
𝑧 plane or whose rotation exceeded 2∘ during scanning were
excluded.

Each subject’s anatomical images were segmented using
the new segment function, and deformation field maps were
obtained. The deformation field maps were applied to all
functional images to normalize them into the standardMon-
treal Neurological Institute (MNI) space with a resampling
voxel size of 3 × 3 × 3mm3. Segmented anatomical images
(unmodulated) were used to define white matter (WM) and
cerebrospinal fluid (CSF) masks by thresholding the density
images at a value of 0.99. For the time series of each voxel,
the first eigenvector of the time series in the WM mask and
the first eigenvector of the times series in the CSF mask,
together with 24 motion parameters of Friston’s model [38],
were regressed out using linear regression. Finally, the time
series of each voxel was filtered temporally using a band-
pass filter (0.01–0.1Hz) to reduce the effects of low-frequency
drifts and of physiological high frequency respiratory and
cardiac noises.

2.6. ALFF Analysis. The REST software package (REST,
http://resting-fmri.sourceforge.net) was used to calculate
ALFF values with a voxel-based approach. The filtered time
series for each voxel were transformed to the frequency
domain with a Fast Fourier Transform function, yielding a
power spectrum. The square root of the power spectrum
was calculated and then averaged across 0.01–0.08Hz at each
voxel. This averaged square root was taken as the ALFF [25].
To reduce global effects of variability across participants, the
ALFF of each voxel was divided by the global mean ALFF
value within the whole-brain mask obtained previously, and
a standardized ALFF map of the whole brain was obtained.
The ALFF maps were then smoothed spatially with an 8mm,
full width at half maximum (FWHM) Gaussian filter.

2.7. Analyses of Clinical Variables in relation to ALFF Data.
To investigate the relationship between altered ALFF and
impulsivity scores, the average ALFF values of all voxels
were extracted separately, and then Pearson’s correlation
coefficients for ALFF values versus BIS-11 total scores were
computed for each group separately.

2.8. Statistical Analysis. Two-sample 𝑡-tests were applied to
assess demographic and clinical data differences between
MAOA genotype groups in SPSS 11.6 software (SPSS Inc.,

Table 1: Demographic information of subjects.

Characteristic MAOA-H
(𝑁 = 25)

MAOA-L
(𝑁 = 31) 𝑃 value

Age, years: mean (s.d.) 15.92 (0.81) 15.55 (0.81) 0.09
Education, year: mean (s.d.) 10.56 (0.51) 10.52 (0.57) 0.77
BIS-11 score: mean (s.d.) 69.16 (7.17) 66.71 (6.05) 0.17
Abbreviations: MAOA-H = high-activity MAOA genotype group; MAOA-L
= low-activity MAOA genotype group;
BIS-11 = Italian version of the 11-item Barratt’s Impulsivity Scale; s.d. =
standard deviation.

x = −6 x = 0 x = 6

6

3.24

Figure 1: ALFF values using two-sample 𝑡-tests during resting
state. Regions showing decreased ALFF values in male adolescents
with MAOA-L compared to adolescents with MAOA-H were at the
threshold 𝑡 > 3.24, with correction formultiple comparisons applied
at 𝑃 < .05 (cluster-corrected with family wise error). Color bar
indicates the 𝑇 score.

Chicago, IL). To investigate ALFF differences between the
two groups, two-sample 𝑡-tests were performed on the indi-
vidual normalized ALFF maps in SPM8 software with age
and educational level as nuisance covariates. The resulting
statistical map was set at a combined threshold of 𝑃 < .001
and a minimum cluster size of 50, which resulted in a cluster-
corrected family-wise error 𝑃 < .05.

3. Results

3.1. Genotyping and Participant Exclusions. The original
cohort of 60 boys included 34 with the low-activity allele
(57%) and 26 with the high-activity allele (43%). One high-
activity allele and three low-activity allele subjects were
excluded due to excessive head motion or rotation during
scanning, leaving 31 low-activity allele and 25 high-activity
allele subjects in the final analysis.

3.2. Demographic and Clinical Comparisons. The demo-
graphic and clinical data obtained for the two MAOA
genotype groups are summarized in Table 1. There were no
differences between the two genotype groups in terms of age,
years of education, or BIS scores (all 𝑃 > 0.05).

3.3. ALFF. Compared with MAOA-H carriers, adolescents
carrying the MAOA-L allele showed significantly reduced
ALFF values in the pons region of the brainstem (Table 2,
Figure 1).

3.4. Behavioral Correlation. Although there were no differ-
ences in BIS scores between the MAOA genotype groups,
only the MAOA-L group showed a significant correlation
between the BIS score and the ALFF values in the pons
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Table 2: Regions that showed significant differences in ALFF values between the high-activity and low-activity MAOA genotype groups in
resting-state.

Bran region Side Peak MNI coordinates (mm) Cluster size 𝑍 score 𝑃 value∗
𝑋 𝑌 𝑍

MAOA-L <MAOA-H

Pons
L −6 −19 −23

130
4.38

<0.001R 6 −16 −17 4.12
L −6 −25 −32 4.01

Abbreviations: ALFF= amplitude of low-frequency fluctuations; MAOA-H = high-activity MAOA genotype group; MAOA-L = low-activity MAOA genotype
group; L= left; R= right; MNI= Montreal Neurological Institute.
∗Cluster-corrected with family-wise errors.
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Figure 2: Correlations between BIS-11 total scores and pons ALFF
values in MAOA-L and MAOA-H genotype groups.

(𝑟 = 0.398, 𝑃 = .02, Figure 2), MAOA-H group showed no
such correlation (𝑟 = −0.044, 𝑃 = .833, Figure 2). Further
regression analysis showed a significant genotype by ALFF
values interaction effect on BIS scores (𝛽 = 0.803, 𝑃 < .05).

4. Discussion

To our knowledge, the present study is the first to reveal the
influence of MAOA genotype on brain regional spontaneous
activity in male adolescents. We found that male adolescents
with the MAOA-L genotype had significantly lower ALFF
values in the pons than MAOA-H counterparts. Given
that ALFF changes are suggestive of regional spontaneous
neuronal activity [25], this difference is consistent with the
possibility that boys carrying the MAOA-L may have a
neural impairment in the pons and points to differential
effects on spontaneous brain activity between the twoMAOA
genotypes. The allelic distribution observed in our sample
population was similar to those reported previously in Asian
populations [39, 40], and the approximate inverse of ratios
reported for Caucasian populations (60–70% high activity
allele and 30–40% low activity allele) [5, 22].

BIS-11 scores did not differ significantly between the
groups, likely due to the small sample size in our study.
Interestingly, however, we found that ALFF values in the pons
correlated with BIS scores selectively in boys with a MAOA-
L genotype but not in MAOA-H group, and a significant
genotype by ALFF interactive effect on impulsiveness. These
results suggest that MAOA genotype may modulate the
association of impulsiveness and ALFF in pons, and the
association was only shown in MAOA-L group.

The pons, a major component of the brainstem, serves
mainly as a relay center between the spinal cord, cerebellum,
and cerebral cortices and neural centers that control respi-
ration, heartbeat, reflexes, sleep, equilibrium, and auditory
and visual functions [41, 42]. Within the pons region, the
locus coeruleus and raphe nuclei are important cranial nerve
nuclei and are the principal sites for brain synthesis of NE and
5-HT, respectively. Using MAOA cDNA and oligonucleotide
probes, Jahng et al. found that the pons (especially the locus
coeruleus) is the region with the highest density of MAOA
mRNA in the rat brain [43]. TheMAOA gene polymorphism
regulates the metabolism of NE and 5-HT [1]; animal and
human studies indicate that the serotonin system has an
important effect on aggressive and impulsive behavior [44,
45].Therefore, it is possible thatMAOA genotype-dependent
modulation of 5-HT and NE neurotransmission underlie the
MAOA gene effect to impulsiveness. Besides, it is possible that
the influence of MAOA on spontaneous neuronal activity in
pons is most likely mediated through its effects on serotonin
and dopamine.

Previous research has implicated the role of pons in
aggression. For example, pontine lesions have been associated
with aggressive behaviors in animals [39, 40]. A human PET
study showed reduced brain MAOA activity in the pons of
participants who had high trait aggression compared with
that in nonaggressive participants [41]. Indeed, several pre-
vious reports have pointed to the MAOA-L allele as a “risk”
variant (allele) for impulsivity and aggression. Since Caspi
and colleagues discovered that males carrying MAOA-L
alleles who experienced early-life adversity were significantly
likely to evince conduct disorder, an antisocial personality,
and exhibit violent, antisocial behavior [5], a number of
investigators have replicated the similar founding [9–11]. In
addition, Huang et al. found that people with MAOA-L
allele displayed more aggression and impulsive tendencies
experienced abuse relative to their peers withMAOA-H allele
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[7]. Our findings of low ALFF values in the pons of MAOA-L
allele carriers, relative to those ofMAOA-H allele carriers and
selective correlation of BIS-11 scores with pons ALFF values
in theMAOA-L group fit well the possibility that theMAOA-
L allele may indeed be such a risk variant.

Our findings contrast with the results from a recent PET
study showing no significant differences in resting brain
glucose metabolism between the MAOA-L and MAOA-
H genotypes [23]. However, previous fMRI studies have
revealed significant effects of MAOA polymorphisms on
brain activation in multiple corticolimbic regions, including
anterior cingular cortex, orbitofrontal cortex, and amygdala
[17–20]. The inconsistent findings might be due to the differ-
ent methodologies used and differences in the participants’
characteristics, especially with respect to age composition.

There are some limitations of the current study that
warrant consideration. First, the sample size is really small.
We cannot rule out the possibility of false positive findings
and the possibility of the gene effect on other brain regions.
Second, only males were included in our study. We cannot
determine whether the results are specific to males or also
relate to females. Future studies should include both males
and females with a larger sample size. In addition, theMAOA
promoter polymorphism is likely not the onlyMAOA variant
that has an effect on impulsiveness or brain function. We
cannot rule out the potential interactive contribution of
genotype-phenotype and gene-environment to impulsive-
ness or brain function.

5. Conclusions

In summary, in the present study, we obtained evidence
showing that a well-characterized functional polymorphism
in the MAOA gene modulates resting-state spontaneous
brain activity in the pons in healthy male adolescents.
Lower\spontaneous brain activity in the pons of theMAOA-L
male adolescents may provide a neural mechanism by which
boys with the MAOA-L genotype confers risk for impulsivity
and aggression.
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To facilitate quantification of cerebellum cerebral blood flow (CBF), studies were performed to systematically optimize arterial
spin labeling (ASL) parameters for measuring cerebellum perfusion, segment cerebellum to obtain separate CBF values for grey
matter (GM) and white matter (WM), and compare FAIR ASST to PICORE. Cerebellum GM and WM CBF were measured with
optimized ASL parameters using FAIR ASST and PICORE in five subjects. Influence of volume averaging in voxels on cerebellar
grey and white matter boundaries was minimized by high-probability threshold masks. Cerebellar CBF values determined by FAIR
ASST were 43.8 ± 5.1mL/100 g/min for GM and 27.6 ± 4.5mL/100 g/min for WM. Quantitative perfusion studies indicated that
CBF in cerebellum GM is 1.6 times greater than that in cerebellumWM. Compared to PICORE, FAIR ASST produced similar CBF
estimations but less subtraction error and lower temporal, spatial, and intersubject variability. These are important advantages for
detecting group and/or condition differences in CBF values.

1. Introduction

The cerebellum is important for motor control, attention,
language, and emotion [1, 2] and is compromised in a number
of diseases, such as ataxia, autism, and cerebellar cognitive
affective syndrome [3, 4]. Adequate perfusion of the tissue
bed is important physiologically for tissue viability and func-
tion. Therefore, reliable assessments of cerebellum perfusion
are valuable for studying the normal physiology of the cere-
bellum, diagnosing and providing information about pathol-
ogy, and monitoring the efficacy of individualized therapy
strategies [5, 6].

As a completely noninvasive perfusion imaging tech-
nique, arterial spin labeling (ASL) has been useful for both
clinical [7–10] and research [11–13] studies. However, most
of the technical developments and applications of ASL have

focused on the superior cortical part of the brain rather
than inferior brain regions such as cerebellum. In addition
to two abstracts with preliminary data from optimization
experiments [14, 15] and a case study [16], only a handful
of papers have reported cerebellum CBF values [17–22], and
only one has reported separate CBF values for grey matter
(GM) and white matter (WM) in cerebellum [17].

FAIR ASST [15, 17], by using preinversion and postin-
version superior saturations, overcomes the FAIR confound
of creating two labeled boluses, only one of which is tem-
porally defined with QUIPSS [13] or Q2TIPS [23, 24]. FAIR
ASST also reduces adverse venous artifacts generated by the
intrinsic superior labeling of traditional FAIR whenmapping
CBF in middle and inferior brain regions. In this respect,
FAIR ASST is similar to asymmetric PASL techniques such as
PICORE (proximal inversion of magnetization with a control
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for off-resonance effects) [13], in which only the inferiorly
labeled blood is used for perfusion quantification; yet FAIR
ASST retains the inherent control of magnetization transfer
(MT) effects of symmetric FAIR methods. The aims of this
study were to (1) systematically optimize ASL parameters
for quantifying cerebellum CBF, (2) segment cerebellum to
obtain separate CBF values for grey matter (GM) and white
matter (WM), and (3) verify the hypothesis that FAIR ASST
would be better than PICORE for quantifying cerebellum
perfusion.

2. Materials and Methods

2.1. Subjects. Ten healthy male adults (age range 25–37 years,
mean ± S.D. = 29 ± 6 years) took part in four studies in three
sessions to optimize the ASL sequences for the cerebellum:
three subjects for the first study and session, four for the
second study and session, and another three for the last two
studies in the third session (see “ASL Optimization Studies”
below). Five healthy male adults (age range 27–40 years,
mean ± S.D. = 35 ± 5 years) participated in the subse-
quent quantitative cerebellum perfusion study. Since caffeine
is a vasoconstrictor, all subjects refrained from caffeine-
containing coffee, tea, and soft drinks at least 8 hours before
the studies. Subjects were instructed to avoid any movements
of arms or legs and keep eyes closed but remain awake.
Subjects’ heads were tightly restrained with foam padding.
Studies were performed at approximately the same time in
the early afternoon to avoid potential effects of circadian
rhythms. Informed consent was obtained from all subjects
prior to the studies, according to a protocol approved by the
local Institutional Review Board.

2.2. MRI Scanner and Sequences. Studies were performed
using a 3T Siemens Trio TIMwhole-body scannerwith 60 cm
diameter magnet bore and SQ gradients (maximum gradient
strength 45mT/m in the 𝑧 direction and 40mT/m in the 𝑥
and 𝑦 directions, maximum slew rate 200 T/m/s). The body
coil was used for transmission, and the Siemens 12-channel
phased array head coil was used for reception.

For both FAIR ASST and PICORE sequences (Figure 1),
a 15.36ms hyperbolic secant inversion pulse with 22𝜇T RF
amplitude and 95% labeling efficiency was used. The slab
thickness for the inversion was adjusted by varying the
slice-select gradient amplitude based on a reference value of
0.7mT/m for a 100mm slab [25]. Both sequences incorpo-
rated Q2TIPS method to define temporal bolus duration
(𝑇𝐼
1
) [24]. After a postlabeling time, imaging slices were

acquired at total delay time (𝑇𝐼
2
) by using echo planar imag-

ing (EPI) as the readout. All saturation modules consisted
of a 90-degree RF pulse followed by a spoiling gradient.
The total duration of one saturation module was about
11ms. Depending on the thickness of the saturation slab, an
appropriate RF saturation pulse was automatically selected
from a set of sinc RF pulses optimized for various thicknesses.

The FAIR ASST [15, 17] sequence used one preinversion
and two postinversion superior saturation RF pulses to
suppress the superior tagging of FAIR.ThePICORE sequence

performed labeling image acquisition with proximal inver-
sion and control image acquisition without slice-selective
proximal inversion. Instead, the gradient used for slice-
selective inversion in the labeling image acquisition was
played out before the frequency-offset RF pulse [13], in the
control image acquisition (Figure 1), to control for possible
eddy current effects on slice acquisition.

2.3. Imaging Protocol. The Siemens coregistration tool Auto-
Align was used to provide consistent slice orientation and
position with respect to a standard head atlas across sub-
jects and sessions. Axial ASL imaging slices were positioned
to have the first inferior slice cover the lower edge of the cere-
bellum, oriented parallel to the anterior-posterior direction
(Figure 1). Due to subject-dependent brain geometry, man-
ual translation adjustment was helpful to ensure consis-
tent slice position across subjects. The AutoAlign scout was
followed by a gradient echo localizer, the 𝑇

1
-weighted high-

resolution anatomic imaging sequence MPRAGE, and ASL
scans with an EPI readout.

The MPRAGE sequence used the following parameters:
TR/TE/TI = 2250/4/900ms, flip angle = 9∘, field of view
(FOV) = 230 × 230 × 160mm3, matrix size = 256 × 256 × 160,
resolution = 0.9 × 0.9 × 1mm3, bandwidth = 160Hz/pixel,
GRAPPA iPAT factor = 2 with 24 reference lines, partial
Fourier (PF) = 7/8, slice oversampling = 10%, slice orienta-
tion = sagittal, phase encoding direction = anterior to poste-
rior, and total imaging time = 4 minutes and 38 seconds.

2.4. ASL Optimization Studies. The following ASL studies
were performed to optimize FAIR ASST parameters for mea-
suring cerebellar CBF: (1) a series of perfusion experiments,
each with a different 𝑇𝐼

2
value, to estimate arterial transit

time (ATT) and bolus duration, the latter for properly setting
the 𝑇𝐼

1
value for the following experiments (Figure 1), (2) a

perfusion study using the fixed optimal 𝑇𝐼
1
value of 800ms

determined in (1) and varied postlabeling delay times to
identify the proper delay to avoid intravascular artifacts, (3)
a multiple-TR perfusion study to determine if a short TR
significantly affects the refreshment of arterial blood at the
labeling site, and (4) a study varying the number of inferior
saturation pulses to find the minimum number necessary for
effective suppression of residual labeled blood spins.

The variable 𝑇𝐼
2
perfusion study employed the following

MRI parameters: TR/TE = 4000/9.2ms, FOV = 230 ×
230mm2, matrix size = 66 × 66, in-plane resolution = 3.48 ×
3.48mm2, number of imaging slices = 12, slice thickness/
gap = 5mm/1mm, imaging slab size = 71mm, pairs of label
and control measurements = 30, iPAT GRAPPA factor =
2 with 24 reference lines, and partial Fourier (PF) = 7/8.
Imaging slices were acquired in ascending order. The slab
sizes for the superior saturation, imaging section inversion,
and spatially confined selective inversion were equal to
100mm, 91mm, and 271mm, respectively. For each subject,
the experiment was conducted twelve times using randomly
ordered𝑇𝐼

2
, values of 50, 300, 600, 900, 1200, 1500, 1800, 2100,

2400, 2700, 3000, and 3300ms. The inferior saturation pulse
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Figure 1: Sequence diagrams for FAIR ASST (a) and PICORE (b) and spatial definitions for different slabs of FAIR ASST (c) and PICORE
(d). Imaging section presaturation pulses (a, b in pink) were played out before the inversion RF pulses (in red); the imaging section slabs for
the presaturations are presented in pink (c, d). Inferior saturation pulses and the corresponding saturation slab are indicated by dark blue.
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the labeling was achieved by using proximal inversion (red) 10mm below the imaging slab (green); in the labeling experiment (b, top), the
slice-selective gradient was played out with an RF inversion pulse to create the proximal inversion slab (d), while in the control experiment
(b, bottom), the gradient was played out before the control off-resonance RF inversion pulse, to control for possible gradient eddy current
effects. The imaging slab was positioned to make the first inferior imaging slice cover the inferior edge of the cerebellum (c, d).
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train was turned off. Total imaging time for ASL acquisitions
was about 48 minutes.

The rest of the optimization studies used the same
ASL parameters as those in the studies with varied 𝑇𝐼

2

values, except as follows. Parameters for perfusion studies
using varied postlabeling delay times were TR = 3000ms,
inferior saturation pulse interval/thickness = 25ms/20mm,
𝑇𝐼
1
value/postlabeling times = 800/{200, 400, 600, 800, 1000,
1200, 1400}ms (randomized for each subject), inferior sat-
uration pulse train lasting for the entire postlabeling delay
period, and total ASL imaging time of about 21 minutes. In
the perfusion studies exploring the effect of TR, parameters
were TR = {2.5, 3.0, 3.5} s (randomized for each subject),
𝑇𝐼
1
/𝑇𝐼
2
= 800ms/1800ms, inferior saturation pulse inter-

val/thickness/number = 25ms/20mm/40, and total imaging
time of about 9 minutes. In the study evaluating the number
of inferior saturations, parameters were TR = 3 s, 𝑇𝐼

1
/𝑇𝐼
2
=

800ms/1800ms, and inferior saturation pulse interval/thick-
ness = 25ms/20mm.Thenumber of inferior saturation pulses
was varied from 0 to 40 in increments of 10, and the order of
the imaging scans was randomized for each subject.The total
imaging time for evaluating the sufficient number of inferior
saturations was about 15 minutes.

2.5. Quantitative CerebellumPerfusion Studies. The following
ASL parameters were used for quantitative cerebellum perfu-
sion studies: FOV = 180 × 180mm2, matrix size = 72 × 72,
slice thickness/gap = 3.5/0.7mm, slice number = 16, in-plane
resolution = 2.5 × 2.5mm2, slice thickness/gap = 3.5/0.7mm,
TR/TE = 2500/12ms, pairs of label and control measure-
ments = 90, iPAT GRAPPA factor = 2 with 24 reference
lines, partial Fourier (PF) = 7/8, acquisition order = ascending
(foot to head), 𝑇𝐼

1
/𝑇𝐼
2
= 800ms/1800ms, inferior saturation

interval/thickness/number = 25ms/20mm/20, superior sat-
uration slab thickness = 100mm, selective inversion slab =
86.5mm, and spatially confined inversion slab = 266.5mm.
For PICORE, a 100mm slab, approximately the same as the
effective inferior labeling slab size applied in FAIR ASST
experiments, was used for proximal inversion, with a 10mm
gap between the imaging slab and the inversion slab. For each
ASL scan, two proton density (𝑀

0
) images were acquired,

one before and one after each ASL series, by using the same
sequencewith TR= 8 s, and the average𝑀

0
imagewas used in

subsequent model fits [25]. The total ASL imaging scan time
was about 16 minutes with about 8 minutes for each method.

2.6. Data Processing Software. Image processing operations,
such as motion correction and coregistration, were per-
formed with SPM2 (Functional Imaging Laboratory, Uni-
versity College London). Four-parameter iterative nonlinear
least squaresmodel fittingwas performedusing scripts imple-
mented in Matlab 7.1 (The MathWorks, Inc., Natick, Mas-
sachusetts) for perfusion signals from studies using multiple
varied 𝑇𝐼

2
values.

2.7. Image Preprocessing. Each ASL imaging series was first
evaluated for subject motion, and whenever the translational
motion was larger than 1mm or the rotation around any axis

was larger than 1∘, motion correction was performed using
trilinear interpolation. Pairs of labeling and control images
withmotions larger than 2mm in translation or 2∘ in rotation
around any axis were excluded from further processing or
analysis. A mean image of the ASL series was generated for
later use in coregistration. Each ASL label-control image
series was processed by pairwise subtraction to generate a
perfusion-weighted imaging series, and images within the
series were averaged to produce a mean perfusion-weighted
image. The two 𝑀

0
images in each series were averaged to

obtain a mean𝑀
0
image.

2.8. Iterative Model Fitting. An iterative nonlinear least-
squares model fitting was performed to fit ASL signals in the
defined ROIs to the three-phase, single blood compartment
model [26]:

Δ𝑀(𝑡) = 0, 0 < 𝑡 < Δ𝑡

= 2𝛼𝑀
0𝑏
CBF (𝑡 −Δ𝑡) exp(− 𝑡

𝑇
1𝑏

) , Δ𝑡 < 𝑡 < 𝜏 + Δ𝑡

= 2𝛼𝑀
0𝑏
CBF𝜏 exp(− 𝑡

𝑇
1𝑏

) , 𝜏 + Δ𝑡 < 𝑡,

(1)

where Δ𝑀(𝑡) is the measured ASL difference signal between
label and control images in a specified ROI or voxel at inver-
sion time 𝑡, Δ𝑡 is the arterial transit time, 𝜏 is the bolus dura-
tion, CBF is the cerebral blood flow,𝑀

0𝑏
is the fully relaxed

magnetization of the blood, 𝑇
1𝑏
is the longitudinal relaxation

time of the arterial blood, and 𝛼 is the labeling efficiency,
assumed to be 0.95 for the hyperbolic secant pulse used in
this study [25].

To avoid the adverse effects of labeled blood signals from
large arteries at short postlabeling delay times and of subtrac-
tion errors due to small motions, trimmedmeans of averaged
ASL difference signals from the studies using varied 𝑇𝐼

2

values were used for ASL model fitting, by excluding the 5%
of voxels with the lowest values and the 5% with the highest
values within GM andWMROIs [27]. Perfusion signals were
compensated for longitudinal relaxation differences between
slices due to the incremental time of ∼30ms for sequential
slice acquisition. To increase the signal-to-noise ratio (SNR)
for perfusion signals measured with long 𝑇𝐼

2
values, the

GM perfusion signals of two adjacent imaging slices were
averaged and fitted to the perfusion model.

2.9. CBF Quantification Using the Single-Subtraction Method.
Themean perfusion-weighted image and themean𝑀

0
image

were used to estimate CBF using the single blood compart-
ment model [25, 28, 29]:

CBF = Δ𝑀

(2𝛼𝑀
0𝑏
𝑇𝐼
1
exp (−𝑇𝐼

2
/𝑇
1𝑏
))
, (2)

𝑀
0𝑏
=
𝑀
0

𝜆
, (3)
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Figure 2: Estimated arterial transit time (a) and bolus duration (b) from perfusion studies using varied total delay times, 𝑇𝐼
2

. Error bars
represent standard deviations.

whereΔ𝑀 is themeanASL difference signal between labeling
and control images, 𝑇𝐼

2
is the total inversion time equal to

the sum of𝑇𝐼
1
and the postlabeling delay,𝑀

0
is themeasured

tissue proton density, and 𝜆 is the brain blood/tissue partition
coefficient (assumed to be 0.9) [30].

2.10. Segmentation of Cerebellum GM and WM. Individual
whole-brain GM and WM tissue masks were automatically
generated using SPM with a probability threshold of 0.75. To
obtainGMandWMmasks constrained to cerebellum, amask
for cerebellumwas manually traced from the high-resolution
anatomic image for each subject, and a Boolean operation
was then performedbetween the hand-drawn cerebellar ROIs
and the probability-based GM and WM segmentation maps
from SPM. GM andWM segmentation masks constrained to
cerebellum obtained from that operation were coregistered
to the mean image of the ASL scan series. The cerebellar GM
andWMmasks occasionally exhibited some nonbinary voxel
values due to interpolation, and a few of these intermediate-
valued voxels extended slightly beyond the cerebellum. In
these cases, a threshold (typically equal to 0.9 for most
subjects) was used to further conservatively limit the masks,
based on individual inspection.

2.11. ROI-Based Cerebellum GM and WM CBF Analysis. For
each subject, overall cerebellum GM and WM CBF values
were estimated for the two PASL methods. Group mean CBF
and standard deviation were calculated for cerebellum GM
and WM. Interslice, spatial, and temporal variabilities were
evaluated by computing the coefficient of variance (C.V.), or
standard deviation divided bymean, expressed as percentage.
Interslice variability was defined as the ratio between the
standard deviation and the mean of slice mean CBF values.
Spatial variability was calculated for all voxels within cerebel-
lum GM and WM. The temporal variability was calculated
by using the mean perfusion signals of four imaging slices
near transverse sinuses.

Comparisons of GMCBF,WMCBF and perfusion signal
variability between the two PASL methods were performed

using two-tailed paired 𝑡-tests; 𝑃 < 0.05 was used as the
threshold of statistically significant difference.

3. Results

3.1. Optimization Studies. Model-fitting the data from perfu-
sion studies using varied 𝑇𝐼

2
values indicated that the esti-

mated bolus durations (ca. 800–1500ms) and arterial transit
times (ca. 550–1000ms) varied from slice to slice in the
cerebellum (Figure 2). For the inferior saturation pulse to
effectively define the labeled bolus,𝑇𝐼

1
should be set less than

the bolus duration 𝜏 [23]; a𝑇𝐼
1
of 800ms was chosen for sub-

sequent optimization studies and quantitative cerebellum
CBF estimation using FAIR ASST and PICORE.

Typical perfusion-weighted imaging maps from studies
using 800ms 𝑇𝐼

1
and varied postlabeling delay times showed

that at short delay times, spurious hyperintense signals
within big arteries dominated, whereas after a delay of
1000ms, the perfusion-weighted imaging maps became spa-
tially uniform without obviously hyperintense signals. With
a longer delay of 1200ms, the perfusion-weighted imaging
maps only marginally improved in signal uniformity while
SNR decreased (Figure 3). Intersubject variability and spatial
variability minimized at a postlabeling delay time of about
1000ms, also implying that the optimal postlabeling delay
time should be 1000ms (Figure 4).

CBF values measured using TR values of 2.5, 3.0, and
3.5 s were comparable for both GM and WM, indicating that
blood at the labeling site is rapidly refreshed and that TR
values as short as 2.5 s can be used for quantitative cerebellum
perfusion studies at 3T (Figure 5(b)). Ten or more inferior
saturation RF pulses were required for effective suppression;
after 20 inferior saturation pulses, suppression remained
almost unchanged when additional inferior saturation pulses
were applied (Figure 5(a)).

3.2. Quantitative Perfusion Studies. Figure 6 shows, for a rep-
resentative subject, a coregistered high-resolution anatomic
image, the segmentation masks for cerebellum GM and
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Figure 6: One typical subject’s perfusion-weighted imaging maps in 12 slices from FAIR ASST ((a) left) and PICORE ((a) right), coregistered
segmentation masks for cerebellum grey matter ((b) left) and white matter ((b) right), and corresponding high-resolution anatomic images
(c).

WM, and the corresponding perfusion-weighted imaging
maps from FAIR ASST and PICORE. Perfusion-weighted
imaging maps from FAIR ASST have better uniformity than
those from PICORE. The latter showed obvious hyperin-
tense perfusion signal (especially in the inferior imaging
slices) and more subtraction errors (as indicated by negative
perfusion signals).

The mean CBF measured by FAIR ASST for cerebellum
GM was 43.8 ± 5.1mL/100 g/min, slightly higher but not sig-
nificantly different (𝑃 = 0.135, paired two-tailed 𝑡-test) from
the value of 40.35± 8.5mL/100 g/min that was obtained using
PICORE (Table 1). For cerebellumWM, the mean CBF from

FAIRASSTwas 27.6± 4.5mL/100 g/min, not significantly dif-
ferent (𝑃 = 0.278, paired two-tailed 𝑡-test) from the slightly
lower value of 23.7 ± 7.5mL/100 g/min from PICORE (Table
1). Mean grey-to-white matter ratios of cerebellum CBF
(Table 1) obtained using the two PASL methods are similar
(𝑃 = 0.436, paired two-tailed 𝑡-test). CBF measured by FAIR
ASST gave lower intersubject (Table 1) and interslice (Figure
7(a)) variability and were more stable with time than data
from PICORE (Figure 7(b)).

3.3. Susceptibility and Volume Averaging Effects. To check if
signal reduction and image distortions arising frommagnetic
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Table 1: Cerebellum CBF (mL/100 g/min) measured by FAIR ASST and PICORE∗.

Subject number FAIR ASST PICORE
CBFGM CBFWM CBFGM/CBFWM CBFGM CBFWM CBFGM/CBFWM

1 42.58 29.56 1.44 41.97 33.5 1.25
2 45.07 28.63 1.57 44.47 28.89 1.54
3 37.89 20.48 1.85 30.28 19.04 1.59
4 41.82 26.62 1.57 33.59 14.71 2.28
5 51.57 32.53 1.59 51.45 22.51 2.29
Mean 43.78∗ 27.56∗ 1.60∗ 40.35∗ 23.73∗ 1.79∗

S.D. 5.06 4.49 0.15 8.52 7.53 0.47
C.V. (%) 11.6% 16.3% 9.4% 21.1% 31.7% 26.3%
∗CBFGM represents grey matter CBF; CBFWM: white matter CBF; C.V.: coefficient of variance; and S.D.: standard deviation. No significant differences were
found between the mean cerebellum CBF values obtained with FAIR ASST and PICORE, but the C.V. for FAIR ASST is about half that for PICORE.
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Figure 7: Across-slice and temporal variability of CBF values obtained with FAIR ASST and PICORE. Error bars represent standard
deviations; 𝑃 values are from two-tailed 𝑡-tests.

susceptibility gradients near the cerebellum [31] might be
impacting CBF measurements of cerebellum GM or WM,
scatter plots of CBF versus voxel intensity from the 𝑀

0

images were made (Figure 8(a)) and Pearson correlation tests
were run on the data. No systematic correlation of CBF and
𝑀
0
voxel intensity was observed for WM (𝑅2 = 0.022); a

slight correlation of CBF and 𝑀
0
voxel intensity for GM

(𝑅2 = 0.404) disappeared when the 9.6% of GM voxels
with intensities less than 800 were ignored (𝑅2 = 0.029).
The correlation of CBF and𝑀

0
voxel intensity for WM was

only slightly affected by this threshold (1.6% of white matter
voxels, 𝑅2 = 0.018). The GM voxels with intensity < 800
were located almost entirely at the superficial cerebellar
boundaries (Figure 8(b)), more suggestive of volume aver-
aging (possibly exacerbated by slight motions) with the
surroundings than of interfacial susceptibility mismatches.
Histogram distribution plots for GM and WM 𝑀

0
voxel

intensities were slightly skewed to high intensity for WM
and to low intensity for GM, suggesting some averaging of
intensities on the grey-white matter boundary (Figure 8(c)).

4. Discussion

Reliable perfusion measurements depend upon the proper
selection of ASL parameters [26, 32, 33]. Optimization of
parameters for cerebellum perfusion studies at 3T indicated
that a temporal bolus width of 800ms and a postlabeling
delay of 1000ms were suitable, that TR could be as short as
2.5 s without degrading SNR, and that 20 inferior saturation
pulses were sufficient to suppress the residual labeled arterial
blood. The postlabeling delay of 1.0 s is the same as that
selected in a recent optimization study of cerebellar CBF [14].

Several previous quantitative measurements of cerebel-
lar CBF by PET [33], SPECT [34], and ASL [14, 21] have
yielded values in the range of 58–65mL/100 g/min. The
cerebellum GM CBF values of 63.6 ± 5.0mL/100 g/min
estimated using a PCASLmultiple inversion time experiment
with 3 × 3 × 7mm3 voxels [14] and of 58–62mL/100 g/min
estimated using PCASL with 3.44 × 3.44 × 5mm3 voxels
[21] agree well with the cerebellum GM CBF value of 56.7 ±
5.0mL/100 g/min for 6 subjects using FAIR with Q2TIPS
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Figure 8: Analysis results for evaluating susceptibility and partial volume effects on cerebellar CBF measurements: (a) scatter plots of CBF
versus𝑀

0

voxel intensity for cerebellar grey matter (left) and white matter (right) from one typical subject show no relation between these
two parameters; (b) grey matter voxels with intensity <800 were located almost entirely at the superficial cerebellar boundaries, as shown by
images with (left) and without (right) anatomic underlays; (c) histogram distribution plots of cerebellar grey matter and white matter𝑀

0

signal intensities from one typical subject showing high-intensity tail for WM and low-intensity tail for GM.
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with (3.5mm)3 voxels [17] and the cerebellum GM CBF
values of 55–65mL/100 g/min obtained in the inferior sat-
uration and postlabeling delay experiments of this study.
PET [34], SPECT [35–37], and other ASL studies, one with
7 × 3 × 3mm3 voxels [20] and others with smaller voxels
[16, 18, 19], have reported cerebellum CBF values of 30–
48mL/100 g/min, similar to those obtained with FAIR ASST
in this study. The superior saturation of FAIR ASST reliably
reduces contributions of inflow of superiorly labeled blood
that artifactually enhance CBF estimates [15, 17] in FAIR,
and thus it is not surprising that the cerebellar GM CBF
of 43.8 ± 5.1mL/100 g/min obtained using FAIR ASST with
2.5 × 2.5 × 3.5mm3 voxels in this study is lower than those
obtained using traditional FAIR [17]. GMCBFmeasurements
by FAIR ASST are comparable to, although insignificantly
and slightly lower than, the literature values from PCASL
[14, 20–22]; these slight differences of CBF measurements
between FAIR ASST and PCASL can possibly be attributed
to the use of different ASL techniques as well as CBF quan-
tification models [22]. The cerebellar WM CBF of 27.6 ±
4.5mL/100 g/min from this FAIR ASST study is also lower
than the cerebellarWMCBF of 36.7± 2.7mL/100 g/min from
FAIR with Q2TIPS [17]. It should be noted that our data
indicate volume averaging of GM and WM in some voxels
(Figure 8(c)); if this were corrected [38], our averageGMCBF
values would be somewhat greater and our averageWMCBF
values would be slightly smaller.

Although it has been suggested that EPI-based ASL
sequences for obtaining cerebellar perfusion might exhibit
signal reduction and image distortions arising from mag-
netic susceptibility gradients near the cerebellum [31], these
problems were not observed in this study or others recently
reported [14, 15, 17]. One reason might be that in these cases,
parallel imaging was employed with short TE that reduces
susceptibility effects in EPI.

These studies were performed on young healthy adults in
the age range 25–40 years. For elderly subjects and patients,
the blood velocity is lower [39, 40], which will require longer
postlabeling delay to allow the labeled blood towash out from
larger arteries. More inferior saturation RF pulses may also
have to be performed in elderly or ill subjects in order to
completely suppress slow-moving labeled blood spins.

Because the superior inflowof venous blood is suppressed
at the outset in FAIRASST, confounding venous inflow effects
are minimized, resulting in perfusion images with more
stable ASL signals, as indicated quantitatively by the temporal
stability analysis (Figure 4). The amount and velocity of
superiorly labeled venous blood are subject dependent, which
may account for why CBF measurements by FAIR ASST
gave consistently lower intersubject variability than those by
PICORE (Table 1). The observed smaller subtraction errors
and about 50% lower interslice variability in perfusion images
fromFAIRASST compared to PICORE (Figure 4)may be due
to the better control of MT effects with FAIR than PICORE.
Although we have not compared the two methods on patient
groups, these results suggest that FAIR ASST will be more
sensitive and specific than PICORE in detecting abnormal
CBF values in patient groups and disease conditions.

5. Conclusions

Using properly selected ASL parameters based on the results
of ASL optimization studies, CBF values for cerebellum GM
and WM were measured using FAIR ASST and PICORE.
Results indicated that FAIR ASST is preferable to PICORE,
giving similar CBF estimations but with lower intersubject
and spatial variability, less subtraction error, and greater
temporal stability. These are important advantages, which
should make FAIR ASST more sensitive and specific than
PICORE in detecting abnormal CBF values in different con-
ditions and/or subject groups.
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Rationale and Objectives. The primary objective of the current investigation was to characterize white matter integrity in different
subtypes of mild cognitive impairment (MCI) using tract-based spatial statistics of diffusion tensor imaging. Materials and
Methods. The study participants were divided into 4 groups of 30 subjects each as follows: cognitively healthy controls, amnestic
MCI, dysexecutive MCI, and Alzheimer’s disease (AD). All subjects underwent a comprehensive neuropsychological assessment,
apolipoprotein E genotyping, and 3-tesla MRI. The diffusion tensor was reconstructed and then analyzed using tract-based spatial
statistics. The changes in brain white matter tracts were also examined according to the apolipoprotein E 𝜀4 status. Results.
Compared with controls, amnestic MCI patients showed significant differences in the cerebral white matter, where changes were
consistently detectable in the frontal and parietal lobes.We found amoderate impact of the apolipoprotein E 𝜀4 status on the extent
of white matter disruption in the amnestic MCI group. Patients with AD exhibited similar but more extensive alterations, while
no significant changes were observed in dysexecutive MCI patients. Conclusion. The results from this study indicate that amnestic
MCI is the most likely precursor to AD as both conditions share significant white matter damage. By contrast, dysexecutive MCI
seems to be characterized by a distinct pathogenesis.

1. Introduction

Dementia refers to a clinical syndrome of acquired intellec-
tual disturbances produced by brain dysfunction [1]. Mild
cognitive impairment (MCI) is considered to be the clinical
transition stage between normal aging and dementia [2].

Evidence suggests that subjects with MCI tend to progress to
probable Alzheimer’s disease (AD) at a rate of approximately
10% to 15% per year [2]. However, MCI is a clinically het-
erogeneous syndrome, with some patients showing isolated
memory impairments (i.e., amnestic MCI) and others with
isolated executive function impairments (i.e., dysexecutive
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MCI). Importantly, Yaffe et al. [3] demonstrated that dysex-
ecutiveMCI patients are less likely to convert to dementia but
have higher 5-year mortality rates than amnestic MCI.

MRI studies of dementia have been mainly focused on
the assessment of hippocampal and entorhinal atrophy [4–
6]. Global brain atrophy on conventional MRI has been
proposed as a marker for advanced MCI [7, 8], but the
low specificity limits its clinical value [9, 10]. Similarly,
neuropsychological tests can be considered as screening tools
for MCI but are not adequate for diagnosis. Diffusion tensor
imaging (DTI) is MRI technique that can noninvasively mea-
sure macroscopic axonal organization in the central nervous
system [11, 12]. Because of the potential for investigatingwhite
matter integrity and fiber connectivity in vivo, this technique
has been widely applied to study brain disorders [13, 14].

Three eigenvalues and three corresponding eigenvectors
can be derived from the diffusion tensor. The largest eigen-
value is often referred to as the axial diffusivity (longitudinal
diffusivity (LD), in the study, in order not to be confused
with Alzheimer’s disease) and the average of the second and
third eigenvalues as radial diffusivity (RD) [15]. In white
matter, diffusion tensor is usually modeled as cylindrically
symmetric [16, 17]. The increase of the mean diffusivity
(MD) can be related to an increase in either LD or RD.
The reduction of FA can be related to either a decrease of
diffusion in the longitudinal direction (AD) or an increase
in the transverse direction (RD). Many studies attributed
the changes in RD as related axonal injury or demyelination
process [18].

Conventional DTI data are often analyzed in a region
of interest approach. Because the directional information
is encoded by the signal intensity, great care is required
for all imaging processing procedures (e.g., registration and
normalization). Tract-based spatial statistics (TBSS) [19, 20]
is a new whole brain voxelwise analysis method that provides
more reliable alignment of the white matter tracts and
less bias from smoothing than conventional voxel-based
methods. The data-driven approach of TBSS is particularly
useful in a disorder like MCI, for which regional patterns of
brain abnormalities are not fully determined. Thus, the aim
of the present study was to investigate white matter changes
in twoMCI subgroups, dysexecutiveMCI and amnesticMCI,
using a TBSS approach. Imaging patterns were also compared
with those of AD patients and cognitively healthy controls.

2. Materials and Methods

The study was approved by our institutional review board
and complied with the tenets of the Declaration of Helsinki.
Each participant or participant’s legal guardian gave written
informed consent for participation.

2.1. Participants and Clinical Workup. The study participants
(𝑛 = 120) were divided into 4 clinical groups of 30 subj-
ects each as follows: cognitively healthy controls, amnes-
tic MCI, dysexecutive MCI, and AD. The clinical workup
included a thorough medical history, physical examination,
and neuropsychological testing. Four key cognitive domains

were assessed: memory, executive function, language, and
visuospatial skills. All subjects were screened for the presence
of depressive symptoms using either theHamilton depression
rating scale (healthy control) or the Cornell scale for depres-
sion in dementia (AD, amnestic MCI, and dysexecutive
MCI). Patients with depression were excluded.

The diagnosis of AD was made using the NINCDS-
ADRDAcriteria [21].The clinical dementia ratingwas used to
quantify the severity of symptoms of dementia. MCI patients
were diagnosed after an extensive clinical evaluation. The
clinical phenotype of MCI was determined according to the
criteria by Petersen [1]. The amnestic MCI group exhibited
an isolated memory impairment without deficits in other
cognitive domains. Patients with dysexecutive MCI had a
relatively focal dysfunction in the executive domain, while
memory, language, and visuospatial skills remained within
the normal range. Cognitively healthy controls were free
of cognitive impairment as judged by clinical assessment,
neuropsychological testing, and clinical dementia rating.

2.2. Apolipoprotein E Genotyping. Genomic DNA was extra-
cted from leukocytes in samples of whole blood, following a
standard salting-out technique. Apolipoprotein E genotypes
were detected by polymerase chain reaction followed by
restriction fragment length polymorphism analysis.

2.3. Image Acquisition. Images were acquired using a 3-tesla
MR scanner (Magnetom Trio with TIM, Siemens, Erlangen,
Germany). T2WI FLAIR and T1WI magnetization-prepared
rapid acquisition gradient echo images were acquired to rule
out concomitant neurological disorders. DTI was acquired
using a spin-echo EPI sequence with the following param-
eters: TR/TE/flip angle = 7500ms/83ms/90∘, field of view =
256mm2, and matrix size = 128 × 128. Diffusion-weighting
gradients were applied in 64 noncollinear directions with
a diffusion weighting of 1000 s/mm2. Sixty-four contiguous
axial slices were obtained to cover the majority of the brain
with an isotropic voxel size of 2mm. The single average
acquisition time was 8 minutes 47 seconds.

2.4. Image Processing and Analysis. Diffusion analysis was
performed and the white matter skeleton was identi-
fied using TBSS, part of FSL (http://fsl.fmrib.ox.ac.uk/fsl/
fsl4.0/tbss/index). In brief, the reconstructed fractional
anisotropy [16, 17] of each individual was initially aligned
to the MNI template. The parameters from the nonlinear
registration were then applied to the diffusion indices,
including MD/LD/RD [16, 17]. The spatial normalization
was achieved by 12-parameter affine transformation. Both
followed the recommended procedures and parameters by
TBSS.The aligned diffusion indices were then projected onto
a fiber tract-derived skeleton and fed into the voxelwise cross-
subject statistics. Data from each of the diffusion indices were
compared by the Randomise 2.1 software [22, 23]. Multiple
comparison correction was done by the familywise error
correction with a threshold of 𝑃 < 0.05. We identified
abnormal white matter tracts based on the atlas prepared
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Table 1: General characteristics of the study participants.

Controls Dysexecutive Amnestic AD
Number of subjects 30 30 30 30
Age (years) 67.2 ± 5.6 65.9 ± 7.6 68.6 ± 8.3 73.9 ± 9.4

Range 61–80 50–84 56–84 54–83
Median 65.5 65 69 76.5

Sex (males/females) 18/12 12/18 17/13 12/18

Education (years) 10.1 ± 4.7 8.0 ± 3.5 8.3 ± 5.3 7.3 ± 6.4

Clinical dementia rating score 0.00 ± 0.00 0.12 ± 0.22 0.47 ± 0.13 1.00 ± 0.57

Apolipoprotein E status
𝜀4 carriers 2 4 11 5
𝜀4 noncarriers 28 23 16 23
Unknown 0 3 3 2

Data are given as means ± standard deviation or counts, as appropriate.

Table 2: Neuropsychological test scores.

Controls
Apolipoprotein

E 𝜀4
noncarriers

Amnestic MCI
apolipoprotein E 𝜀4 carriers Sum Dysexecutive

MCI AD

Mean global score
Mini-mental status

examination 28.23 (1.30) 25.25 (3.87) 25.09 (4.18) 25.10 (3.87) 27.63 (1.47) 15.07 (6.34)

Mean memory score
Word sequence learning-recall 3.17 (1.93) 0.47 (0.64) 0.55 (0.93) 0.45 (0.74) 2.00 (1.68) 0.04 (0.20)
Logic memory II 11.60 (2.72) 8.25 (3.66) 8.18 (4.21) 7.97 (3.72) 9.87 (2.42) 3.15 (1.87)

Mean executive function score
Semantic association of verbal
fluency 33.40 (6.82) 31.81 (4.04)∗ 25.73 (7.16)∗ 29.57 (6.03) 32.83 (7.37) 14.55 (6.20)

Wisconsin card sorting test
Completed Categories 5.20 (1.13) 3.67 (1.91) 3.82 (1.89) 3.69 (1.77) 2.60 (1.35) 1.88 (2.76)

Mean visuospatial score
3D block construction models 28.6 (0.77) 27.31 (2.60) 26.91 (4.11) 27.27 (3.1) 28.03 (1.65) 18.41 (10.50)

Mean language score
Object naming test 16.00 (0.00) 15.94 (0.25) 16.00 (0.00) 15.97 (0.18) 15.97 (0.18) 13.13 (3.65)

Data are given as means (standard deviation); ∗Significant differences at 𝑃 < 0.05 (𝑃 = 0.0225).

at Johns Hopkins University [24]. The correlation between
neuropsychiatry measures and the diffusion indices was
assessed using the regression model in the SPM (Well-
come Trust Centre for Neuroimaging, UK). The effect of
the apolipoprotein E 𝜀4 allele was determined by dividing
participants in either apolipoprotein E 𝜀4 (𝜀2/𝜀4, 𝜀3/𝜀4,
and 𝜀4/𝜀4) or non-𝜀4 (𝜀2/𝜀2, 𝜀2/𝜀3, and 𝜀3/𝜀3) carriers.
Cognitive performanceswere compared between carriers and
noncarriers using Student’s 𝑡-test. The TBSS approach was
also applied to compare the imaging patterns according to the
apolipoprotein E 𝜀4 carrier status.

3. Results

Table 1 shows the general characteristics of the study partici-
pants. The neuropsychological tests are reported in Table 2.
The results from TBSS analysis did not identify significant

whitematter changes in dysexecutiveMCI patients compared
with cognitively healthy controls. Figure 1 shows the changes
in fractional anisotropy along the white matter skeleton
of patients with amnestic MCI (a) and AD (b) compared
with healthy controls. Both groups of patients exhibited a
widespread fractional anisotropy decrease within the white
matter tracts. Changes in the amnestic MCI group were
restricted to the frontal and parietal lobes, while AD patients
consistently exhibited more extensive damage which was
suggestive of a progressive disease process.

Figure 2 shows an increase in RD along the white matter
skeleton of both amnestic MCI (a) and AD (b) patients
compared with healthy controls. The location was consis-
tent but significantly smaller than the corresponding areas
identified in Figure 1. The arrows indicate the location of the
most significant areas of increased RD. These results suggest
that an increased RD was presumably driving a reduction of
fractional anisotropy in both AD and amnestic MCI patients.
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(a)

(b)

Figure 1: Fractional anisotropy in the white matter regions of the study participants. Compared with normal controls, fractional anisotropy
is reduced within the white matter skeleton of both patients with amnestic MCI (a) and AD (b). The left of the figure corresponds to the
subject’s right side.

(a)

(b)

Figure 2: Radial diffusivity in thewhitematter regions of the study participants. Comparedwith normal controls, radial diffusivity is increased
within the white matter skeleton of both patients with amnestic MCI (a) and AD (b). The pattern of such changes is consistent with the
observed reductions in fractional anisotropy. The arrows indicate the locations of the fiber tracts showing significant changes.

(a)

(b)

Figure 3: MD and longitudinal diffusivity in the white matter regions in patients with AD. Compared with normal controls, MD (a) and
longitudinal diffusivity (b) are significantly increased within the white matter skeleton of patients with AD.The observed increases are largely
consistent with the corresponding reductions in fractional anisotropy.
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(a)

(b)

Figure 4: Effect of the apolipoprotein E 𝜀4 status on white matter changes in amnestic MCI patients. The diffusion indices are examined in
amnestic MCI patients after stratification according to apolipoprotein E 𝜀4 status. In (a), the decrease of fractional anisotropy is marked in
blue, while the increase in MD is reported in red. In (b), the increases of LD and RD are marked in blue and red, respectively.

Figure 3 shows the corresponding increases of MD (a)
and LD (b) in AD patients. No significant changes of these
parameters were found in the amnestic MCI group. The
observed increase of MD in AD patients was largely in
accordance with the corresponding fractional anisotropy
changes (depicted in Figure 1(b)).The pattern of LD increases
was similarly consistent, with the only exception being the
absence of significant changes in the occipital lobe.

The effect of the apolipoprotein E 𝜀4 allele onwhitematter
changes in amnesticMCI patients is shown in Figure 4. In (a),
the decrease of fractional anisotropy is marked in blue, while
the increase in MD is reported in red. In (b), the increases
of LD and RD are marked in blue and red, respectively.
Compared with healthy subjects, amnestic MCI patients
without the apolipoprotein E 𝜀4 allele exhibited larger and
more striking changes in both fractional anisotropy and RD.
Similarly, more extensive areas of MD and LD changes were
evident in apolipoprotein E 𝜀4 noncarriers.

In all study groups, we found no correlation between
changes in diffusion indices and neuropsychiatric measure-
ments, even after allowance for age and/or education levels.

4. Discussion

There are three main findings in this study. First, we have
shown that AD and amnestic MCI may share a common
neurodegenerative substrate which impairs white matter
integrity.The results from this study indicate that this process
can be efficiently visualized in a noninvasive manner using
DTI-TBSS. Second, AD patients showed more extensive
white matter damage compared with amnestic MCI subjects,
supporting the view that amnestic MCI is the most likely
precursor to AD. Third, the apolipoprotein E 𝜀4 carrier
status affected the extent of white matter involvement in
amnestic MCI patients. Importantly, we found no evidence
of significant white matter damage in dysexecutive MCI,
suggesting highly distinct pathways of neurodegeneration

compared with amnestic MCI. Moreover, there was no corre-
lation between diffusion indices and neuropsychological test
scores, suggesting no direct association between DTI-TBSS
findings and MCI.

4.1. White Matter Changes in AD and MCI. Diffusion tensor
imaging is sensitive to white matter damage and has been
previously used to examine entire neural networks and their
integrity in AD and MCI [25, 26]. The observed changes in
diffusion indices have beenmainly attributed to alterations in
the white matter structure. Compared with normal controls,
both amnestic MCI and AD are characterized by increases
in RD and MD and a reduction in fractional anisotropy. The
increase in RD has generally been ascribed to alterations in
myelin sheaths, which can be related to the observed changes
in both MD and fractional anisotropy. As these indices are
altered in amnestic MCI and AD, it is feasible that both
conditions are characterized by an altered brain myelination.

The results from this study indicate a significant overlap
between the affected regions of amnestic MCI and AD
patients. The changes in amnestic MCI patients were chiefly
located in the frontal and parietal regions. However, the
extension of damage was significantly greater in AD patients,
suggesting that amnestic MCI is the most likely precursor to
AD.

LD did not differ in both amnestic and dysexecutiveMCI,
while AD patients showed an increase of both LD and RD.
In normal aging, an increased LD reflects a reduced axonal
packing in white matter structures due to thinning of myelin
or decrease in axonal diameter. This phenomenon in turn
results in an increased diffusivity in all orientations within a
voxel [25, 27]. UsingMRS,Meyrhoff et al. provided suggestive
evidence of diffuse axonal injury andmembrane alterations in
AD patients [28]. Our results indicate that LD changes seem
to be restricted to AD patients.

We found no significant association between neuropsy-
chological testing and the results of DTI-TBSS analysis.
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However, these results should be interpreted cautiously as
cognitive performances were assessed only at the study
admission; additionally, all neuropsychological scores were
distributed in a narrow range. In any case, it is noteworthy
that white matter changes on DTI-TBSS do not necessarily
reflect changes in cortical functions.

In this study, there were no significant alterations in
diffusion indices of dysexecutive MCI patients, suggesting
that changes in white matter structure do not play a major
role in this condition. Alternatively, such alterations could
be so subtle that they escaped detection by means of DTI-
TBSS. Further studies are necessary to shed more light on the
neuroradiological alterations specific to dysexecutive MCI.

4.2. Impact of APOE 𝜀4 Carrier Status on White Matter
Changes. The apolipoprotein E 𝜀4 allele is the most widely
recognized genetic risk factor for sporadic AD [29] and
affects, even for nondemented elders, the levels of cogni-
tive performance [30]. In the present study, amnestic MCI
patients who carried at least one apolipoprotein E 𝜀4 allele
showed a nonsignificant trend toward lower scores on the
executive function and memory measures compared with
those without. In contrast, we found no impact of the
apolipoprotein E 𝜀4 status on both visuospatial and language
processing.

The results from the DTI-TBSS analysis demonstrated
that the apolipoprotein E 𝜀4 status had a moderate impact
on the extent of white matter disruption in amnestic MCI
patients. In subjects without the apolipoprotein E 𝜀4 allele,
we found that RD and LD were significantly increased,
which can be related to the observation of an increased MD
and a reduced fractional anisotropy. It is noteworthy that
the impact of the apolipoprotein E 𝜀4 status on cognitive
functions may vary in different ethnic groups [31, 32].
Interestingly, the apolipoprotein E 𝜀4 allele is less prevalent
in people of Chinese ancestry [33]. This variability has been
shown to influence the association of this polymorphismwith
different phenotypes [33, 34]. For this reason, the observed
association between the apolipoprotein E 𝜀4 status and the
extent of white matter disruption in our amnestic MCI
patients should be confirmed in multiethnic populations.
In addition, future studies should assess how the presence
of white matter abnormalities reflects associative cortical
functioning in MCI patients.

4.3. Comparison with Previous Studies. Bosch et al. [35] have
previously identified a general neural network which seems
to be specifically disrupted in AD. However, the authors
failed to identify specific white matter changes in amnestic
MCI patients compared with healthy controls. In contrast,
Zhuang et al. [36] reported a significant fractional anisotropy
reduction in the frontal, temporal, and parietal lobes of
amnestic MCI patients. The fractional anisotropy changes
identified in our study are similar to those reported by
Zhuang et al. [36], albeit being located in a smaller region.
This discrepancy can be attributed to the different sample
sizes used in the studies. It is also important to note that MCI
is not a diagnostic entity as AD is; consequently, a number of

studies use the term MCI but do not use Petersen’s criteria
[1]. Between-study heterogeneity in MCI severity may also
explain the discrepancy. In accordance with Zhuang et al.
[36], our study identified significant signal changes of the
white matter in amnestic MCI patients. This result deserves
further independent scrutiny.

4.4. Study Limitations. The findings of our study should be
interpreted within the context of the following limitations.
First, a well-established model for tensor signal processing in
the gray matter is still lacking. For this reason, we limited our
DTI-TBSS analysis to the white matter skeleton. The analysis
of gray matter diffusion properties may be challenging, but
this knowledge may ultimately help define the correlation
between white matter changes and cortical functioning in
amnestic MCI and AD patients. Furthermore, the observed
changes in LD/RD, as detected in the white matter skeleton,
can be controversial noticeably in the region where the fiber
distribution is complicated or where the fibers cross [37, 38].
Therefore, the interpretation of the observed white matter
change should be exercised with great care.

Second, in this study we did not correlate in vivo imaging
findings with postmortem analysis of brain tissue. Further-
more, given the cross-sectional design, we cannot infer
causality betweenwhitematter changes and the conversion of
amnestic MCI to AD. Notwithstanding these limitations, the
results from this study indicate that amnesticMCI is themost
likely precursor to AD as both conditions share significant
white matter damage. By contrast, dysexecutive MCI seems
to be characterized by a distinct pathogenetic mechanism.

5. Conclusion

Amnestic MCI is the most likely precursor to Alzheimer’s
disease because both conditions share significant white
matter damage as assessed by tract-based spatial statistics.
Dysexecutive MCI seems to be characterized by a distinct
pathogenesis.
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pocampal atrophy correlates with the prolongation of MRI T

2

relaxation time in temporal lobe epilepsy but not in Alzheimer’s
disease,” Neurology, vol. 46, no. 6, pp. 1724–1730, 1996.

[11] S. G. Horovitz, P. Skudlarski, and J. C. Gore, “Correlations and
dissociations between BOLD signal and P300 amplitude in an
auditory oddball task: a parametric approach to combining
fMRI and ERP,”Magnetic Resonance Imaging, vol. 20, no. 4, pp.
319–325, 2002.

[12] B. W. Müller, P. Stude, K. Nebel et al., “Sparse imaging of the
auditory oddball task with functional MRI,” NeuroReport, vol.
14, no. 12, pp. 1597–1601, 2003.

[13] M. Fushimi, N. Matsubuchi, and A. Sekine, “Progression of
P300 in a patient with bilateral hippocampal lesions,” Clinical
Neurophysiology, vol. 116, no. 3, pp. 625–631, 2005.

[14] E. B. Myers and S. E. Blumstein, “The neural bases of the lexical
effect: an fMRI investigation,” Cerebral Cortex, vol. 18, no. 2, pp.
278–288, 2008.

[15] S.-K. Song, S.-W. Sun, M. J. Ramsbottom, C. Chang, J. Russell,
and A. H. Cross, “Dysmyelination revealed through MRI as
increased radial (but unchanged axial) diffusion of water,”
NeuroImage, vol. 17, no. 3, pp. 1429–1436, 2002.

[16] P. J. Basser and C. Pierpaoli, “Microstructural and physiological
features of tissues elucidated by quantitative-diffusion-tensor

MRI,” Journal of Magnetic Resonance B, vol. 111, no. 3, pp. 209–
219, 1996.

[17] C. Pierpaoli and P. J. Basser, “Toward a quantitative assessment
of diffusion anisotropy,” Magnetic Resonance in Medicine, vol.
36, no. 6, pp. 893–906, 1996.

[18] M. D. Budde, M. Xie, A. H. Cross, and S.-K. Song, “Axial
diffusivity is the primary correlate of axonal injury in the
experimental autoimmune encephalomyelitis spinal cord: a
quantitative pixelwise analysis,”The Journal of Neuroscience, vol.
29, no. 9, pp. 2805–2813, 2009.

[19] S.M. Smith, H. Johansen-Berg,M. Jenkinson et al., “Acquisition
and voxelwise analysis of multi-subject diffusion data with
tract-based spatial statistics,” Nature Protocols, vol. 2, no. 3, pp.
499–503, 2007.

[20] S. M. Smith, M. Jenkinson, H. Johansen-Berg et al., “Tract-
based spatial statistics: voxelwise analysis of multi-subject
diffusion data,” NeuroImage, vol. 31, no. 4, pp. 1487–1505, 2006.

[21] G. McKhann, D. Drachman, M. Folstein, R. Katzman, D. Price,
and E. M. Stadlan, “Clinical diagnosis of Alzheimer’s disease:
report of the NINCDS-ADRDAwork group under the auspices
of Department of Health and Human Services Task Force on
Alzheimer’s disease,”Neurology, vol. 34, no. 7, pp. 939–944, 1984.

[22] E. T. Bullmore, J. Suckling, S. Overmeyer, S. Rabe-Hesketh, E.
Taylor, and M. J. Brammer, “Global, voxel, and cluster tests, by
theory and permutation, for a difference between two groups of
structuralmr images of the brain,” IEEETransactions onMedical
Imaging, vol. 18, no. 1, pp. 32–42, 1999.

[23] T. E. Nichols and A. P. Holmes, “Nonparametric permutation
tests for functional neuroimaging: a primer with examples,”
Human Brain Mapping, vol. 15, no. 1, pp. 1–25, 2002.

[24] S. Wakana, H. Jiang, L. M. Nagae-Poetscher, P. C. M. van Zijl,
and S. Mori, “Fiber tract-based atlas of human white matter
anatomy,” Radiology, vol. 230, no. 1, pp. 77–87, 2004.

[25] E. V. Sullivan, T. Rohlfing, and A. Pfefferbaum, “Quantitative
fiber tracking of lateral and interhemispheric white matter
systems in normal aging: relations to timed performance,”
Neurobiology of Aging, vol. 31, no. 3, pp. 464–481, 2010.

[26] A. Stadlbauer, E. Salomonowitz, G. Strunk, T. Hammen, and O.
Ganslandt, “Age-related degradation in the central nervous sys-
tem: assessment with diffusion-tensor imaging and quantitative
fiber tracking,” Radiology, vol. 247, no. 1, pp. 179–188, 2008.

[27] C. D. Smith, H. Chebrolu, D. R. Wekstein, F. A. Schmitt, and
W. R. Markesbery, “Age and gender effects on human brain
anatomy: a voxel-basedmorphometric study in healthy elderly,”
Neurobiology of Aging, vol. 28, no. 7, pp. 1075–1087, 2007.

[28] D. J. Meyerhoff, S. MacKay, J.-M. Constans et al., “Axonal injury
and membrane alterations in Alzheimer’s disease suggested
by in vivo proton magnetic resonance spectroscopic imaging,”
Annals of Neurology, vol. 36, no. 1, pp. 40–47, 1994.

[29] X. He, K. Cooley, C. H. Y. Chung, N. Dashti, and J. Tang,
“Apolipoprotein receptor 2 and X11𝛼/𝛽mediate apolipoprotein
E-induced endocytosis of amyloid-𝛽 precursor protein and 𝛽-
secretase, leading to amyloid-𝛽 production,” The Journal of
Neuroscience, vol. 27, no. 15, pp. 4052–4060, 2007.

[30] R. A. Honea, E. Vidoni, A. Harsha, and J. M. Burns, “Impact of
APOE on the healthy aging brain: a voxel-based MRI and DTI
study,” Journal of Alzheimer’s Disease, vol. 18, no. 3, pp. 553–564,
2009.

[31] G. I. Korovaitseva, T. V. Sherbatich, N. V. Selezneva et al.,
“Association between the apolipoprotein E (APOE) gene and
various forms of Alzheimer’s disease,” Genetika, vol. 37, no. 4,
pp. 529–535, 2001.



8 BioMed Research International

[32] S. G. Post, P. J. Whitehouse, R. H. Binstock et al., “The clinical
introduction of genetic testing for Alzheimer disease: an ethical
perspective,” The Journal of the American Medical Association,
vol. 277, no. 10, pp. 832–836, 1997.

[33] S. Y. S. Wong, E. M. C. Lau, M. Li, T. Chung, A. Sham, and J.
Woo, “The prevalence of Apo E4 genotype and its relationship
to bonemineral density inHongKongChinese,” Journal of Bone
and Mineral Metabolism, vol. 23, no. 3, pp. 261–265, 2005.

[34] H.-C. Liu, C. J. Hong, S. J. Wang et al., “ApoE genotype in
relation to AD and cholesterol: a study of 2,326 Chinese adults,”
Neurology, vol. 53, no. 5, pp. 962–966, 1999.

[35] B. Bosch, E. M. Arenaza-Urquijo, L. Rami et al., “Multiple DTI
index analysis in normal aging, amnestic MCI and AD. Rela-
tionship with neuropsychological performance,” Neurobiology
of Aging, vol. 33, no. 1, pp. 61–74, 2012.

[36] L. Zhuang, W. Wen, W. Zhu et al., “White matter integrity
in mild cognitive impairment: a tract-based spatial statistics
study,” NeuroImage, vol. 53, no. 1, pp. 16–25, 2010.

[37] D. K. Jones, T. R. Knosche, and R. Turner, “White matter
integrity, fiber count, and other fallacies: the do’s and don’ts of
diffusion MRI,” Neuroimage, vol. 73, pp. 239–254, 2013.

[38] C. A. M. Wheeler-Kingshott and M. Cercignani, “About “axial”
and “radial” diffusivities,”Magnetic Resonance in Medicine, vol.
61, no. 5, pp. 1255–1260, 2009.




