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Editorial on the Research Topic

Brain-image Based Computation for Supporting Clinical Decision in Neurological and

Psychiatric Disorders

Fast-paced developments in imaging and computational technologies in recent years have fostered
breakthroughs in the conception and practice of neurology, neurosurgery, and psychiatry.
This Research Topic presents a collection of recent researches on computational solutions for
multimodal neuroimaging in brain disorders.

Structural imaging and its quantitative computational metrics are critical in assisting
neurological disease diagnosis and assessment. A contribution by Zhang et al. explored the
location of infarct core identified in diffusion weighted imaging (DWI) to distinguish intracranial
atherosclerotic stenosis (ICAS) from embolic occlusion with good accuracy, which could help
determine themost appropriate treatment strategy in the acute stage. Guo et al. studied the scanner-
related reproducibility of white matter hyperintensity (WMH) in T2-FLAIR, which is crucial in the
assessment of various white matter diseases, especially demyelinating, and small vessel diseases.
The results showed that the best reproducibility occurred when 3D FLAIR images were acquired
in the same MRI scanner, while WMH quantification variability reached the highest when WMH
quantified in 2D FLAIR was compared with 3D FLAIR. The selection of quantification tools also
made a big difference in reproducibility.

Computational imaging biomarkers can be applied to the study of mechanisms or predicting
therapeutic strategies. Zhang et al. analyzed pre- and post- treatment resting-state functional
MRI (rs-fMRI) images for dysphagia patients, examining the effect of intermittent theta burst
stimulation (iTBS) after continuous TBS (cTBS) using static and dynamic functional connectivity
and suggested that iTBS could reverse the aftereffects induced by cTBS on the contralateral
suprahyoid muscle cortex. Rs-fMRI was also analyzed using regional homogeneity (ReHo), which
detected significant differences among the data acquired at different times in patients with
Nasopharyngeal Carcinoma (NPC) but not in healthy controls, suggesting the ReHo features may
be indicative in predicting neurocognitive dysfunction in NPC (Yang et al.). Analysis of brain
EEG features during the cognitive task could complement imaging studies to detect the temporal
sensitive brain activity on-the-fly. Kim et al. present an EEG study to investigate the functional
brain changes in subjects with Internet gaming disorder (IGD). They found that lower frontal theta
activity might be a biomarker to detect diminished cognitive control in IGD.
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The microarchitecture of the white matter provides sensitive
and early evidence of brain changes. In the study by Liang
et al., regional voxel-based group differences were found in
inter-voxel diffusivity in T2 diabetes mellitus (DM) patients
when compared with normal controls. These diffusion features
were associated with T2DM risk factors. It is well-known that
hippocampus volume asymmetry is an important visual clue
for the detection of hippocampus sclerosis, which supports the
proposition that white matter connectivity may also present as
asymmetric. This is well-studied in a contribution by Zhao et al.
using TBSS on diffusion tensor imaging (DTI) data. They found
that the pattern of white matter asymmetry is distinct in TLE
patients with left and right hippocampus sclerosis. In Jang et
al., the authors investigated the diffusion metrics in MRI of the
corticoreticulospinal tract (CRT), and analyzed the quantitative
difference between mild traumatic brain injury (mTBI) patients
with and without whiplash, and indicated that whiplash might
be related to more severe axonal injuries in mTBI patients. The
DTI data acquired in ADNI was employed in Liu et al. to develop
a general framework that integrates deep learning, feature
selection, causal inference, and genetic-imaging data analysis for
predicting and understanding Alzheimer’s Disease (AD).

Psychiatric diseases are usually reported with negative and
inconsistent structural findings, but it is likely that statistical
changes exist when microstructural or functional information
is being studied. Fu et al. studied patients with schizophrenia
and reported that IL-10, a regulatory cytokine assessed in
venous blood, is associated with white matter integrity changes
in DTI, using tract-based spatial statistics (TBSS) analysis.
Another study in this Research Topic by Ding et al. explored
the functional connectivity changes in schizophrenia. In this
study global-brain FC was used on rs-fMRI data, indicating
that schizophrenia patients and unaffected siblings shared
enhanced GFC in the left superior frontal gyrus compared
with normal controls. These findings separated those with
schizophrenia and their siblings from normal controls. Lidaka
et al. conducted a study of functional connectivity using rs-
fMRI on a large sample (n = 626) of Autism Spectrum
Disorder (ASD) and normal controls and found that patients
with ASD exhibited thalamo-cortical hyperconnectivity and
amygdala-cortical hypoconnectivity, which might be a potential
neuroimaging biomarker of ASD. In another study of ASD,
Zhou et al. propose a regularized learning framework to generate
a high-order functional connectivity network (HoFCN) with

high reliability and applied it to the identification of mild
cognitive decline (MCI) and ASD from normal controls. This
mathematics-based development was proven to be effective
in making disease-related functional MRI changes in patients.
Magnetic Resonance Spectroscopy (MRS) is a powerful tool and
can be applied to the study of intracranial chemical composition
with magnetic pulse sequences. Wang et al. introduced their
work on using the MRS to quantify Gamma-Aminobutyric Acid
(GABA) levels in women with depression and anxiety. In the
postmenopausal stage, lower GABA levels were found in the
depression group compared with the anxiety group, and both
groups were lower than normal controls.

The development of computational methods, i.e., machine
learning and radiomics, provides powerful tools to support
systematic investigation for brain research. In Liu et al., the
authors introduced their work on developing a machine learning
prediction model based on radiomics features derived from
MRI, to better characterize and distinguish neonatal acute
bilirubin encephalopathy (ABE) from normal myelination in
T1W MRI with high accuracy. The contribution by Zheng et
al. also discusses how machine learning (namely support vector
machine, SVM) was performed on the quantitative volumetry
results of patients diagnosed with AD and vascular dementia
(VaD). They generated a classification model with high accuracy,
which indicated that there could be distinct brain atrophy
patterns between these two major types of dementia.

The research efforts documented in these publications
contribute to and further computational neuroradiology, and is
particularly enlightening on potential future clinical applications.
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High-order correlation has recently been proposed to model brain functional connectivity

network (FCN) for identifying neurological disorders, such as mild cognitive impairment

(MCI) and autism spectrum disorder (ASD). In practice, the high-order FCN (HoFCN) can

be derived from multiple low-order FCNs that are estimated separately in a series of

sliding windows, and thus it in fact provides a way of integrating dynamic information

encoded in a sequence of low-order FCNs. However, the estimation of low-order FCN

may be unreliable due to the fact that the use of limited volumes/samples in a sliding

window can significantly reduce the statistical power, which in turn affects the reliability

of the resulted HoFCN. To address this issue, we propose to enhance HoFCN based

on a regularized learning framework. More specifically, we first calculate an initial HoFCN

using a recently developed method based on maximum likelihood estimation. Then, we

learn an optimal neighborhood network of the initially estimated HoFCN with sparsity

and modularity priors as regularizers. Finally, based on the improved HoFCNs, we

conduct experiments to identify MCI and ASD patients from their corresponding normal

controls. Experimental results show that the proposed methods outperform the baseline

methods, and the improved HoFCNs with modularity prior consistently achieve the best

performance.

Keywords: high-order correlation, functional connectivity network, dynamic network, modularity, mild cognitive

impairment, autism spectrum disorder

INTRODUCTION

Currently, resting state functional magnetic resonance imaging (rs-fMRI), which treats blood
oxygen level dependent (BOLD) signals as indirect measures of neural activities, has been widely
used in the fields of medicine and neuroscience (Liu et al., 2008; van den Heuvel and Hulshoff Pol,
2010; Liu F. et al., 2013). Based on rs-fMRI, the study of functional connectivity network (FCN)
has become a prevalent way to understand brain working mechanism and provide promising
biomarkers for diagnosing neural or mental disorders (Bullmore and Sporns, 2009; Fornito et al.,
2015; Liu et al., 2017), such as autism spectrum disorder (ASD) (Weng et al., 2010;Wee et al., 2016),
Alzheimer’s disease (AD) (Wang et al., 2006; Sanz-Arigita et al., 2010), mild cognitive impairment
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(MCI) (Rombouts et al., 2005; Qiao et al., 2016), major depressive
disorder (Greicius et al., 2007; Cullen et al., 2014), schizophrenia
(Jafri et al., 2008), and social anxiety disorder (Liu et al.,
2015).

To date, researchers have developed many FCN estimation
methods (Smith et al., 2011) from the simplest Pearson’s
correlation (PC) to the most complex dynamic causal modeling.
In this paper, we mainly focus on the correlation-based methods
due to their relative simplicity and reliability (Smith et al., 2013).
Further, we suppose each node of the FCN corresponds to a
brain region or a spatial region of interest (ROI) that has been
well-defined according to a certain brain atlas, and each “edge” of
the FCN corresponds to the relationship between BOLD signals
that are extracted from the associated ROIs.

In the conventional correlation-based FCN models, PC is the
most popular one for calculating the relationship between ROIs
(Smith et al., 2013), but it only captures full correlation without
removing the confounding effect from other ROIs. To ease this
issue, partial correlations have been employed in calculating the
relationship between ROIs for FCN construction (Marrelec et al.,
2006). However, the estimation of partial correlation involves
the calculation of an inverse covariance matrix, usually resulting
in an ill-posed problem. Therefore, many studies adopted a
regularizer in the model for more reliable partial correlation
estimation (Friedman et al., 2008; Huang et al., 2009; Varoquaux
et al., 2010). In fact, the regularizer also plays a role in encoding
priors for FCN construction. For example, l1-norm regularizer is
commonly used for encoding sparsity prior of FCN (Lee et al.,
2011), and also trace norm regularizer is used for low-rank
prior (Liu G. et al., 2013; Qiao et al., 2016). In summary, most
of the correlation-based FCN models can be formulated by
a matrix-regularized learning framework, where different data
fitting terms and regularized terms are combined for estimating
FCNs. Please see Table 1 in section Related Methods for more
details.

Compared with the aforementioned FCN estimation methods
based on low-order correlations, a novel concept of high-order
correlation or high-order FCN (HoFCN) has been recently
proposed (Chen et al., 2016; Zhang et al., 2016) for measuring

TABLE 1 | Correlation-based FCN estimation methods under a matrix-regularized

learning framework, where ‖·‖F , ‖·‖1, ‖·‖* , and ‖·‖q,1 denote F-norm, l1-norm,

trace norm and lq,1-norm of a matrix, respectively.

Method Data fitting term Regularized term

PC (Biswal et al., 1995)
∥

∥

∥
W − XTX

∥

∥

∥

2

F
N/A

PCsparsity (Li et al., 2017)
∥

∥

∥
W − XTX

∥

∥

∥

2

F
‖W‖1

PCscale−free (Li et al., 2017)
∥

∥

∥
W − XTX

∥

∥

∥

2

F

∑n
i,j=1 γij

∣

∣Wij

∣

∣

SR (Lee et al., 2011) ‖X − XW‖2
F

‖W‖1

LR (Qiao et al., 2016) ‖X − XW‖2
F

‖W‖*

SLR (Qiao et al., 2016) ‖X − XW‖2
F

λ1 ‖W‖1 + λ2 ‖W‖*

SGR (Wee et al., 2014) ‖X − XW‖2
F

λ1 ‖W‖1 + λ2 ‖W‖q,1

WSR (Yu et al., 2017) ‖X − XW‖2
F

∥

∥C
⊙

W
∥

∥

1

WSGR (Yu et al., 2017) ‖X − XW‖2
F

λ1
∥

∥C
⊙

W
∥

∥

1 + λ2 ‖W‖q,1

more complex interaction information in the brain. Different
from the low-order FCN that models the dependency between
ROIs, HoFCN aims to capture relationships among different
edges. To put it simply, we can consider the ecological chain
(network) as an analogy, where the species are regarded as
nodes and the ecological chains are the edges between the
nodes. In such a way, ecological chains represent the low-order
connection information of this network. However, there may
exist some relationships among different ecological chains, and
the flourishment or destruction of an ecological chain may affect
another ecological chain. Therefore, we expect the relationships
between edges can provide higher-order information inmodeling
FCN, compared with the low-order methods that only measure
the relationship between nodes.

To date, several studies have suggested that HoFCNs can
provide some useful and complementary information for
disorder identification (Macke et al., 2011; Plis et al., 2014;
Chen et al., 2016; Zhang et al., 2017). For instance, Plis
et al. investigated the nonlinear interactions among brain
regions in schizophrenia based on mutual information (Plis
et al., 2014). Chen et al. proposed to estimate HoFCNs via
correlation’s correlation, and use a clustering strategy to reduce
the dimensionality for efficient computation (Chen et al., 2016,
2017). Guo et al. constructed HoFCN based on minimum
spanning tree and applied it for AD classification (Guo et al.,
2017). Zhang et al. proposed the hybrid HoFCN for MCI
identification based on the linear combination of low- and high-
order FCNs (Zhang et al., 2017). Zhao et al. developed the
multi-level HoFCN mainly based on PC and applied it for ASD
diagnosis (Zhao et al., 2018).

Different from the heuristic methods for defining HoFCNs,
Zhou et al. recently proposed to estimate HoFCN based on a
rigorous probabilistic framework (Zhou et al., 2018), where a
set of low-order correlation matrices (or low-order FCNs) are
first calculated separately in sliding windows, and then these
correlation matrices are considered as samples for achieving
HoFCN by maximum likelihood estimation (MLE). Such a
framework not only gives a clear theoretical explanation of
HoFCN, but also provides a way of integrating dynamic
information encoded in a sequence of low-order FCNs. However,
the initially estimated low-order FCNs may be unreliable, since
the use of limited volumes/samples in each sliding window will
significantly reduce the statistical power. As such, the derived
HoFCN may contain noisy connections inheriting from the low-
order counterparts. To deal with this problem, we propose to
improve the HoFCNs based on a regularized learning framework.
To be specific, we adopt a two-step learning strategy. First, an
initial HoFCN is estimated using the MLE method as proposed
in Zhou et al. (2018). Then, an optimal neighborhood network of
the initially estimated HoFCN is learnt to meet the sparsity and
modularity regularizers, aiming, respectively to remove possible
noisy connections and encode more informative structure (i.e.,
modularity) of the network. To verify the effectiveness of our
proposed method, we apply the improved HoFCNs to identify
subjects with MCI and ASD from normal controls (NCs),
respectively. The experimental results show that our proposed
methods outperform the baseline methods, and the improved
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HoFCN with modularity prior consistently achieves the best
performance.

The rest of this paper is organized as follows. In section
Related Methods, we introduce the correlation-based low-order
and high-order FCNmodelingmethods. In section The Proposed
Method, we propose our HoFCN learning strategy, including the
motivation, model and algorithm. In section Experiments and
Results, we evaluate our proposed method with applications to
MCI and ASD identification. In section Discussions, we discuss
our findings and several aspects that affect the final performance.
Then, we conclude the paper in section Conclusion.

RELATED METHODS

In this section, we first summarize the existing correlation-based
FCN methods into a matrix-regularized learning framework in
Table 1. Then, we specifically describe several representative
FCN estimation methods, including PC (Biswal et al., 1995),
sparse representation (SR) (Lee et al., 2011) and the MLE-based
HoFCN estimation (Zhou et al., 2018).

Pearson’s Correlation
As the most popular and simplest method to estimate FCN, PC
with its mathematical expression is defined as follows:

Wij =
(xi − xi)

T(xj − xj)
√

(xi − xi)
T(xi − xi)

√

(xj − xj)
T(xj − xj)

(1)

where xi ∈ RV , i = 1, 2, · · · , P, is the extracted time series from
the ith ROI, V is the number of temporal image volumes, P is
the total number of ROIs, xi ∈ RV is the mean of xi, and Wi,j

is the correlation weight between the ith and jth ROIs. Without
loss of generality, we suppose xi is centralized by xi − xi and

normalized by

√

(xi − xi)
T(xi − xi) , and thus we can express PC

asWij = xi
Txj, or, its equivalent matrix form

W = XTX, (2)

where X = [x1, x2, · · · , xP] ∈ RV×P is the rs-fMRI data matrix.
In practice, we can treat Equation (2) as the solution of the

following optimization problem

minW

∥

∥

∥
W − XTX

∥

∥

∥

2

F
, (3)

where ‖·‖F represents F-norm of a matrix. In this way, we can
put PC into the matrix-regularized learning framework reported
in Table 1 for a unified understanding.

Sparse Representation
SR is one of commonly-used methods for calculating
(regularized) partial correlation. The mathematical model
of SR is given as follows:

minW
∑n

i=1

∥

∥

∥

∥

xi −
∑

j 6=i
Wijxj

∥

∥

∥

∥

2

+λ
∑

j 6=i

∣

∣Wij

∣

∣ . (4)

Similar to PC, it can be rewritten as the following matrix form,

minW ‖X − XW‖2F + λ ‖W‖1, s.t.Wii = 0, ∀i = 1, · · · , P, (5)

where ‖·‖F and ‖·‖1 denote F-norm and l1-norm of the matrix,
respectively. The constraint Wii = 0 plays a role in removing
xi from X to avoid trivial solution.

Based on the idea of sparsity, many extended SRmethods have
been developed for constructing FCNs, including sparse group
representation (Wee et al., 2014), weighted sparse representation
(Yu et al., 2017), weighted sparse group representation (Yu et al.,
2017), sparse low-rank representation (Qiao et al., 2016) and
sparse PC (Li et al., 2017), to name a few. Most of these methods
can be unified in the matrix-regularized leaning framework as
shown in Table 1.

MLE-Based HoFCN Estimation
As discussed in section Introduction, many HoFCN estimation
methods have been proposed in recent years. Here, we only
review the MLE-based method (Zhou et al., 2018) due to its clear
probabilistic explanation, and shortly we will use this method
(named HoFCNMLE) as a baseline for developing our approach.

The HoFCNMLE method includes two main steps. First, a set
of low-order FCNs are estimated in a series of sliding windows.
Then, the resulted low-order FCNs are used as samples for
estimating HoFCN by MLE with an assumption that the low-
order FCN samples follow a matrix-variant normal distribution
(Zhang and Schneider, 2010). As a result, the HoFCN, Ω , can be
achieved by the following iteration formula (generally, with the
identity matrix I as an initial estimation of Ω).

Ω =
1

KP

∑K

k=1
(Wk−M)Ω−1(Wk −M)T (6)

where Wk is the kth low-order FCN associated with the kth
sliding window, andM = 1

K

∑K
k=1Wk is the mean of all the low-

order FCNs. Please refer to Zhou et al. (2018) for details of the
theoretical formulation and probabilistic explanation.

THE PROPOSED METHOD

Motivation
As discussed earlier, despite its empirical effectiveness in
identifying neuropsychiatric disorders, the typically estimated
HoFCN may contain some noisy connections that inherit from
the low-order FCNs. In general, the weak connections in HoFCN
are removed according to a given threshold, prior to the statistical
analysis or classification. However, the thresholding scheme is
heuristic and only consider the sparsity aspect of FCN. Therefore,
in this section we develop amore flexible approach for improving
HoFCN based on the matrix-regularized learning framework,
not only aiming to reduce noisy connections of HoFCN, but
also introducemore informative structures (i.e., modularity) than
just sparsity into HoFCN. In particular, we will consider both
sparsity andmodularity as the priors of HoFCN, due to their well-
accepted neuroscientific basis (Sporns, 2011; Sporns and Betzel,
2016). To our best knowledge, this is the first work to employ the
modularity prior in HoFCN estimation.
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Model: Learning Neighborhood Networks
With Regularizers
For reaching the above goals, we adopt a simple two-step learning
strategy. First, we obtain an initial estimation of HoFCN (denoted
by Ω0) based on the MLE method as described in section
MLE-based HoFCN Estimation. Second, we learn an optimal
neighborhood network of the initially estimated HoFCNΩ0 with
sparsity and modularity priors, respectively, as regularizers of the
objective function.

More specifically, sparsity can usually be encoded by l1-norm
regularizer (Lee et al., 2011), and thus the optimal neighborhood
network of HoFCNwith sparsity prior (named S-HoFCN) can be
achieved as follows:

min
Ω
‖Ω −Ω0‖

2
F + µ ‖Ω‖1, (7)

where Ω0 is the initially estimated HoFCN byMLEmethod, Ω is
the improved HoFCN that needs to be sparse and simultaneously
keep as the spatial neighbor of Ω0, and µ is the regularized
parameter for controlling the balance between the sparsity of Ω

and its distance from Ω0.
Furthermore, modularity means that some group structures

exist in the network, where the nodes within a group are
densely connected, while the nodes between groups are sparsely
connected (Sporns and Betzel, 2016). Notably, it has been
proved that the modularity of a network can be described by a
combination of trace (nuclear) norm and l1-norm under mild
conditions (Liu G. et al., 2013; Qiao et al., 2016). Therefore, we
optimize the neighborhood network of HoFCN with modularity
prior (namedM-HoFCN), as follows,

minΩ‖Ω −Ω0‖
2
F + µ1 ‖Ω‖1 + µ2 ‖Ω‖∗ , (8)

where µ1 and µ2 are regularized parameters used to control the
balance between the three terms in the optimization problem.
Specially, when µ2 = 0, Equation (8) reduces to S-HoFCN as
given in Equation (7), meaning that the sparsity is a necessary but
not sufficient condition for modularity. Note that the proposed
models in both Equations (7, 8) are also fit for matrix-regularized
learning framework described in Table 1.

Algorithm
Here, we only give the optimization algorithm for solving M-
HoFCN, since S-HoFCN is a special case of M-HoFCN. Note
that the objective function in Equation (8) is convex, but the l1-
norm and trace norm are both indifferentiable. To address this
kind of optimization problem, a number of algorithms have been
developed in the machine learning community (Tomioka and
Sugiyama, 2009; Richard et al., 2012; Zhuang et al., 2012; Oymak
et al., 2014). We choose the proximal method (Combettes and
Pesquet, 2009; Bertsekas, 2012) to solve Equation (8), due to its
simplicity and efficiency.

In particular, we first consider the data fitting term f (Ω) =

‖Ω −Ω0‖
2
F in Equation (8). Since it is differentiable, we can

calculate its gradient with respect toΩ , and get∇f (Ω) = 2(Ω−
Ω0). As a result, we have the gradient descent step as follows,

Ωk = Ωk−1 − αk · ∇f
(

Ωk−1

)

, (9)

where αk is the step size.
Then, according to the definition of proximal operator

(Combettes and Pesquet, 2009), the proximal operator of l1-norm
(i.e., µ1 ‖Ω‖1) is given as follows,

proxµ1‖·‖1
(Ω) = [sgn

(

Ωij

)

×max
(

abs
(

Ωij

)

− µ1

)

, 0]
p×p

,

(10)

where sgn (·) and abs (·) are sign and absolute functions,
respectively. Equation (10) in fact imposes a soft-threshold
operation on the entries of Ω . Similarly, the proximal operator
of trace norm µ2 ‖Ω‖∗ is equivalent to a shrinkage operation on
the singular value of Ω (Ji and Ye, 2009), as follows.

proxµ2‖·‖∗
(Ω) = Udiag (max {σ1 − µ2, 0} ,

· · · , max {σn − µ2, 0})V
T , (11)

where Udiag(σ1, · · · , σn)V
T is the singular value decomposition

of matrix Ω .
Finally, to circumvent the case that the current Ωk moves

out of the “feasible region” regularized by l1-norm ‖Ω‖1 and
trace norm ‖Ω‖∗ , we use the proximal operations proxµ1‖·‖1

and
proxµ2‖·‖∗

on Ωk, respectively, as given in Equations (10, 11).
Hence, we get a simple algorithm to solve Equation (8) as shown
in Table 2.

EXPERIMENTS AND RESULTS

In this section, we first evaluate the proposed method by
identifying subjects with MCI from NCs based on ADNI
dataset (http://adni.loni.ucla.edu), and then conduct an ASD
identification task based on ABIDE database (http://fcon_
1000.projects.nitrc.org/indi/abide/) for further illustrating the
generalization of the proposed method.

Data Acquisition and Preprocessing
For MCI identification, 137 subjects (including 68 MCIs and
69 NCs) were selected in our study. The subjects were age-
matched and scanned by 3.0T Philips scanners. SPM8 (http://
www.fil.ion.ucl.ac.uk/spm/) toolbox was used to process the
acquired rs-fMRI data. For each subject, the scanning time
was 7min, corresponding to 140 volumes. Subjects with more
than 2.5min of large framewise displacement (FD > 0.5) were
excluded before data inclusion. To keep signal stabilization,
the first 3 volumes of each subject were also removed, and
the remaining volumes were corrected for subsequent analysis.

TABLE 2 | Algorithm for solving M-HoFCN in Equation (8).

Initialize Ω with Ω0

Iterate:

1. Ω ← Ω − α · 2(Ω −Ω0)

2. Ω ← proxµ1‖·‖1
(Ω) = [sgn

(

Ωij

)

×max

(

abs
(

Ωij

)

− µ1
)

, 0]
p×p

3. Ω ← proxµ2‖·‖*
(Ω) = Udiag(max

{

σ1 − µ2, 0
}

, · · · , max

{

σn − µ2, 0
}

)VT
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During the scan, a rigid-body transformation was applied to
correct head motion, and the subjects with head motion larger
than 2mm or 2◦ were excluded. The rs-fMRI images were
registered to the Montreal Neurological Institute (MNI) space
and spatially smoothed by a Gaussian kernel with full width
at half maximum of 6 × 6 × 6 mm3. To further reduce the
influences of nuisance signals, regression of ventricle and white
matter signals as well as Friston 24-parameter model (Friston
et al., 1996) were also performed. Using Automated Anatomical
Labeling (AAL) template (Tzourio-Mazoyer et al., 2002), the pre-
processed BOLD signals were divided into 116 ROIs, among
which 90 ROIs are in the cerebra and the rest 26 are in the
cerebella. For each ROI, prior to FCN estimation, its mean rs-
fMRI time series was band-pass filtered from 0.015 to 0.15Hz. At
last, all the mean time series of the whole brain were put into a
data matrix X ∈ R137×116.

For ASD identification, we use the same preprocessed dataset
as in Wee et al. (2016). Specifically, 92 subjects including 45 ASD
patients and 47 typically developing NCs (with ages between 7
and 15 years old) from this dataset are selected. All rs-fMRI
images were acquired using a standard echo-planar imaging
sequence on a clinical routine 3T Siemens Allegra scanner.
During 6min rs-fMRI scanning procedure, the subjects were
required to relax with their eyes focusing on a white fixation
cross in the middle of the black background screen projected
on a screen. The imaging parameters include the flip angle
as 90◦, 33 slices, TR/TE as 2000/15ms with 180 volumes,
and 4.0mm voxel thickness. The fMRI data were preprocessed
by SPM8. Specifically, the first 10 rs-fMRI volumes of each
subject were discarded. The remaining volumes were calibrated
as follows: (1) normalization to MNI space with resolution
3 × 3 × 3 mm3; (2) regression of nuisance signals (ventricle,
white matter, global signals, and head-motion) with Friston
24-parameter model; (3) band-pass filtering (0.01–0.08Hz); (4)
signal de-trending. After that, the BOLD time series signals
were partitioned into 116 ROIs, according to the AAL atlas.

At last, we put these time series into a data matrix X ∈

R170×116.

FCN Construction
With the preprocessed rs-fMRI data, we calculate the improved
HoFCNs using the proposed S-HoFCN andM-HoFCNmethods,
respectively.Moreover, for comparison, we construct FCNs based
on the baseline methods including PC, SR and HoFCNMLE.

In Figure 1, we show the adjacency matrices of a certain FCN
constructed by five different methods for MCI identification.
The regularized parametric values used in SR, S-HoFCN and
M-HoFCN are λ = 24, µ = 2−3 and µ1 = 24, µ2 =

2−3, respectively. For the high-order methods, the width of
sliding windows is fixed to N = 70, and step size s = 1.
As seen from Figure 1, the networks based on PC and
HoFCNMLE are dense, meaning that both low-order and high-
order correlations without sparsity constraints may cause some
“noisy” connections. In contrast, the networks based on SR,
S-HoFCN, and M-HoFCN are sparse due to the introduction
of l1-norm regularizer. Further, we note that M-HoFCN shows
clearermodular structures than S-HoFCN, since the combination
of l1-norm and trace norm regularizers has been proved to
result in modularity (Qiao et al., 2016). Finally, it is observed
that the high-order FCNs shown in Figures 1C–E tend to have
more fine-grained modularity than the low-order FCNs shown
in Figures 1A,B, which is consistent with the conclusion that the
HoFCNs may be able to capture more subtle network structures
as discussed in Zhang et al. (2016).

Feature Selection and Classification
In our experiments, we adopt the edge weights of FCN or
HoFCN as features for MCI/ASD identifications. Although the
edge weights include the full information of the networks, it
typically causes the curse of dimensionality, since the number of
feature dimension, i.e., 116× (116− 1)/2 = 6670, is far greater
than the sample size (i.e., the number of subjects). To address

FIGURE 1 | The FBN adjacency matrices constructed by five different methods. (A) PC, (B) SR, (C) HoFCNMLE, (D) S-HoFCN, and (E) M-HoFCN.
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this problem, we first employ the two-sample t-test (p = 0.05) to
select features before MCI/ASD classifications.

We use the linear support vector machine (SVM) (Chang and
Lin, 2011) with default C = 1 for conducting the classification
task. A leave-one-out cross validation (LOOCV) is adopted in
our experiments to estimate the classification performance of
different methods. It works in a way that in each run only one
of T samples (subjects) is adopted for testing while the rest T − 1
samples are used for training a classifier. Therefore, we can obtain
the final performance by averaging results of all the runs.

In general, one or more hyperparameters are involved in
the FCN estimation methods. Specifically, for the regularization
parameters (i.e., λ in SR, µ in S-HoFCN and µ1, µ2 in M-
HoFCN), we conduct a line or grid search in the range of
(2−5, 2−4, · · · , 20, · · · , 24, 25). Note that no such parameters are
involved in PC and HoFCNMLE. For a fair comparation, we
introduce a thresholding parameter into PC and HoFCNMLE

to sparsify the initially estimated FCNs by removing the
weakly connected edges. To be consistent, we employ 11
threshold values that correspond to different levels of sparsity

(1%, 10%, · · · , 90%, 100%) for PC and HoFCNMLE. For example,
10% means that the threshold value is set to remove 90% edges
from the FCN, while 100% means all edges are preserved.

To obtain the optimal parameters for each method, we use
an inner LOOCV procedure on the training data. Given a
parametric value, in the current T − 1 training samples for the
classification task, we use T − 2 samples to select features (t-test
with p = 0.05) and train a classifier (SVM with C = 1), while
the rest one to validate the performance of the trained classifier.
Once the best validation performance is achieved by averaging
the accuracies of all the inner LOOCV runs, we can determine the
optimal value of the parameter for the current training samples. It
is worth noting that there are sliding window parameters used in
estimating the initial HoFCNs. We will have a detailed discussion
about this problem in Section Sensitivity to Network Modeling
Parameters.

In Figure 2, we display the pipeline of MCI identification used
in our experiments. Based on the preprocessed fMRI data, we
first estimate the initial HoFCNs based on the MLE method,
and then improve the initially estimated HoFCNs by introducing

FIGURE 2 | The pipeline of MCI/ASD identifications used in this study.
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sparsity and modularity priors, respectively. Finally, we apply the
improved HoFCNs to identify patients suffering from MCI or
ASD via the LOOCV scheme.

To evaluate the different FCN estimation methods, we
adopt accuracy (ACC), sensitivity (SEN) and specificity (SPE)
(Sokolova et al., 2006) as performance metrics. Their definitions
are given in Table 3, where TP, TN, FP, and FN indicate
true positive, true negative, false positive and false negative,
respectively. Of note, in this work, we treat MCI/ASD patients
as the positive class while the NCs as the negative.

Classification Results
In Table 4, we report the classification results of five different
methods for MCI classification task. For the three HoFCN
methods, we report the best result based on different sizes of
sliding windows (N = 50, s = 1 for HoFCNMLE; N = 70,
s = 2 for S-HoFCN; and N = 70, s = 6 for M-HoFCN).
As shown in Table 4, with respect to ACC and SPE, the
proposed methods outperform the baseline methods, and they
are consistently better than HoFCNMLE. Especially for M-
HoFCN, it achieves the best performance. Therefore, we argue
that the modularity prior is of vital importance in removing
the noisy connections and improving the reliability of HoFCNs.
However, we note that, in terms of SEN, the proposed methods
do not work well. In the next section, we will further investigate
this phenomenon.

In Table 5, we simply report the best experimental results of
ASD identification. For three HoFCN methods, s is fixed with 1,
whileN = 90, 110, 70 forHoFCNMLE, S-HoFCN, andM-HoFCN,
respectively. In terms of ACC, the proposed methods perform
better than low-order FCNs, and better than the results reported
in Wee et al. (2016). Similar to the results on MCI dataset, the
M-HoFCN method also achieves the best performance, meaning
that the modularity prior plays an important role in FCN
modeling.

TABLE 3 | Definitions of the performance metrics involved in this paper.

Performance metric Abbreviation Definition

accuracy ACC TP+TN
TP+FP+TN+FN

sensitivity SEN TP
TP+FN

specificity SPE TN
TN+FP

TABLE 4 | The classification results based on five different methods for MCI

identification, with N = 50, s = 1 for HoFCNMLE, N = 70, s = 2 for S-HoFCN, and

N = 70, s = 6 for M-HoFCN.

Method ACC SEN SPE

PC 0.7956 0.8824 0.7101

SR 0.7810 0.8088 0.7536

HoFCNMLE 0.8248 0.8824 0.7681

S-HoFCN 0.8540 0.8676 0.8406

M-HoFCN 0.8613 0.8382 0.8841

DISCUSSIONS

Sensitivity to Network Modeling
Parameters
In this study, the involved parameters can be divided into
two groups, i.e., sliding window parameters of HoFCNs and
the regularization parameters (or threshold values) in the
network estimationmodels. As discussed earlier, we have selected
the optimal regularized parameter via inner LOOCV. In the
following, we will discuss the sensitivity to the parameters of
sliding windows (i.e., width N and step size s) of three HoFCN
methods (HoFCNMLE, S-HoFCN and M-HoFCN). To this end,
we conduct experiments for MCI/ASD identifications under
three cases:

Case 1: Varied window widths N = 50, 70, 90, 110 and fixed
step size s = 1 for MCI identification. Figure 3 shows the
classification results of three HoFCNmethods under this case.
(Of note, in both Figures 3–5, we simply use MLE, S and M
to represent the corresponding HoFCNMLE, S-HoFCN and
M-HoFCN methods, respectively.) It can be observed that
our proposed methods perform better than HoFCNMLE and
have the best performance at N = 70. For ACC, M-HoFCN
has 100% possibilities to outperform HoFCNMLE, and 75%
possibilities to outperform S-HoFCN. For SEN and SPE, M-
HoFCN has 75% possibilities to work better than HoFCNMLE.
That is, M-HoFCN is the best method for MCI classification.
Additionally, we note that the bigger value of N tends to result
in worse performance, which is consistent with the finding of
choosing window sizes in Hindriks et al. (2016).

Case 2: Fixed window width N = 70 and varied step sizes s = 1,
2, 4, 6, 8 for MCI identification. We choose N = 70 since, as
shown in Figure 3, the HoFCN methods tend to have the best
performance at 70. In this way, we show classification results
based on three HoFCN methods in Figure 4. By comparison,
for ACC, the proposed methods have 100% possibilities to
outperform HoFCNMLE, and M-HoFCN has 80% possibilities
to outperform S-HoFCN; for SEN and SPE, S-HoFCN and M-
HoFCN both have 80% possibilities to perform better than
HoFCNMLE. As such, our proposed methods at least have
80% possibilities that perform better than HoFCNMLE, and
M-HoFCN has the best performance at N =7 0, s = 6, while
S-HoFCN at N = 70, s = 2. By using the fixed window

TABLE 5 | Comparison of the best classification results based on six different

methods for ASD identification. Here, we empirically fix s = 1, and N = 90, 110,

70 for HoFCNMLE, S-HoFCN and M-HoFCN, respectively.

Method ACC SEN SPE

PC 0.6304 0.6222 0.6383

SR 0.5543 0.6000 0.5106

Wee et al., 2016 0.7070 0.8140 0.6120

HoFCNMLE 0.7391 0.8000 0.6809

S-HoFCN 0.7391 0.7778 0.7021

M-HoFCN 0.7500 0.8000 0.7021
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FIGURE 3 | Comparison of classification results based on three HoFCN methods for MCI identification, with varied window widths N = 50, 70, 90, 110 and fixed step

size s = 1. The proposed methods (especially M-HoFCN) are consistently better than HoFCNMLE, and they tend to have the best classification performance at N = 70.

FIGURE 4 | Comparison of classification results based on three HoFCN methods for MCI identification, with different step size s = 1, 2, 4, 6, 8 and fixed window

width N = 70. Our proposed methods have 80% possibilities to perform better than HoFCNMLE.

FIGURE 5 | Comparison of classification results based on three HoFCN methods for ASD identification, with varied N = 50, 70, 90, 110, 130 and fixed s = 1. Note

that M-HoFCN achieves the best performance in average.

width N = 70, we find that the performances of three HoFCN
methods with varied step sizes are relatively stable.

Case 3: Varied window widths N = 50, 70, 90, 110, 130 and
fixed s = 1 for ASD identification. As shown in Figure 5, S-
HoFCN has 80% possibilities to work better than HoFCNMLE

for ACC and SPE, and 60% for SEN; M-HoFCN has 100%
possibilities to outperform HoFCNMLE for SPE, and 60% for
ACC and SEN. For different methods, HoFCNMLE gets the
best performance at N = 90, while S-HoFCN at N = 110 and

M-HoFCN at N = 70. Compared with the performance of
three HoFCN methods, we found that M-HoFCN averagely
achieves the best performance and it remains more stable than
the other twomethods. It is consistent with the finding inMCI
identification.

Parcellation of the Brain
We adopt AAL atlas with 116 ROIs as network nodes in this work.
To date, there exists different ROI definitions in different brain
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anatomical/functional templates, such as AAL, Harvard-Oxford
(http://www.fmrib.ox.ac.uk/fsl/), Eickhoff-Zilles (Eickhoff et al.,
2005) and Automatic Non-linear Imaging Matching and
Anatomical Labeling (ANIMAL) (Collins et al., 1995; Wang
et al., 2009), etc. As reported in Wang et al. (2009), AAL
and ANIMAL templates can lead to significant differences in
network topological properties. Craddock et al. also revealed
that ROI size had great impact on the network performance
analysis, and 200 ROIs can offer better interpretability (Craddock
et al., 2012). Therefore, we further conduct experiments for
constructing FCNs with 200 ROIs from (Craddock et al.,
2012), and take ASD classification as an example for evaluating
the influence of different parcellation schemes on the final
accuracy. Experimental results show that the proposed M-
HoFCN still achieves the best ACC (0.6923), compared
with PC (0.6248), SR (0.5167), HoFCNMLE (0.6811), and S-
HoFCN (0.6730), which further illustrates the importance of
using modularity prior in FCN estimation. Note, however,
that the performance of most methods reduces greatly with
200 ROIs. The possible reason is that 200 ROIs, resulting
in 200× (200− 1)/2=19900 edges, cause the challenge for
feature selection or the “curse of dimensionality,” since limited
training samples are involved. In the future, we plan to
further investigate the influence of differently selected templates
on the network properties and the subsequent classification
performance.

Head Motion Artifacts
As we know, the FCN estimation based on rs-fMRI data is
sensitive to the head motion (Van Dijk et al., 2012; Power et al.,
2014). To eliminate the influence of head motion artifacts, a
commonly used method is data scrubbing that removes some
volumes based on FD or DVARS (Power et al., 2012). However,
in this study, we did not perform scrubbing operation to exclude
volumes since dynamic information is necessarily encoded by
the sliding window scheme for estimating initial low-order
FCNs. The removal of volumes would disrupt the autocorrelation
structure of data, which is problematic related to temporal
filtering and dynamic information encoding (Janine et al., 2017).
In fact, several related studies (Chen et al., 2016, 2017) also
did not suggest scrubbing operation due to the same reason.
Additionally, the data scrubbing often removes relatively high
amount of data, thus reducing the statistical power, and, in
practice, how to determine a suitable threshold of FD is still an
open problem.

To further study the impact of head motion artifacts
on the classification performance, we conduct the network
modeling methods without regression of Friston 24-parameters.
With fixed parameters such as N = 70 and s = 1, the
experimental ACCs for ASD identification are PC (0.6750),
SR (0.6104), HoFCNMLE (0.6511), S-HoFCN (0.6430), and M-
HoFCN (0.6458), respectively. Compared with the results in
Table 5, we note that most of the methods tend to decrease ACC,
meaning that head motion artifacts have a significant influence
on the classification performance. In other words, regressing out
the headmotion artifacts can contribute to achieve better (at least
more discriminative) FCNs.

Top Discriminative Features
As previously mentioned in section Feature Selection and
Classification, we adopt the edge weights of estimated FCN as
features for classification. Here, we use two-sample t-test to re-
select the features for MCI and ASD identification problems,
respectively, based on the proposed M-HoFCN method, since it
achieves the best performance. In particular, after constructing
FCNs by M-HoFCN model (N = 70, s= 6 for MCI; and N = 70,
s = 1 for ASD), we apply t-test to select discriminative features
in order of their p-values (< 0.001). In this way, we select 72
and 67 discriminative features for MCI and ASD identification
tasks, respectively, and visualize the features in Figure 6. Of
note, the thickness of each arc represents the discriminative
power that is inversely proportional to the corresponding p-
value.

From Figure 6A, we found that the top discriminative
features (i.e., functional connections) and their corresponding
brain regions include right inferior frontal gyrus, bilateral
hippocampus, bilateral parahippocampal gyrus, right pallidum,
right caudate, left middle temporal gyrus, left cerebellum 6, etc.
The findings are partially consistent with previous studies (Wolf
et al., 2003; Albert et al., 2011; Solodkin et al., 2013). In particular,
the right inferior frontal gyrus (Salvatore et al., 2015), bilateral
hippocampus (Chen et al., 2016), bilateral parahippocampal
gyrus (Echávarri et al., 2011), right pallidum (Supekar et al., 2008;
Albert et al., 2011), right caudate (Albert et al., 2011), left middle
temporal gyrus (Kosicek and Hecimovic, 2013; Chen et al., 2016),
and left cerebellum 6 (Suk et al., 2015) are all reported as potential
biomarkers for MCI or AD identification. However, currently it
is an open problem for explaining these FCN-based biomarkers.
In the future, we plan to provide further experimental evidences
toward the biological explanation of those involved functional
connectivity or brain regions.

In terms of the selected features as shown in Figure 6B,
brain regions that may contribute to ASD identification in
this work include the left precentral gyrus, right middle
frontal gyrus, right hippocampus, bilateral parahippocampal
gyrus, right amygdala, bilateral putamen, left caudate, bilateral
pallidum, and bilateral middle temporal, many of which are
widely reported in the previous studies associated with ASD
identification (Sparks et al., 2002; Haznedar et al., 2006; Rojas
et al., 2006; Toal et al., 2009; Ecker et al., 2010; Qiu et al.,
2010).

Limitations
In this work, we only use PC as a cornerstone in construction
of HoFCN due to its simplicity and popularity. However, as
we described above, PC can only capture the full correlation,
and thus partial correlation-based methods such as SR may
be considered in practice. Besides, many researchers have
devoted their efforts to FCN estimation methods based on
group analysis. For example, Liu et al. proposed a hierarchical
Markov random field model to capture both group and subject
FCNs simultaneously, which can take within-subject coherence
and between-subject consistency of the network label maps
into account (Liu et al., 2014); Ghanbari et al. designed a
multi-layer graph clustering algorithm to extract hub-networks
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FIGURE 6 | The most discriminative features (network connections) involved in the classification tasks by using t-test with p < 0.001. Note that the thickness of the

arcs is inversely proportional to the corresponding p-value for indicating the discriminative power of the features. (A) MCI and (B) ASD.

by non-negative matrix factorization and applied the hubs to
characterize population commonalities and subject variations
between ASD and typically developing children (Ghanbari et al.,
2017); Kam et al. proposed a multiple FCN model using
hierarchical clustering and applied it for ASD diagnosis (Kam
et al., 2017). These methods provide a different understanding
toward brain structure and group/subject analysis, which we can
consider in our future studies.

CONCLUSION

In this paper, we develop an effective way of improving
HoFCN estimation, by learning a neighborhood networks of
the initial HoFCN with sparsity and modularity priors as
regularizers, respectively. We apply our proposed methods to
identify subjects with MCI and ASD from their corresponding
NCs. In both MCI and ASD identifications, our proposed
HoFCN methods consistently outperform the baseline methods.
Especially, the M-HoFCN tends to achieve the best performance,

which illustrates the importance of the modularity prior in FCN
estimation.
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Background: Schizophrenia is characterized by the disruption of microstructural white
matter (WM) integrity, while the pathogenesis remains unclear. Inflammation has been
associated with the WM pathology in schizophrenia. Interleukin 10 (IL-10) has been
proven to be related to schizophrenia in both animal and human models. The aim of this
study was to explore whether peripheral IL-10 was associated with microstructural WM
integrity in schizophrenia.

Methods: A total of 47 patients with schizophrenia (SZ) and 49 healthy controls (HC)
underwent diffusion tensor imaging and venous blood sampling. Tract-based spatial
statistics was conducted to explore the differences in fractional anisotropy (FA), radial
diffusivity (RD), mean diffusivity (MD), and axial diffusivity (AD) between patients and
controls. A quantitative chemiluminescence assay was performed to measure peripheral
IL-10 levels. General linear regression analysis using a stepwise method was applied to
examine the relationship between peripheral IL-10 and diffusion measures.

Results: Compared with the HC, peripheral IL-10 levels were higher and a significant
reduction of FA and AD, and increase of RD and MD were observed in SZ (corrected
p < 0.05). A regression analysis revealed that peripheral IL-10 was negatively correlated
with FA in the right posterior thalamic radiation and left inferior fronto-occipital fasciculus,
in SZ (β = −0.51, p = 0.01; β = −0.47, p = 0.02, respectively) but not in HC (β = −0.01,
p = 0.95; β = −0.003, p = 0.98, respectively), and the differences in regression curves
were significant (z = 2.50, p = 0.01; z = 2.37, p = 0.02, respectively). IL-10 was negatively
connected with MD in the right parietal arcuate fasciculus (β = −0.40, p = 0.048) and
body of the corpus callosum (β = −0.43, p = 0.03) in SZ, while not in HC. The magnitude
of correlation in the patient and control group was different (z = 2.48, p = 0.01 and
z = 2.61, p < 0.01, respectively). In addition, IL-10 was positively correlated with RD
in the right parietal arcuate fasciculus in patients (β = 0.45, p = 0.04) but not in HC
(β = 0.26, p = 0.94), but the correlation coefficients were not significant (z = 0.98,
p = 0.32).

Frontiers in Neuroscience | www.frontiersin.org 1 February 2019 | Volume 13 | Article 5219

https://www.frontiersin.org/journals/neuroscience/
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://doi.org/10.3389/fnins.2019.00052
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3389/fnins.2019.00052
http://crossmark.crossref.org/dialog/?doi=10.3389/fnins.2019.00052&domain=pdf&date_stamp=2019-02-07
https://www.frontiersin.org/articles/10.3389/fnins.2019.00052/full
http://loop.frontiersin.org/people/424814/overview
http://loop.frontiersin.org/people/122373/overview
http://loop.frontiersin.org/people/667329/overview
http://loop.frontiersin.org/people/122375/overview
http://loop.frontiersin.org/people/90968/overview
http://loop.frontiersin.org/people/120232/overview
https://www.frontiersin.org/journals/neuroscience/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles


fnins-13-00052 February 5, 2019 Time: 17:8 # 2

Fu et al. Interleukin 10 Impacts White Matter in Schizophrenia

Conclusion: Our findings demonstrated that elevated peripheral IL-10 levels were
associated with the disruption of microstructural WM integrity in schizophrenia,
supporting the notion that inflammation plays a regulatory role in the pathology of
microstructural WM and is associated with schizophrenia.

Keywords: schizophrenia, interleukin 10, white matter, inflammation, diffusion tensor imaging

INTRODUCTION

Schizophrenia is considered a disconnection disorder
characterized by disrupted white matter (WM) integrity (Viher
et al., 2016; Di Biase et al., 2017; Kelly et al., 2018). Although
the pathogenesis of disrupted WM integrity in schizophrenia
remains unclear, neuroinflammation mediated by cytokines
appears to be an important pathogenic mechanism (Frodl and
Amico, 2014; Najjar and Pearlman, 2015). Moreover, evidence
from genomic, blood, postmortem and neuroimaging studies
indicates that inflammation plays an important role in the
pathophysiological process of schizophrenia (Borovcanin et al.,
2015; Najjar and Pearlman, 2015; Fond et al., 2016; Khandaker
and Dantzer, 2016; Shivakumar et al., 2018; Xiu et al., 2018).
For example, the polymorphisms of interleukin (IL) -10, IL-6
and tumor necrosis factor α (TNF-α) are related to a high risk
of developing schizophrenia (Shivakumar et al., 2018; Xiu et al.,
2018) and their levels in blood are higher in schizophrenia
patients compared with healthy subjects (Kunz et al., 2011;
Lee et al., 2017). Elevated expressions of IL-6, IL-1β, IL-8, and
SERPINA (a serine protease inhibitor) were associated with
a higher WM neuron density below the orbitofrontal cortex
in schizophrenia (Fung et al., 2014). Besides, a neuroimaging
study found that serum IL-6 and C-reactive protein (CRP) were
associated with reduced fractional anisotropy (FA) of WM in
schizophrenia, though there was no significant difference in
IL-6 and CRP levels between schizophrenia patients and the
controls (Prasad et al., 2015). The evidence indicates that the
dysregulation of cytokines could lead to the pathophysiological
changes of WM in schizophrenia.

Among these cytokines, IL-10, a regulatory cytokine,
maintains the balance between pro-inflammatory and anti-
inflammatory cytokines (Murray, 2006). Growing evidence has
demonstrated that IL-10 is associated with schizophrenia.
For example, it has been reported that increased IL-10
expression alleviates behavioral abnormalities in a mouse
model (Meyer et al., 2008). In addition, a meta-analysis of
genomic studies demonstrated that subjects with a single
nucleotide polymorphism (SNP, rs1800872) and two haplotypes
(A-C-A and G-C-C) of IL-10 are vulnerable to schizophrenia
(Gao et al., 2014). Furthermore, a previous study found an
elevation of systemic IL-10 in patients with schizophrenia
compared with healthy controls (Kunz et al., 2011). Peripheral
IL-10 levels were also correlated to the severity of clinical
symptoms of schizophrenia (Xiu et al., 2016). Additionally, it
was also observed that atypical antipsychotics could upregulate
the blood IL-10 levels (Sugino et al., 2009).

Growing evidence suggests that IL-10 might be associated
with WM anomalies (Pang et al., 2005; Vidal et al., 2013).

A previous study on rhesus macaques found that higher IL-
10 levels in serum were positively associated with WM volume
in the regions below the inferior parietal sulcus, at the tail
of the lateral lunate sulcus and with WM density in the
dorsal prefrontal cortex (Willette et al., 2013). Additionally,
in vivo studies indicated a link between peripheral IL-10
and microstructural WM integrity. The inflammatory score
composited of blood IL-10 and other cytokines including TNF-
α, IL-23, and IL-1β was negatively associated with lower FA
in patients with Alzheimer’s disease (Swardfager et al., 2017).
In addition, peripheral IL-10 was negatively associated with
FA and positively associated with radial diffusivity (RD) and
mean diffusivity (MD) in patients with bipolar disorder, however,
there were no controls in this study (Benedetti et al., 2016). To
our knowledge, no in vivo study has examined the relationship
between systemic IL-10 and microstructural WM integrity in
schizophrenia.

Thus, the aim of the present study was to explore whether
the changes of peripheral IL-10 were related to the disruption of
microstructural WM integrity in vivo and clinical symptoms, as
well as cognitive ratings in schizophrenia.

MATERIALS AND METHODS

Participants
Forty-seven patients with schizophrenia (28 males and 19
females; mean age [ ± SD], 31.85 ± 11.10 year, range: 21–52 year;
mean education [ ± SD], 12.26 ± 2.76 year; mean duration
of illness [ ± SD], 7.77 ± 6.99 year) were recruited from the
Outpatient Center of the Department of Psychiatry, West China
Hospital of Sichuan University. All Patients were diagnosed
with schizophrenia using the Structured Clinical Interview for
DSM-IV. All patients had received outpatient monotherapy with
antipsychotic drugs for at least 6 months and reached the stable
phase. All patients were medication free for 10–14 days before the
study enrollment.

A total of 49 healthy subjects (22 males and 27 females;
mean age [ ± SD], 34.63 ± 9.28 year, range: 26–50 year; mean
education [ ± SD],14.49 ± 4.33 year) were recruited from
the local area via the distribution of poster advertisements.
They were screened using the non-patient version of the
Structured Clinical Interview for DSM-IV, to exclude those
with a history of psychiatric illness. Furthermore, none of their
first-degree relatives had a known history of psychiatric illness.
Exclusion criteria for both groups were: being left handed,
history of neurological illness, autoimmune diseases (such as
systemic lupus erythematosus, rheumatoid arthritis, and others)
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or acute infectious illness within the 4 weeks prior to the study,
thyroid dysfunction (assessed regularly by measuring the serum
triiodothyronine, thyroxine, and thyroid-stimulating hormone
in the Outpatient Center), administration of non-steroidal anti-
inflammatory drugs or antibiotic drugs within the 4 weeks
prior to the study, alcohol or illegal drug dependence/abuse and
pregnancy. Magnetic resonance imaging (MRI) scanning, blood
sampling and clinical assessment were completed on the same
day.

The study was approved by the Ethics Committee of the West
China Hospital of Sichuan University. All participants provided
written informed consent after being informed about the details
of the study.

MRI Protocol
The MR imaging scans were performed on a 3.0 Tesla
Siemens Magnetom Skyra system. The diffusion tensor images
(DTIs) were acquired and the parameters were: two b0 images
and 60 images with b-value of 1000 s/mm; echo time (TE)
93.0 ms, repetition time (TR) 6800 ms, field of view (FOV)
230 mm × 230 mm × 150 mm, flip angle 90◦, voxel size
1.8 mm × 1.8 mm × 3.0 mm, slices 50 and slice thickness 3.0 mm.
All acquired images were inspected for significant scanning
artifacts and gross brain abnormalities and none were observed
in any participant.

Image Processing
The original DICOM images were shifted to NIFTI images using
MRIcron software1 and were then processed using the FDT
toolbox of FSL 5.0.62. Head motion and eddy current were
corrected and the non-brain tissues were then removed. Diffusion
eigenvectors, eigenvalues and FA were calculated. Tract-based
spatial statistic (TBSS3) was then conducted for voxel-wise
statistical analyses (Smith et al., 2006). Briefly, a non-linear
registration tool (FNIRT) was used to register the individual FA
map into the standard space. All transformed FA maps were
combined into a four-dimensional image, averaged to form mean
FA images, and finally a mean FA skeleton template was created.
The FA threshold was defined at 0.2 to separate WM and non-
WM areas, including gray matter, ventricles, and cerebrospinal
fluid. Finally, the registered FA images were projected onto the
FA skeleton which created a four-dimensional skeletonized image
containing all subjects. Similar analyses were performed for axial
diffusivity (AD), MD, and RD.

Peripheral IL-10 Measurement
Venous blood was collected from all subjects and heparin was
the anticoagulant. Within 30 min of collection, blood samples
were centrifuged at 1500 rpm for 20 min. Then, plasma samples
were stored at −80◦C until the concentrations were measured.
The peripheral IL-10 concentrations were determined using the
Q-PlexTM Custom Assay and were measured twice. The mean
values were calculated for the following statistical analysis.

1http://people.cas.sc.edu/rorden/mricron
2https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL
3https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS

Clinical Measures
The severity of psychotic symptoms was evaluated by experienced
psychiatrists using the Positive and Negative Syndrome Scale
(PANSS), which includes three sub-scales (positive symptoms,
negative symptoms, and general psychopathology). The cognitive
test was conducted by trained and skilled research assistants using
the Brief Assessment of Cognition in Schizophrenia (BACS).
The BACS tests participants in four domains including verbal
memory, processing speed, reasoning and problem solving,
and working memory (Keefe et al., 2008). A composite score
combining data across subtests was the primary outcome for the
following analysis (Eng et al., 2013; Wang et al., 2017).

Statistical Analysis
The statistical analysis for non-imaging data was conducted using
SPSS for windows, version 22.0. The continuous variables were
compared using a two-sample t-test and the categorical variables
were analyzed using a chi-square test. The p-value was two tailed
at a significance level of < 0.05.

To explore the differences of diffusion parameters between
schizophrenia patients and healthy controls, voxel-wise statistical
analysis was conducted on the skeletonized images using FSL
randomize (Winkler et al., 2014) with 5,000 permutations,
with age and gender as covariates. Threshold-free cluster
enhancements (TFCE) (Smith and Nichols, 2009) was used
for the multiple comparison correction, with a significance
level at p < 0.05. The Johns Hopkins University International
Consortium for Brain Mapping (JHU ICBM-DTI-81) WM labels
was used to identify the regions showing group differences in
diffusion parameters. To explore the relationship between the
diffusion parameters (FA, AD, MD, and RD) and peripheral IL-
10 and between diffusion parameters and symptom scores, the
DTI values for each subject were extracted from the regions
with significant differences between these two groups (cluster
size > 50 voxels) (see Supplementary Table S1). The cluster size
was defined as the voxels with p < 0.05 and t-value > 3 and
was highly conservative compared with previous studies (Dineen
et al., 2009; Meng et al., 2018), based on the calculation method
suggested by Bullmore et al. (1999).

Linear regression analysis using a stepwise method was
performed to examine the relationship between serum IL-
10 levels and DTI values (FA, AD, RD, and MD). The
difference of correlation coefficients was calculated with the
Fisher Z-Transformation test, via the application of the “cocor”
package in R (Diedenhofen and Musch, 2015). In addition,
the relationship between IL-10/DTI values and clinical variables
(including BMI, illness duration, CPZ equivalent, PANSS scores,
and BACS score) was investigated using Pearson correlation.
False discovery rate (FDR) was applied for multiple comparison
correction and statistical significance was defined as less than
0.05.

In the exploratory analysis, to investigate the differences
of diffusion parameters between schizophrenia patients and
healthy controls, voxel-wise statistical analysis was conducted
on the skeletonized images using FSL randomize with 5,000
permutations, with IL-10 as covariate. Threshold-free cluster
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enhancements (TFCE) was used for multiple comparison
correction, with a significance level at p < 0.05. The Johns
Hopkins University International Consortium for Brain Mapping
(JHU ICBM-DTI-81) WM labels was used to identify the regions
showing group differences in diffusion parameters. Findings are
available in the Supplementary Materials.

RESULTS

Demographic and Clinical Data
The results of demographic and clinical variables are listed in
Table 1. There were no significant differences in age and gender
between the schizophrenia and control groups. There were
differences in BMI (schizophrenia: 23.40 ± 3.19 kg/m2; controls:
22.09 ± 3.01 kg/m2, p = 0.04) and education (schizophrenia:
12.26 ± 2.76 year; controls: 14.49 ± 4.33 year, p < 0.01) between
the two groups.

The levels of serum IL-10 were higher in patients than
in controls (schizophrenia: 10.59 ± 0.24 pg/ml; controls:
9.27 ± 0.24 pg/ml, p < 0.001).

TBSS Results
Compared with healthy controls, a widespread reduction of
FA were observed in patients, including the right superior
longitudinal fasciculus, left inferior fronto-occipital fasciculus,
bilateral sagittal stratum, corpus callosum (including genu,
body, and splenium), bilateral posterior thalamic radiation
(including the optic radiation), right posterior corona radiata
and the left anterior corona radiata. A global increase in RD
was also found in schizophrenia patients in the right sagittal
stratum (include inferior longitudinal fasciculus and inferior
fronto-occipital fasciculus), left posterior corona radiata, bilateral
anterior corona radiata, body and splenium of the corpus
callosum, bilateral superior longitudinal fasciculus and the left

posterior thalamic radiation (include optic radiation) compared
with the healthy controls. A widespread increase of MD was
found in schizophrenia patients compared to the controls,
with effects in the corpus callosum (including genu, body, and
splenium), right superior corona radiata, right anterior corona
radiata and the bilateral superior longitudinal fasciculus. In
addition, significant AD reduction was found for the clusters in
the right superior corona radiata, right anterior corona radiata
and body, and the genu of callosum corpus (see Figure 1). In
addition, when adjusting for IL-10, the TBSS results of inter-
group comparisons were similar with the TBSS findings with age
and gender as covariates (see Supplementary Figure S2).

Regression Analysis Between IL-10
Levels and Diffusion Measures
Regression analysis showed significant negative correlations
between peripheral IL-10 and FA in the right posterior thalamic
radiation (β = −0.51, p = 0.01) and left inferior fronto-occipital
fasciculus (β = −0.47, p = 0.02) across patients, but not in
the controls (β = −0.01, p = 0.95 and β = −0.003, p = 0.98,
respectively). The correlation coefficients were statistically
different between these two groups (z = 2.50, p = 0.01 and
z = 2.37, p = 0.02, respectively). Significant negative correlations
between IL-10 and MD were found in the right parietal arcuate
fasciculus (β = −0.39, p = 0.048) and the body of the corpus
callosum (β = −0.43, p = 0.03) in patients, but not in the
controls. The correlation coefficients were significantly different
(z = 2.48, p = 0.01 and z = 2.61, p < 0.01, respectively). In
addition, we also found a positive correlation between IL-10
and RD in the right parietal arcuate fasciculus across patients
(β = 0.45, p = 0.04) but not in the controls (β = 0.26,
p = 0.94). There was no significant difference in the correlation
coefficients (z = 0.98, p = 0.32) (see Figure 2). No significant
correlation was found between AD changes and peripheral
IL-10.

TABLE 1 | Demographic and clinical variables in patients with schizophrenia and healthy controls.

Patients Mean (SD) Controls Mean (SD) p-Value

Age, years [range] 31.85 (11.10) [21–52] 34.63 (9.28) [26–50] 0.19

No. male/female 28/19 22/27 0.15

Handedness Right Right

BMI, kg/m2 23.40 (3.19) 22.09 (3.01) 0.04

Education, years 12.26 (2.76) 14.49 (4.33) < 0.01

Illness duration, years 7.77 (6.99)

Antipsychotic dosage (CPZ equivalent), mg/d 390.45 (174.76)

PANSS

Total 59.96 (18.23)

Positive symptoms 9.71 (4.29)

Negative symptoms 14.88 (6.76)

General symptoms 24.96 (8.66)

BACS

Composite score 36.77 (12.87)

IL-10, pg/ml 10.59 (0.24) 9.27 (0.24) < 0.001

BMI, body mass index; CPZ, chlorpromazine; PANSS, Positive and Negative Syndrome Scale; BACS, Brief Assessment of Cognitive in Schizophrenia; SD, standard
deviation.
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FIGURE 1 | Widespread changes of DTI measures in schizophrenia patients compared with healthy controls. Regions with significant decrease are highlighted in
yellow-red/orange. Regions with significant increase are highlighted in blue. Results are shown overlaid on the Montreal Neurologic Institute (MNI) template (1 mm).
FA, fractional anisotropy; RD, radial diffusivity; AD, axial diffusivity; MD, mean diffusivity.

FIGURE 2 | Relationship between peripheral IL-10 and DTI values. p-Value was corrected by false discovery rate (FDR). FA, fractional anisotropy; RD, radial
diffusivity; MD, mean diffusivity.
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Association Between
Demographic/Clinical Factors and
Peripheral IL-10/DTI Values
There was no significant correlation between serum IL-10
and clinical variables (including BMI, dosage of antipsychotic
medications in CPZ equivalents, PANSS scores, and BACS
score). No significant correlation was found between DTI values
and changes in illness duration or dosage of antipsychotic
medications in CPZ equivalents, PANSS scores, and BACS score
(see Supplementary Figure S1).

DISCUSSION

Focusing on IL-10, a key anti-inflammatory cytokine, the
current study provided direct evidence supporting that elevated
peripheral IL-10 was related to the disrupted WM integrity of
certain bundles in schizophrenia. It therefore provides novel
information about the role of cytokines, especially IL-10 in
the neuropathology of schizophrenia and adds more evidence
relevant to the neuroinflammatory model of schizophrenia.

In our study, systemic IL-10 levels were higher in
schizophrenia patients than in healthy subjects, consistent
with previous studies (Kunz et al., 2011) and further supporting
that the dysregulation of systemic IL-10 is related to the
pathogenesis of schizophrenia. Although it remains unclear why
the association between systemic IL-10 and WM integrity only
existed in schizophrenia patients but not in controls, we assumed
that microstructural WM might be more sensitive to IL-10 in
patients than healthy subjects. The assumption was supported by
the evidence that peripheral cytokines could easily penetrate the
blood–brain-barrier (BBB) due to the activated endothelial cell
and increased permeability of BBB in schizophrenia (Khandaker
and Dantzer, 2016). In addition, a study by Vanessa et al. found
that premature newborns with WM injury, who had a high risk
of developing mental illness (Baer et al., 2016), had higher IL-10
levels in both cerebrospinal fluid and plasm (Ellison et al., 2005).

How IL-10 might affect microstructural WM integrity remains
unclear. Reduced FA values are thought to be related to the
disrupted integrity of microstructural WM, impaired axonal
membrane and/or demyelination (Beaulieu, 2002). Although the
mechanism of reduced FA in schizophrenia is not well-known
yet, it is important to note that high IL-10 levels in serum
were negatively associated with reduced FA in the posterior
thalamic radiata and the inferior fronto-occipital fasciculus
in our study. A study in vitro found that IL-10 stimulated
the activity of macrophage phagocytosis and microglia, which
greatly increased myelin phagocytosis (Smith et al., 1998). In
addition, a previous study found that IL-10 could enhance initial
demyelination via inhibiting the production of interferon γ (IFN-
γ) (Puntambekar et al., 2015) while another study suggested
that the inflammatory score composited of IL-10, TNF-α, IL-
1β, and IL-23 was negatively associated with lower FA within
periventricular WM in Alzheimer’s disease (Swardfager et al.,
2017). Given that increased RD is related to demyelination
(Song et al., 2005), the pattern that higher IL-10 is related to

higher RD in schizophrenia, as observed in our study, further
supports that IL-10 may be involved in the demyelination of WM.
Additionally, IL-10 was also associated with the integrity of the
axonal membrane (Atkins et al., 2007). The evidence suggests that
WM injury may occur under high serum IL-10 in schizophrenia.
However, reduced FA is related not only to myelin and axonal
integrity but also to neurofilaments, extracellular water content,
and track geometry (Jones et al., 2013). IL-10 has been reported
to enhance re-myelination and neuron/axonal growth (Gaupp
et al., 2008; Yang et al., 2009), and re-myelination can cause
shorter internodes and thinner sheaths, which could increase MD
(Peters, 2009; Jelescu et al., 2016). Parallel animal studies are
required to clarify the role of IL-10 in these factors. Our study
found that by adjusting for IL-10, a widespread FA/AD reduction
and MD/RD increase in schizophrenia patients compared with
controls. Peripheral IL-10 did not alter the abnormalities of WM
in patients but peripheral IL-10 was related to WM integrity,
indicating that the peripheral IL-10 may play a regulatory role
in the disruption of microstructural WM integrity and the
pathogenesis of schizophrenia.

Our study noted that peripheral IL-10 was associated with
diffusion measures (FA and MD) in certain bundles including
the right posterior thalamic radiation, left inferior fronto-
occipital fasciculus, corpus callosum and the arcuate fasciculus.
FA reduction of the right posterior thalamic radiation and the
left inferior fronto-occipital fasciculus, and MD increase in the
corpus callosum have been reported in previous neuroimaging
studies of schizophrenia (Fitzsimmons et al., 2013; Gong and He,
2015; Sun et al., 2015; Kelly et al., 2018). The posterior thalamic
radiation projects fibers to the parietal, temporal and occipital
cortex and processes information on body image (Frieling et al.,
2012) while the damage to the posterior thalamic radiation could
result in self-perception deficits (Lee et al., 2016). In addition,
the inferior fronto-occipital fasciculus connected directly to the
frontal and occipital areas (Martino et al., 2010) and reduced
FA in this tract was associated with positive symptoms, negative
symptoms and auditory-verbal hallucinations in schizophrenia
(Curcic-Blake et al., 2015; Oestreich et al., 2016). Furthermore,
abnormality of the corpus callosum is associated with reality
distortion (i.e., hallucinations and delusions) (Whitford et al.,
2010) and negative symptoms in schizophrenia (de Witte et al.,
2014). It was also noted that the dysregulation of systemic
IL-10 was also related to the negative and general symptoms
of schizophrenia (Xiu et al., 2014; Kapelski et al., 2016), as
well as cognitive function (Xiu et al., 2016), indicating a link
between systemic IL-10, WM integrity and clinical symptoms in
schizophrenia. However, our study did not observe a significant
association between peripheral IL-10 and clinical assessments in
schizophrenia, which might be due to several confounding factors
including the relatively small sample size and antipsychotic
medication.

The present study had some limitations. First, the sample
size was relatively small and studies with larger sample
size are required to replicate our findings in the future.
Second, the patients in our study were medication free
but not drug-naïve, so the potential effects of antipsychotic
medication could not be excluded completely. However, once
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patients were diagnosed with schizophrenia, antipsychotics
were immediately administered, before they underwent MRI
scanning. Thus, studying patients who are medicated would
render findings with a higher generalization. Additionally,
investigating pathophysiological changes in patients who are
in a clinically stable stage, is also important to identify
more convincing findings, since patients at an earlier stage,
for example first episode patients, may not have a stable
pathophysiology underlying the illness. Third, the cross-sectional
nature of our study was limited to determine whether there
is a causative relationship between peripheral IL-10 and the
alterations of WM integrity in schizophrenia. It is not clear
about the longitudinal profile in patients, with respect to the
course of schizophrenia. Forth, although IL-10 is a critical
cytokine in the immune response, which is a complex process
involving many factors. Therefore, future studies investigating
more inflammatory mediators and examining their relationship
with microstructural WM integrity are necessary for better
understanding the pathophysiology of schizophrenia. Fifth,
although TBSS analysis is a robust, sensitive and commonly
used method in diffusion MR studies, future studies using more
methods of DTI analysis are necessary to replicate our findings.
Finally, the study only conducted the DTI analysis while an
optimized design is necessary to verify the WM abnormalities
that could affect DTI results.

In summary, our study revealed that patients with
schizophrenia presented elevated peripheral IL-10 levels, which
was also related to the deficits of certain WM bundles, including
the right posterior thalamic radiation, left inferior fronto-
occipital fasciculus, the body of corpus callosum and the arcuate
fasciculus. This observation provided in vivo evidence supporting
the role of IL-10 in structural dysconnectivity, relevant to the
neuropathology of schizophrenia.
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diffusivity; AD, axial diffusivity; MD, mean diffusivity.

TABLE S1 | Extracted regions with significant between-group differences in
diffusion measures.
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Yanting Zheng1, Yujie Liu1, Jingxian Chen1, Xi Leng2, Shijun Qiu1,2* and
Dinggang Shen3,4*
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Imaging, The First Affiliated Hospital of Guangzhou University of Chinese Medicine, Guangzhou, China, 3 Department
of Radiology and BRIC, University of North Carolina at Chapel Hill, Chapel Hill, NC, United States, 4 Department of Brain
and Cognitive Engineering, Korea University, Seoul, South Korea

Objectives: We aimed to investigate whether an inter-voxel diffusivity metric (local
diffusion homogeneity, LDH), can provide supplementary information to traditional
intra-voxel metrics (i.e., fractional anisotropy, FA) in white matter (WM) abnormality
detection for type 2 diabetes mellitus (T2DM).

Methods: Diffusion tensor imaging was acquired from 34 T2DM patients and 32 healthy
controls. Voxel-based group-difference comparisons based on LDH and FA, as well as
the association between the diffusion metrics and T2DM risk factors [i.e., body mass
index (BMI) and systolic blood pressure (SBP)], were conducted, with age, gender and
education level controlled.

Results: Compared to the controls, T2DM patients had higher LDH in the pons and
left temporal pole, as well as lower FA in the left superior corona radiation (p < 0.05,
corrected). In T2DM, there were several overlapping WM areas associated with BMI as
revealed by both LDH and FA, including right temporal lobe and left inferior parietal lobe;
but the unique areas revealed only by using LDH included left inferior temporal lobe,
right supramarginal gyrus, left pre- and post-central gyrus (at the semiovale center), and
right superior radiation. Overlapping WM areas that associated with SBP were found
with both LDH and FA, including right temporal pole, bilateral orbitofrontal area (rectus
gyrus), the media cingulum bundle, and the right cerebellum crus I. However, the unique
areas revealed only by LDH included right inferior temporal lobe, right inferior occipital
lobe, and splenium of corpus callosum.

Conclusion: Inter- and intra-voxel diffusivity metrics may have different sensitivity
in the detection of T2DM-related WM abnormality. We suggested that LDH could
provide supplementary information and reveal additional underlying brain changes due
to diabetes.

Keywords: type 2 diabetes mellitus, diffusion tensor imaging, local diffusion homogeneity, white matter, fractional
anisotropy
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INTRODUCTION

Type 2 diabetes mellitus, a complex metabolic disorder
characterized by increased blood glucose level, affects more
than 425 million people, especially those younger than 65 years
(International Diabetes Federation, 2017). T2DM patients could
develop many severe complications, among which the increased
risk of dementia has been more and more reported (Biessels
et al., 2006; Kodl and Seaquist, 2008; McCrimmon et al., 2012).
The deterioration of normal frontal lobe functions are frequently
reported in T2DM studies (Kawamura et al., 2012; McCrimmon
et al., 2012), possibly responsible to cognitive impairment, and
malfunctioned executive control abilities (Xia et al., 2013; Cui
et al., 2014; Garcia-Casares et al., 2014; Zhang et al., 2014). Since
the dementia progression cannot be reversed and a heavy social
burden could be elicited, it is of great important to identify
potential image-based alterations for better understanding of the
cognitive decline in T2DM (Hsu et al., 2012; Biessels and Reijmer,
2014; Brundel et al., 2014; Xia et al., 2017).

Recent evidence based on in vivo neuroimaging technique
showed that the abnormal neural activities were even found in the
T2DM subjects who still have normal cognition (Yang et al., 2016;
Zhang et al., 2018). To this end, blood-oxygen-level-dependent
(BOLD), functional magnetic resonance imaging (fMRI) has been
used as a non-invasive brain functional imaging technique in
several T2DM brain functional studies (Brundel et al., 2014). It
was reported that the functional connectivity of the default mode
network and executive control network in T2DM patients has
been impaired despite no clinically significant cognitive decline
was found (Yang et al., 2016). However, the neuropathology and
pathophysiology of the early cognitive dysfunctions in T2DM
are still not clear (Biessels et al., 2006; Kodl and Seaquist, 2008;
Kawamura et al., 2012).

Another widely used complementary non-invasive MRI
technique is diffusion tensor imaging (DTI), which has higher
resolution and better signal-to-noise ratio than fMRI and
can sensitively detect changes of constrained molecular water
diffusivity in the WM (Alexander et al., 2007). DTI has long
been used as a sensitive and objective technique searching for
subtle changes in WM in many diseases (O’Donnell and Westin,
2011; Guo W. et al., 2012; Wang et al., 2015; Ding et al., 2018).
It is reasonable that WM changes in specific fiber tracts might
have led to disrupted information exchange, thus deteriorating
functional integration among brain regions (Wakana et al.,
2004; Alexander et al., 2007; Reijmer et al., 2013b; Biessels and
Reijmer, 2014; Moheet et al., 2015) and further causing cognitive
deficits in T2DM. However, for the T2DM patients who have
not developed substantial cognitive impairment, only very few
DTI studies have been published (Hsu et al., 2012; Zhang et al.,
2014), most of which used conventional metrics such as fractional
anisotropy (FA) (Beaulieu, 2002; O’Donnell and Westin, 2011;

Abbreviations: ARWMCs, age-related white matter changes; BMI, body
mass index; CST, corticospinal tract; DTI, diffusion tensor image; DWI,
diffusion-weighted image; FA, fractional anisotropy; FOV, field of view; LDH,
local diffusion homogeneity; MRI, magnetic resonance image; SBP, systolic blood
pressure; T2DM, type 2 diabetes mellitus; TE, echo time; TR, repetition time; WM,
white matter; WMHs, white matter hyperintensities.

Guo W.B. et al., 2012). One of the limitations of the conventional
DTI metrics is that they may not be adequately sensitive to
the subtle changes in T2DM patients at the preclinical stage.
For example, in a study by our group, we found significantly
decreased FA in neurotypical, middle-aged T2DM patients in the
fronto-cingulo-parietal areas, cerebellum vermis, and bilateral
thalamus (Tan et al., 2016). However, different results have also
been reported in other studies (Hsu et al., 2012; Zhang et al.,
2014). It might be useful to use another (more sensitive) DTI
metrics for T2DM studies.

From the method point of view, FA, and other conventionally
used intra-voxel diffusivity indices all depend on an assumed
tensor model (Alexander et al., 2007), while different models
could lead to different results (O’Donnell and Westin, 2011).
In a seminal paper (Gong, 2013), an inter-voxel measurement,
local diffusion homogeneity (LDH), was proposed to reveal more
comprehensive WM changes. LDH is a model-free diffusivity
index calculated from raw diffusion-weighted images (DWI)
that measures the inter-voxel similarity of the full diffusion
profiles across a few closely located voxels. Specifically, Kendall’s
coefficient of concordance is used to quantify such an overall
diffusivity similarity between a centered voxel and those of all
its nearest neighborhood (Gong, 2013). For example, a higher
LDH value may indicate local coherence enhancement of the
fibers, possibly caused by changes in fiber myelination, diameter,
or density (Gong, 2013; Liu et al., 2016, 2017).

In this study, we used LDH to study T2DM-related brain
changes as helpful supplements to the previous FA-based studies,
aiming to test whether it is highly feasible to use such an
inter-voxel diffusivity metric in the assessment of T2DM-induced
brain WM changes. The LDH- and FA-based results were
systematically compared. In addition to the group difference
comparisons, we also searched for possible associations between
imaging phenotypes (LDH/FA) and certain clinical risk factors
(BMI and SBP) for both T2DMs and healthy controls as another
evidence of the systematic differences between inter- (LDH) and
intra-voxel indices (FA). Our hypothesis is that LDH could detect
additional WM alterations compared to FA, which might provide
new insights into the neuropathology and pathophysiology
underlying the cognitive dysfunction in T2DM.

MATERIALS AND METHODS

Participants
We focused on the T2DM patients without clinically significant
cognitive decline or any significant brain diseases in the aim
of searching for an early sign of the WM changes. This study
was approved by the local ethics committee. Written informed
consents from all participants were obtained. T2DM subjects
were selected from hospitalized patients from the endocrinology
department of the hospital, and healthy controls were from
the volunteers over the same period. T2DM was diagnosed
using fasting blood glucose >7.0 mmol/L on two separate
occasions, or 2-h blood glucose level >11.1 mmol/L during
a 75 g oral glucose tolerance test (American Diabetes, 2010;
International Diabetes Federation, 2017). All the T2DM subjects
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received insulin via a pump or subcutaneous injection during
hospitalization. All participants received a detailed neurological
examination by experienced neurologists to make sure there were
no significant cognitive complaints nor positive neurological
symptoms. General clinical measurements and demographic
information for each subject were collected, including biological
tests, chest X-ray, electrocardiogram, BMI [weight (kg)/height
(meter)2], education level, blood pressure during rest, and
duration of the disease (for T2DM patients only).

Exclusion criteria for both groups were as follows: impaired
glucose tolerance or impaired fasting glucose (International
Diabetes Federation, 2017), serious eye diseases, any sign of
cognitive impairment or positive neurological symptoms, any
history of neurologic abnormality, serious head injury (with loss
of consciousness >5min), severe hypoglycemia or hyperlipemia,
left or mixed-handedness, BMI > 30 kg/m2, substance (e.g.,
alcohol, tobacco, psychoactive drug) abuse, hypertension (the
cut-off values are based on the Seventh Report of the Joint
National Committee on Prevention, Detection, Evaluation, and
Treatment of High Blood Pressure (JNC 7), i.e., SBP = 140 mm
Hg or a diastolic blood pressure = 90 mm Hg) (Whelton
and Carey, 2017), hyperlipemia, specific abnormalities finding
in conventional MRI scans, or other factors that might affect
brain structure and function (e.g., chronic infections, organic
failure, and psychiatric diseases). In addition, all the T2DM
subjects took single-field fundus photography for the evaluation
of diabetic retinopathy. Based on the International Clinical
Disease Severity Scale for diabetic retinopathy, the subjects at the
first stage (no apparent retinopathy) and the second stage (mild
non-proliferative retinopathy) were included, while those at the
third or higher stages, or with macular edema were excluded
(Abbas et al., 2017).

Microvascular Disease Assessment
Small vascular disease [white matter hyperintensities (WMHs)
or lacunar infarction] is commonly found in T2DM patients,
especial the more elderly patients, and are also associated with
neurological impairment (Kodl and Seaquist, 2008). Therefore, it
is necessary to make sure these complications will not contribute
to our results. WMHs and lacunar infarcts were quantitatively
assessed using an age-related WM changes scale (ARWMCs)
as described before (Wahlund et al., 2001). Two experienced
radiologists blinded to group allocations separately performed
the rating. The consensus was obtained through discussion
between the two raters if they rated differently. All participants
with lacunar infarcts or a rating score >2 were excluded.

MRI Acquisition
All participants received whole-brain MRI scans with a 3T
scanner (SIGNA EXCITE GE Medical Systems, United States)
and an 8-channel head coil. The scan time was within 1 week after
enrollment and 2–3 h after a meal. First, the axial T1-weighted
[repetition time (TR)/echo time (TE) = 2100/24 ms, field of
view (FOV) = 22 cm × 22 cm, slice thickness = 5 mm
with 1-mm gap], T2-weighted (TR/TE) = 4917/107 ms,
FOV = 22 cm × 22 cm, slice thickness = 5 mm with 1-mm gap),
and fluid-attenuated inversion recovery (TR/TE = 9000/120 ms,

FOV = 24 cm × 24 cm, matrix size = 512 × 512, slice
thickness = 5 mm with 1.5-mm gap) were scanned. These clinical
scans were used for clinical evaluation to make sure there was
no positive finding (e.g., infarction and malformations) from any
subject. The high-resolution structural 3D T1-weighted images
(256 × 256 image matrix with 160 continuous sagittal slices,
1-mm isotropic voxels) and DTI data (single-shot echo-planar
imaging sequence, TR/TE = 12,000/75.5 ms, flip angle = 90◦,
FOV = 24 cm × 24 cm, matrix size = 128 × 128, axial
slice thickness = 3 mm without gap, 25 optional non-linearly
distributed directions with b values of 1000 s/mm2 and one image
with b = 0 s/mm2, acquisition time = 5 min 36 s) were acquired.

Image Processing
All DTI data processing was implemented using a pipelined
toolbox, PANDA1 (Cui et al., 2013), which is based on the
FSL2 preprocessing pipeline. Eddy-current induced geometric
distortions and head motion of all raw diffusion data were firstly
corrected. The diffusivity along each diffusion-weighted gradient
direction was calculated from the original DWI, which generated
a series of diffusivity values at each voxel. Kendall’s coefficient
of concordance was applied to quantify the overall similarity
of the diffusivity vectors between a centering voxel and its 26
neighborhoods and was attributed to this centering voxel as
LDH (Gong, 2013). An LDH map was thus computed for each
subject inside a WM mask that was generated by averaging the
un-smoothed FA maps across all healthy controls followed by
a threshold of FA > 0.25. For comparison, we also generated
FA maps for each subject by fitting a diffusion tensor model
for each voxel and calculating three eigenvalues (λ1, λ2, and
λ3) for voxel-wise FA calculation. For each subject, both LDH
and FA maps were generated in the native space. The individual
FA maps were non-linearly registered to an FA template in FSL
using FNIRT, and the deformation field was applied to each
individual’s LDH map to warp them into the common standard
space. The LDH and FA maps were further spatially smoothed
with a 6-mm full-width-at-half-maximum (FWHM) isotropic
Gaussian kernel.

Group Comparison of Inter- and
Intra-Voxel Metrics
To identify the potential T2DM imaging markers based on
both LDH and FA, voxel-wise group comparisons between the
T2DM subjects and healthy controls within the WM mask were
conducted using two-sample t-tests for the LDH and FA maps,
separately. The two-sample t-tests were conducted based on
a general linear model with REST v1.8 toolbox (Song et al.,
2011). Age, gender, and education level were considered as
covariates during the group comparisons and were regressed out.
All the statistical maps were corrected for multiple comparisons
using a Monte Carlo simulation (AlphaSim), with parameters as
follows: FWHM = 6 mm, 1000 simulations, and edge connection.
Of note, there are alternative methods to conduct AlphaSim
correlation with estimated smoothness from residual maps or

1http://www.nitrc.org/projects/panda
2http://fsl.fmrib.ox.ac.uk/fsl
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statistical maps, which has been suggested as a standard when
reporting fMRI results (Poldrack et al., 2008). A voxels level p
value < 0.01 (two-tailed) and a cluster-level p-value < 0.05 with
cluster size > 71 mm3 were considered to be significant.

Correlation Between Diffusion Indices
and Clinical Measurements
Overweight or obesity (commonly detected by BMI) was an
independent risk factor for diabetes, and hypertension (measured
by SBP cut points) have also been associated with increased risk
of cognitive and cerebrovascular dysfunction (Biessels et al., 2006;
Kodl and Seaquist, 2008; Kawamura et al., 2012). Hence, both
BMI and SBP were chosen to measure the biological/clinical
correlation with both diffusion indices within the T2DM group
and control group, separately. Specifically, voxel-wise Pearson’s
correction analysis was used to calculate the correlations between
diffusion matrixes (LDH and FA) and clinical measurements
(BMI and SBP) in the same WM mask. These correlation analyses
were also conducted in a voxel-wise manner based on a general
linear model with REST v1.8 with the same nuisance covariates
added and the same threshold strategy applied (AlphaSim
corrected p value < 0.05). Such image–clinical measurement
association analyses can also demonstrate different sensitivity
between these two diffusion indices.

RESULTS

Demographic and Clinical
Characteristics
Demographic and clinical measurements of the 34 T2DM and
32 controls are summarized in Table 1. T2DM subjects had
higher BMI, SBP, education level, and averaged fasting glucose
than the healthy controls. Twenty (58.8%) and one (3%) T2DM
subject were considered as overweight (BMI, 24–28 kg/m2) and
obesity (BMI > 28 kg/m2), respectively (Shang et al., 2013).
Nine (26.5%) T2DM subjects with SBP greater than 130 mmHg
were categorized as stage-1 hypertension. No control subject was
found to have either a BMI > 24 kg/m2 or a SBP > 130 mmHg.

Microvascular Disease Assessment
Most T2DM (n = 26) and control subjects (n = 28) had an
ARWMCs scale of 0, while the remaining (eight subjects in
T2DM and four in the control group) who were detected
with WMHs ≥ 5 mm based on both T2 and FLAIR images
had an ARWMCs scale of 1, involving bilateral frontal lobes
(n = 4), superior radiation (n = 6), occipital lobes (n = 4)
and left temporal lobe (n = 1). Lacunar infarction was not
found in any of the participants. Four subjects in the T2DM
group were classified as the second stage (mild-to-moderate,
non-proliferative) retinopathy, and the rest had no apparent
retinopathy (American Diabetes, 2010).

Group Differences in LDH and FA
Significantly higher LDH were found in the pons and the
left temporal pole in T2DM subjects compared to the healthy

TABLE 1 | Demographic and clinical characteristics and diffusion metrics in the
regions of interest.

Controls
(n = 32)

T2DM
(n = 34)

p

Age (years) 56.31 ± 4.46 58.29 ± 4.19 0.067

Gender (M/F) 18/14 10/24 0.027

BMI (kg/m2) 20.58 ± 1.47 24.36 ± 1.89 < 0.001

SBP (mmHg) 114.94 ± 5.65 124.38 ± 10.25 < 0.001

Diastolic (mmHg) 69.21 ± 4.71 76.26 ± 6.65 0.03

Education (years) 9.75 ± 1.32 10.50 ± 1.21 0.019

FDG (mmol/L) 5.28 ± 0.23 6.64 ± 2.00 < 0.001

TG (mmol/L) 1.46 ± 0.30 1.62 ± 0.44 0.101

TC (mmol/L) 4.54 ± 0.36 4.78 ± 0.98 0.205

HDL (mmol/L) 0.96 ± 0.12 1.01 ± 0.19 0.228

LDL (mmol/L) 2.46 ± 0.21 2.55 ± 0.47 0.267

HbA1c (%) − 7.85 ± 1.34 −

Course of disease (y) − 6.85 (3-14) −

LDH at pons 0.48 ± 0.09 0.56 ± 0.08 0.001

LDH at L temporal pole 0.60 ± 0.05 0.64 ± 0.04 0.003

FA at L corona 0.42 ± 0.02 0.39 ± 0.03 < 0.001

Data are presented as means ± SD, numbers of male and female, or
median (range). BMI, body mass index; SBP, systolic blood pressure; FDG,
averaged fasting glucose; TG, triglyceride; TC, total cholesterol; HDL, high-density
lipoprotein; LDL, low-density lipoprotein; HbA1c, glycosylated hemoglobin. LDH at
pons, LDH at L temporal pole: LDH values extracted from pons and left temporal
pole, respectively; FA at L corona, FA value extracted from left superior corona
radiate.

controls (Figures 1A,B). There was no decreased LDH observed
in the T2DM group. Decreased FA in the T2DM group was only
found in the left superior corona radiate (Figure 1C). The mean
LDH and FA values within these ROIs were listed in Table 1 and
clusters details were listed in Table 2.

Correlation Between Diffusion Indices
and Clinical Measurements
No correlations were found between the clinical measures and
the LDH/FA within the regions that showed the difference
between the two groups. In the following exploratory voxel-wise
correlation analysis, BMI- or SBP-associated LDH and FA in
the WM were detected for both groups. We found that for the
T2DM group, several clusters that presented correlations between
BMI/SBP and LDH had similar locations with comparable sizes
and peak values to those clusters that presented correlations
between BMI/SBP and FA (Table 3, see also the blue-colored
areas in Figure 2, which indicated the overlapping clusters
using the LDH-based results). From the scatter plots in
Figure 2, we found that increased LDH and FA in most
of the regions were associated with greater BMI or SBP
(p < 0.05, corrected). None of these correlations between
diffusion metrics and clinical measurements were found in the
healthy controls (p > 0.05), except the left temporal lobe,
where increased LDH values were associated with lower BMI
in both groups. All these results were obtained after adjusting
for age, gender and education level. Further details are listed in
Table 3.
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FIGURE 1 | Clusters of between-group differences of LDH and FA with age, gender and education level adjusted (p < 0.05, AlphaSim corrected). Significantly higher
regional LDH were found in the pons (A) and the left temporal pole (B), and significantly decreased FA were found in the left superior corona radiate (C) in T2DM
subjects compared to the healthy controls. Color scale denotes the t values; x, y, z, Montreal Neurological Institutes coordinates; L, left; R, right. The scatter plots
show LDH or FA values (means and SD) extracted from each region of interest (ROI) for each group.

TABLE 2 | Regions showing group differences in LDH and FA.

Region names
(involved metrics)

Voxel size MNI coordinates
(mm)

Peak T

Pons (LDH) 109 −2 −20 −36 3.357

L Temporal Pole
(LDH)

72 −40 6 −23 3.364

L Corona (FA) 82 −22 −8 36 −3.363

BA, brodmann area; LDH, local diffusion homogeneity; FA, fractional anisotropy;
MCP, the middle cerebellar peduncle; CST, corticospinal tract; UF, uncinate
fasciculus; ILF, inferior longitudinal fasciculus; SLF, superior longitudinal fasciculus.

BMI-Associated WM Changes
Four clusters (the yellow clusters in Figure 2A) presented
BMI-associated WM changes only by using LDH, including
left inferior temporal lobe, right supra-marginal gyrus; left
pre-central gyrus and post-central gyrus (semiovale center), and
right superior radiation. Two clusters (the violet clusters in
Figure 2A) presented BMI-associated WM changes only by using
FA, including the left inferior temporal lobe, and left calcarine
cortex. There were two marked overlapping WM areas associated
with BMI as revealed by both LDH and FA, including the right
inferior temporal lobe and left inferior parietal lobe (the blue
clusters in Figure 2A).

SBP-Associated WM Changes
Likewise, SBP-associated WM regions using only LDH are
shown in Figure 2B (the yellow blobs), including the right

inferior temporal lobe, the right inferior occipital lobe,
and the splenium of corpus callosum. The SBP-associated
WM regions using only FA located in the left superior
corona radiation, the left parahippocampus, and the vermis.
The overlapping SBP-associated regions revealed by both
LDH and FA included the right temporal pole, bilateral
orbitofrontal area (rectus gyrus), the media cingulum
bundle, and the right cerebellum crus I (shown in blue in
Figure 2B).

DISCUSSION

Major Findings and the Clinical
Indications
To our best knowledge, this is the first study that
comprehensively compare LDH and FA in a imaging-
based clinical research, and the first study using LDH for
DWI-based brain alteration detection in T2DM (American
Diabetes, 2010; Liu et al., 2016, 2017; Zhuo et al., 2016).
In this study, voxel-based intra-voxel (FA) and inter-
voxel diffusivity metrics (LDH) were used in a whole-brain
exploratory study to explore and compare their sensitivity in
between-group comparison and brain-clinical association
analysis. The results confirmed our hypothesis that (1)
inter-voxel and intra-voxel diffusivity metrics had different
sensitivity in T2DM-related WM microstructural abnormality
detection, and (2) both metrics provided supplementary
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TABLE 3 | Regions showing correlations between LDH/FA and BMI/SBP in T2DM.

Region names Voxel size MNI coordinates (mm) r value

BMI & LDH R inferior temporal lobe (fusiform)∗1 136 48 −26 −22 0.542

L inferior temporal lobe (fusiform) 155 −52 −20 −28 0.592

R supra-marginal gyrus 139 58 −14 30 −0.606

L inferior parietal lobe (fusiform)∗2 457 −46 8 36 0.661

R superior radiation 75 30 0 24 −0.574

L semiovale center/post-central gyrus 157 −44 −10 42 0.573

BMI & FA R inferior temporal lobe (fusiform)∗1 117 50 −24 −28 0.571

L inferior & middle temporal lobe 104 −68 −34 −18 0.641

L calcarine cortex (V1) 77 −2 −88 4 −0.714

L inferior parietal lobe∗2 338 −62 6 18 0.629

SBP & LDH R temporal Pole&1 641 48 20 −30 −0.715

R cerebellum_crus1&2 112 42 −68 −28 0.615

R inferior temporal love 247 48 −40 −20 0.646

B orbitofrontal area&3 276 12 40 −18 0.635

R inferior Occipital lobe 171 30 −88 −4 0.659

B cingulum bundle&4 256 6 −24 46 0.616

SBP & FA R cerebellum_Crus1&2 136 46 −62 −34 0.620

R temporal pole&2 343 40 22 −34 −0.664

B orbitofrontal area&3 206 −2 40 −22 0.674

L parahippocampus 168 −20 −44 −8 0.670

Vermis 110 2 −56 2 −0.669

L superior radiation 111 −26 8 34 0.546

B cingulum bundle&4 71 6 −26 44 0.634

BA, brodmann area; V1, primary visual cortex; OR, optic radiations; LDH, local diffusion homogeneity; FA, fractional anisotropy; BMI, body mass index; SBP, systolic
blood pressure; UF, uncinate fasciculus; ILF, inferior longitudinal fasciculus; SLF, superior longitudinal fasciculus; FPUT, the fronto-parietal U-tracts connecting pre-central
and post-central gyrus; CST, corticospinal tract; IFO, inferior fronto-occipital fasciculus; sCC, the fibers of splenium of corpus callosum; mCB, medial cingulum bundle;
gCC, genu of corpus callosum; FX, fornix; ST, stria terminalis; R, right, L, left; B, bilateral. ∗Overlapping regions associated with BMI as revealed by both LDH and FA.
&Overlapping regions associated with SBP as revealed by both LDH and FA. The number behind ∗ or &: the pairing label for each overlapping region that presents the
correlation between LDH/FA and BMI, or between LDH/FA and SBP.

information to each other in the detection of WM changes for
T2DM.

Group Difference in LDH and FA
LDH and FA Are Complementary for T2DM Imaging
Marker Detection
We found increased LDH in the T2DM patients in the pons and
the left temporal pole, while FA had no such changes. There are
two possible reasons lead to such differences. First, LDH and FA
are two different diffusion parameters with different sensitivity to
WM impairments. LDH measures the inter-voxel similarity of the
diffusivity profile in a local range, while FA measures intra-voxel
diffusivity shape (Alexander et al., 2007). It has been speculated
that LDH may be more sensitive to the microstructural coherence
changes but less sensitive to the myelination changes than FA
(Gong, 2013). Secondly, the pons and the left temporal pole
contain WM tracts of complex nature (e.g., the crossing fibers)
(Alexander et al., 2007; Kiernan, 2012). FA can be largely affected
by the crossing fibers (Alexander et al., 2007; Gong, 2013). LDH,
on the other hand, is a model-free index that has been suggested
to be more tolerable to fiber crossing (Gong, 2013; Liu et al., 2016,
2017).

We also found that, in the left corona radiata, there was a
group difference in FA but not LDH. This is consistent with

previous findings using FA for T2DM imaging marker detection
(Tan et al., 2016). Interestingly, the corona radiata also has
crossing fibers. Therefore, we assumed that the left corona radiata
could have adequate group difference, where the crossing-fiber
influence of FA could not cancel out the detection of such
a difference (Tan et al., 2016). For LDH, we speculated that
this region might have little changes in the fiber orientation
coherence, but more possibly subjecting demyelination (Gong,
2013).

Increased LDH in Pons and the Left Temporal Pole
Reflect Compensatory Effect
Increased LDH indicates the enhancement of coherence of local
fibers, which may be due to changes of the fiber myelination,
diameter, or density differences along the WM tracts. We
interpreted such an LDH increase as consequences of an
early compensatory mechanism by neuroplasticity that could
eventually disappear as the disease progresses (Gispen and
Biessels, 2000; Gong, 2013). The increased LDH in the pons
could reflect cerebellar compensation to the impaired cerebral
functions, or probably result from the functional enhancement of
the corticospinal tract (CST). These compensatory mechanisms
can be generally mediated by anatomy pathways via the pons.
Specifically, the pons contains fibers connecting the cerebellum
(via the middle cerebellar peduncle) and the cerebral cortex
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FIGURE 2 | (A) Correlations between BMI and LDH/FA, and (B) correlations between SBP and LDH/FA in T2DM subjects, with age, gender, and education level
adjusted (p < 0.05, AlphaSim corrected). The yellow colored clusters show regions affected by BMI and SBP detected only by LDH. The violet colored clusters show
regions affected by BMI and SBP only detected by FA. The blue colored clusters show regions affected by BMI and SBP detected by both LDH and FA. The scatter
plots show the correlations between clinical measurement (BMI/SBP) and diffusion metrics (LDH/FA) for each cluster and each group. ∗p < 0.05, ∗∗p < 0.01. Due to
very similar spatial patterns between the two overlapping correlation results, we only show the voxels with significant correlations to LDH to avoid too complex
patterns and muddledness in the figure.

(via CST) (Wakana et al., 2004; Buckner, 2013) as a pivotal
“relay station” and a connector. Several studies have found the
possible compensation mechanisms by the cerebellum in T2DM
patients (Xia et al., 2013; Cui et al., 2014; Wang et al., 2017).
Although these studies were based on the subjects with different
demographic and cognitive characteristics, the differences in the
cerebellum could still be detected in all of these studies due to
its compensatory ability to maintain intact cognitive functions
(Stoodley et al., 2010; Buckner, 2013; Cui et al., 2014). On the
other hand, T2DM patients could be easily affected by the diabetic
peripheral neuropathy, which could further lead to altered
sensory function (Ba-Tin et al., 2011). Moreover, T2DM subjects

often have increased BMI or even obesity, which can impair fine
motor control and cause movement disorder (Berrigan et al.,
2006). All these impaired sensory and/or motor functions could
be compensated by the increased LDH in the pons to enhance
the CST for maintaining normative neural functions in the
preclinical stage (Hsu et al., 2012; van Bloemendaal et al., 2016).

The left temporal pole has strong anatomical connections to
paralimbic regions including hippocampus, parahippocampus,
amygdala, hypothalamus, and insula (Olson et al., 2007; Kiernan,
2012). It also mediates several high-order cognitive functions,
such as memory and emotion processing (Kodl and Seaquist,
2008; Kawamura et al., 2012; McCrimmon et al., 2012). These
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regions particularly have abundant insulin receptors that are
believed to be essential for memory and other cognitive
functions (Kiernan, 2012; McCrimmon et al., 2012). In T2DM,
hyperinsulinemia or insulin-resistance leads to reduced insulin
receptors, which could affect the abovementioned regions and
cause impaired cognitive functions (Kamal et al., 1999; van
Bloemendaal et al., 2016; Alfaro et al., 2018). Therefore, the
increased LDH in the temporal pole could reflect strengthened
connections to these cognitive function-related regions and make
compensation to maintain normal cognitive functions.

To further explore such a possible compensatory effect,
we did a supplementary experiment focusing on WM
structural connectivity networks and found reduced local
efficiency at the right superior temporal pole (p < 0.05 after
Bonferroni correction, see Supplementary Material). This
finding provides another support for our claim, that is, the
increased LDH in the left-sided temporal pole could be caused
by reduced local efficiency in its right-sided counterpart. Such
a compensatory hypothesis needed to be further investigated by
future studies.

Correlation Between Diffusion Metrics
and Clinical Measurements
In the T2DM group, different WM regions were associated with
BMI and SBP, irrespective of which diffusion metrics (LDH
or FA) was used. These results indicated not only different
sensitivity of the two diffusivity metrics but also different
impacts of obesity and hypertension on the brain (Biessels
et al., 2006; Sery et al., 2014; Kullmann et al., 2015). In
general, BMI-associated WM regions in the T2DM group mainly
encompassed the bilateral association fibers (i.e., fibers that
cross the inferior temporal lobe) and the fibers connecting
the motor and somatosensory areas (pre- and post-central
gyrus). Meanwhile, the SBP-associated WM regions in the
T2DM group were more widely distributed, including fibers
in the limbic system (left parahippocampus and the media
cingulum bundle), association fibers extending to the temporal
lobe, callosal fibers, and cerebellar WM (vermis and right
cerebellum crus I). The current study showed consistent results
with previous research (Hassing et al., 2004; Brundel et al., 2014;
van Bloemendaal et al., 2016; Alfaro et al., 2018). For example, it
has been reported that the significant alterations of odor-induced
brain activations, especially the significantly decreased activation
in the hippocampus and parahippocampus of the dominant
hemisphere could occur before brain structural changes in T2DM
with normal cognitive functions (Zhang et al., 2018). We noticed
that in the current study, increased LDH and FA values in
most of the regions (e.g., bilateral orbitofrontal area and the
left parahippocampus) were associated with greater BMI or SBP;
while inverse correlations between the clinical measurements
and the diffusion metrics were mainly in the right hemisphere.
Since greater BMI and SBP were associated with increased risks
of cognitive dysfunctions (Hassing et al., 2004; Alfaro et al.,
2018), the inverse brain-clinical associations in our study suggest
potential damage of WM fiber structure in T2DM even before
the onset of symptoms. Likewise, such brain-clinical associations

in the opposite direction could also be explained as recruitment
capacity to maintain the cognitive performance in circumstances
of altered BMI or SBP (Biessels et al., 2006; Liu et al., 2017; Xia
et al., 2017).

The mechanisms of how obesity and hypertension affect the
human brains WM integrity have not been fully elucidated,
because the T2DM per se and its metabolic syndromes could
share common pathways, which lead to complex metabolic,
inflammatory and microvascular disturbances (van Bloemendaal
et al., 2016; Alfaro et al., 2018). All these factors may weigh
into WM microstructural damages and cognitive decline; thus,
it is difficult to differentiate the biological and neurological
consequences of each individual factor (Biessels et al., 2006; Toth
et al., 2006; Geha et al., 2017; Alfaro et al., 2018). Taken together,
we propose that the correlations between brain imaging metrics
and clinical measurements could be a probable result from brain
plasticity and other compensatory mechanisms, which allow
the brain to adapt according to the changes in environmental
pressure, physiology, and pathology caused by T2DM in order
to maintain a normative level of cognitive functions (Kamal
et al., 1999; van Harten et al., 2006; Biessels and Reijmer, 2014;
Concha, 2014; van Bloemendaal et al., 2016; van Bussel et al.,
2017).

Strengths and Limitations
The current study features several strengths. First, to our best
knowledge, it is the first to investigate inter-voxel diffusivity
metrics in the T2DM brains. It is also the first comprehensive
investigation that combines between-group comparisons and
a brain-clinical measure association analysis, which together
comprehensively reveal the T2DM-related brain alterations.
Second, the two groups involved in this study had relative
younger age and narrow age range compared to most of
the other studies (Reijmer et al., 2013a; van Bussel et al.,
2017; Xia et al., 2017). Such features could alleviate the
cohort heterogeneity problem and reduce the nuisance effect
of age (Gispen and Biessels, 2000; Biessels et al., 2006;
Salthouse, 2009). Third, low microvascular risk (i.e., no
infarction, no significant WMHs, and no apparent retinopathy)
with no apparent cognitive impairments in the two groups
could further minimize confounding effects (Peng et al.,
2016).

One of the possible concerns is the unmatched education
level and gender. However, we could not find out any significant
gender- and education level-effect on the LDH and FA from
a linear regression test. Meanwhile, all the main analysis were
conducted with age, gender and education level as covariates
to exclude their potential influences. Therefore, we believe that
education level and gender could have an insignificant effect
on the results. Due to the difficulty of collecting middle-aged
cognitively normal T2DM patients, we intended to include as
many subjects as possible in this study. Another limitation
is that the true biological meaning of LDH is still unclear
by now. Although we have made tentative explanations and
interpretations in terms of potential neuromechanism and
biological substrates of the LDH, these interpretations are
stillhighly speculative. Future studies may need to manipulate the
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WM changes with a specific disease or animal model to further
investigate the neural basis of LDH changes.

CONCLUSION

Our study indicated that inter-voxel (local diffusion
homogeneity, LDH) and intra-voxel (FA) metrics had different
sensitivity in detection of T2DM-related WM microstructural
abnormalities. The combination of FA and LDH could
provide supplementary information and better reveal the
underlying brain changes due to diabetes. We found interesting
compensatory recruitment of the pons and the left temporal pole
with increased LDH in T2DM compared to the healthy controls.
Such a compensatory mechanism and the potential associations
between risk factors and imaging findings in the middle-aged
T2DM patients hold great clinical potential in detecting early
imaging markers of T2DM.
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The notion of dysconnectivity in schizophrenia has been put forward for many years
and results in substantial attempts to explore altered functional connectivity (FC) within
different networks with inconsistent results. Clinical, demographical, and methodological
heterogeneity may contribute to the inconsistency. Forty-four patients with first-episode,
drug-naive schizophrenia, 42 unaffected siblings of schizophrenia patients and 44
healthy controls took part in this study. Global-brain FC (GFC) was employed to analyze
the imaging data. Compared with healthy controls, patients with schizophrenia and
unaffected siblings shared enhanced GFC in the left superior frontal gyrus (SFG). In
addition, patients had increased GFC mainly in the thalamo-cortical network, including
the bilateral thalamus, bilateral posterior cingulate cortex (PCC)/precuneus, left superior
medial prefrontal cortex (MPFC), right angular gyrus, and right SFG/middle frontal gyrus
and decreased GFC in the left ITG/cerebellum Crus I. No other altered GFC values
were observed in the siblings group relative to the control group. Further ROC analysis
showed that increased GFC in the left SFG could separate the patients or the siblings
from the controls with acceptable sensitivities. Our findings suggest that increased GFC
in the left SFG may serve as a potential endophenotype for schizophrenia.

Keywords: schizophrenia, global-brain functional connectivity, functional magnetic resonance imaging,
endophenotype, network

INTRODUCTION

Characterized by disturbances of perception (Yoon et al., 2008), cognition (Barch and Csernansky,
2007), emotion (Holt et al., 2011), and thought (Corlett et al., 2007), schizophrenia is a devastating
and complex mental disorder, affecting adults as well as adolescence with highly heterogeneous
and multifaceted clinical syndromes instead of a single disease entity (Yu et al., 2017). The
diagnosis of schizophrenia is largely dependent on the psychiatrists’ evaluation and experience
based on the comprehensive history records and laboratory examinations (Chin et al., 2018). In
recent decades, great efforts have been made to identify reliable and objective biomarkers, such as
electrophysiological (Turetsky et al., 2008; Smith et al., 2010; Edgar et al., 2012), neuropsychological
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(Smith et al., 2010; Edgar et al., 2012; Schulze-Rauschenbach
et al., 2015), and neuroimaging indices (Edgar et al., 2012; Turner
et al., 2012; Moran et al., 2013).

It has been postulated that schizophrenia is a
neurodevelopmental disorder with abnormal neural connectivity
of discrete brain networks and genetic and environmental
factors may contribute to such dysconnectivity (Maynard et al.,
2001; Karlsgodt et al., 2008). To date, substantial neuroimaging
studies reveal structural and functional aberrations in many
brain areas in schizophrenia or high risk populations, or both of
them, including the prefrontal, cingulate, temporal, cerebellar,
hippocampal, and thalamic regions (Rubinov and Bullmore,
2013; Thermenos et al., 2013; Bois et al., 2015; Chung and
Cannon, 2015) within various brain networks such as the
default-mode network (DMN) (Bluhm et al., 2007; Zhou et al.,
2007; Ongur et al., 2010), cerebellar-cerebral networks (Konarski
et al., 2005; Phillips et al., 2015), and thalamo-cortical networks
(Andreasen et al., 1996; Jones, 1997; Swerdlow, 2010). Unaffected
siblings of patients with schizophrenia, a subgroup of high risk
subjects with approximately 50% of genetic burden (Pergola
et al., 2017), have about a 10-fold increased risk to develop
schizophrenia than general population (Chang et al., 2002).
Unaffected siblings are free from confounding variables caused
by environmental or disease-associated factors, and thus having
an advantage to assess brain function with limited confounding
factors. For example, disturbed resting-state FC has been
observed in the first-degree relatives (Jang et al., 2011), which
was predominantly altered in schizophrenia (Lynall et al., 2010;
Skudlarski et al., 2010). Therefore, similar brain abnormalities
shared by patients with schizophrenia and unaffected siblings
can be regarded as potential endophenotypes for schizophrenia.
Endophenotypes are some heritable and characteristic changes
certainly present in patients but are possible to appear in
unaffected relatives. They segregate with the disease within
families and can be biochemical, neuroanatomical, cognitive,
endocrine, or neurophysiological parameters (Gottesman and
Gould, 2003; Bertolino and Blasi, 2009).

However, results from resting-state functional magnetic
resonance imaging (fMRI) of abnormal intrinsic neural activity
and/or functional connectivity (FC) across brain areas within
those networks were inconsistent: increased FC (Zhou et al.,
2007), decreased FC (Bluhm et al., 2007), or both (Ongur et al.,
2010). One possible factor accounting for the mixed findings
is that the majority of neuroimaging studies adopted either
seed-based region-of-interest (ROI) analysis or independent
component analysis (ICA), both of which are, to some extent,
dependent on prior assumptions rather than employing a whole-
brain examination (McKeown et al., 2003; Mannell et al.,
2010; Joel et al., 2011). Therefore, it is possible to miss the
most significantly altered regions which may indicate the core
pathophysiology of schizophrenia.

Another reason may be that heterogeneous samples with
different illness duration and medication history have biased
the findings. Results from some longitudinal MRI studies in
patients with chronic schizophrenia have showed accelerated
gray matter loss over time and such progressive structural
alterations were more remarkable at the initial stage of illness

(Yoshida et al., 2009; Chiapponi et al., 2013;Schnack et al., 2016).
As for resting-state fMRI studies, researchers have revealed
reduced FC within the executive control network (ECN), DMN
and dorsal attention network (DAN) in medicated patients
(Woodward et al., 2011), whereas no changes were found within
the ECN network in first-episode, drug-naive patients with
schizophrenia (Lui et al., 2009). Therefore, it is essential to recruit
first-episode, drug-naive patients with schizophrenia to explore
the intact connectivity of these networks.

In the present study, we aimed to explore global-brain
FC (GFC) differences by comparing a group of first-episode,
drug-naive patients with schizophrenia and unaffected siblings
with healthy controls employing the voxel-wise model-free
GFC method, which had been described in details in our
previous study (Cui et al., 2018). Apart from the seed-based
ROI method and ICA method, GFC is another method of
functional connectome which consists of FC of anatomically
different brain areas (Craddock et al., 2013). Unlike the ROI
and ICA methods, GFC is not biased by a priori specification
of brain areas like ROI and spares from controversial views
on the number of components in the ICA method (Kelly
et al., 2012). Thus, the GFC method was preferable in our
study. Based on the dysconnectivity hypothesis of schizophrenia
and aforementioned studies, we hypothesized that patients
with schizophrenia would reveal abnormal GFC in brain
regions pertain to certain networks especially the DMN
and thalamo-cortical circuit. Another hypothesis was that
disrupted GFC could serve as an endophenotype shared by
patients with schizophrenia and unaffected siblings. In addition,
receiver operating characteristic (ROC) curve was conducted
to differentiate the patients and unaffected siblings from
the controls. Finally, we also examined correlations between
disrupted GFC and clinical variables such as illness duration
and symptom severity assessed by Positive and Negative
Syndrome Scale (PANSS).

MATERIALS AND METHODS

Participants
Forty-six patients with first-episode, drug-naive patients
with schizophrenia, 46 non-affected siblings of patients with
schizophrenia and 46 healthy controls took part in this study.
All subjects were right handed, and aged from 18 to 37 years
with more than 6 years of formal education. Handedness was
determined by the Annett Hand Preference Questionnaire
(Dragovic and Hammond, 2007). The study was in accordance
with the Helsinki Declaration and approved by the local ethics
committees of the Second Affiliated Hospital of Guangxi
Medical University. All participants signed their written
informed consent.

The included patients and siblings were recruited from
the Mental Health Center, the Second Affiliated Hospital
of Guangxi Medical University in China, and the controls
were recruited from the local community. The diagnosis of
schizophrenia was made by two research psychiatrists (W.G.
and Z.Z.) according to the Structured Clinical Interview of the

Frontiers in Neuroscience | www.frontiersin.org 2 February 2019 | Volume 13 | Article 14539

https://www.frontiersin.org/journals/neuroscience/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles


fnins-13-00145 February 22, 2019 Time: 18:25 # 3

Ding et al. A Possible Endophenotype for Schizophrenia

Diagnostic and Statistical Manual of Mental Disorders-IV (DSM-
IV) criteria, patient edition, whereas non-patient version was
used for unaffected siblings and healthy controls to rule out any
psychiatric conditions. No antipsychotic medications or other
psychotropic agents were treated to the patients, and PANSS
total scores referring symptom severity of them was more than
70 at baseline. All participants did a series of routine physical
examinations including systems review and laboratory tests to
exclude any significant medical conditions and shared the same
exclusion criteria: neurological disorders or history of brain
injury, history of nicotine dependence, alcohol or other substance
dependence, or any contraindications to MRI scan. In addition,
potential controls who had a first-degree relative diagnosed with
psychiatric disorders were also excluded.

Imaging Acquisition and Preprocessing
Scanning was performed on a Siemens 3.0 T scanner. Participants
with soft earplugs and foam, which could reduce scanner noise
and head movement, were informed to lay still and remain
awake with their eyes closed. After scanning, all subjects were
asked some questions to claim that they did not fall asleep
during the scanning. The images were acquired with a gradient-
echo echo-planar imaging (EPI) sequence using the following
parameters: repetition time/echo time (TR/TE) = 2000 ms/30 ms,
30 slices, 64 × 64 matrix, 90◦ flip angle, 24 cm field of view,
4 mm slice thickness, 0.4 mm slice gap, and 250 volumes
lasting for 500 s.

Software DPABI was used to preprocess the imaging data
(Yan et al., 2016). After slice timing and head motion correction,
participants with over 2 mm maximal translation and 2◦maximal
rotation were excluded. Several covariates, including Friston-24
head motion parameters acquired through rigid body correction
(de Kwaasteniet et al., 2013), signal from a ventricular region
of interest, and signal from a region centered in the white
matter, were removed. In addition, we applied mean frame-wise
displacement (FD) according to a formula described previously
(Liu et al., 2008; Power et al., 2012) to address the residual effects
of motion as a covariate in group analyses. The global signal was
not removed since it is still a controversial practice in the resting-
state fMRI field (Hahamy et al., 2014). Then, we normalized the
data to conventional EPI template in the Montreal Neurological
Institute (MNI) space at a 3 mm × 3 mm × 3 mm resolution.
Finally, the images were bandpass-filtered (0.01–0.08 Hz) and
linearly detrended following spatially smoothed with a 4 mm
full-width at half-maximum Gaussian kernel.

GFC Analysis
Voxel-wise GFC method, defined as FC between a selected voxel
and all other voxels in a given gray matter mask, was used to
create voxel-to-voxel maps by composing GFC values of all voxels
for each subject. SPM8 in Matlab (Liu et al., 2015) was used
to generate the gray matter mask by setting the threshold at
probability > 0.2. According to Yan and colleagues (Chao-Gan
and Yu-Feng, 2010), a threshold of 0.2 was used to create a gray
matter mask in this study, which indicated that voxels with the
probability > 0.2 would be classified as gray matter. The GFC was

computed as:
GFCa = 6n

b=1
r (Ta, Tb)

n− 1

Where, Pearson’s correlation coefficient (r) was calculated
at the given voxels a and b for Ts, a pair of time series,
followed by Fisher r-to-z transformation (Cui et al., 2018) and
the GFC of a voxel was the coefficient of this voxel with all other
voxels in the mask.

Statistical Analysis
When appropriate, demographical data including age, sex, and
years of education and clinical data were compared by using Chi-
square test and analysis of variance (ANOVA).

After performing analysis of covariance (ANCOVA), post hoc
t-tests were carried out to compare group differences among
patients with schizophrenia, unaffected siblings, and controls.
Age and the mean FD were applied as covariates in the ANCOVA
and post hoc t-tests. The results were corrected by the Gaussian
random field (GRF) theory at p < 0.05 (voxel significance:
p < 0.001, cluster significance: p < 0.05).

After identifying brain regions with abnormal GFC values
showing significant differences by group comparisons, the mean
GFC values were extracted from these regions for further ROC
curves analysis, which was used to examine whether these regions
could discriminate patients with schizophrenia or unaffected
siblings from healthy controls as reliable markers.

Linear correlation analyses were performed between abnormal
GFC and clinical variables in PANSS scores and illness duration
in the patient group (p < 0.05). The Bonferroni correction was
used to limit type I error.

RESULTS

Demographical and Clinical
Characteristics
Two patients, 4 siblings, and 2 healthy controls were excluded due
to excessive head motion. Therefore, the final analysis enrolled 44
patients, 42 non-affected siblings, and 44 healthy controls. The
three groups had no significant differences in age, sex, education
level, and FD values (see Table 1). The mean illness duration of
the patients was 22.34± 7.01 months, and the mean PANSS total
score was 90.70± 11.17.

Group Differences in the GFC Values
Compared with healthy controls, patients with schizophrenia and
unaffected siblings shared enhanced GFC in the left superior
frontal gyrus (SFG). In addition, as showed in Table 2 and
Figure 1, the patient group had increased GFC in other areas
such as the bilateral PCC/precuneus, and decreased GFC in the
left ITG/cerebellum Crus I relative to the control group. No other
altered GFC values were observed in the siblings group relative to
the control group (Table 2 and Figure 2).

Correlation Results
After the Bonferroni correction (p > 0.05/7 = 0.007 for
abnormal GFC values in the seven brain regions), no significant
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correlations were found between GFC values and clinical
variables in the patients.

ROC Results
Since the left SFG exhibited increased GFC in both the patients
and the siblings, it might be considered as a marker to separate
the patients or the siblings from the controls. To examine
this potential, ROC analysis was conducted. As shown in
Figure 3, to discriminate the patients or the siblings from
the controls, the areas under the curve of the left SFG were
0.829 or 0.748, respectively. Further diagnostic analysis showed
that the sensitivity and specificity to separate the patients or
siblings from the controls were 70.45 or 85.71%, and 90.91 or
56.82%, respectively.

DISCUSSION

In the present study, we first tested abnormalities of voxel-
wise brain-wide FC in first-episode, drug-naive patients with
schizophrenia and non-affected siblings using the GFC analysis.
The key finding was that the patients and the siblings shared
enhanced GFC in the left SFG relative to the controls. Further
ROC analysis showed that the GFC value in this area might
serve as a marker with a relatively high sensitivity to discriminate
the patients or the siblings from the controls. Compared to
healthy controls, patients with schizophrenia showed disturbed
GFC mainly in the thalamo-cortical network.

There are two important features of our study. First, we
explored FC abnormalities in patients with schizophrenia in
an unbiased way using the voxel-wise brain-wide method. To
date, not a unanimous pattern of brain functional anomalies

TABLE 1 | Baseline demographic and clinical characteristics of the
study participants.

Patients
(n = 44)

Siblings
(n = 42)

Controls
(n = 44)

p-value

Gender (male/
female)

28/16 28/14 23/21 0.35

Age (years) 23.45 ± 4.24 23.57 ± 3.62 23.55 ± 2.58 0.99

Education
(years)

11.11 ± 2.46 12.13 ± 2.24 11.30 ± 1.67 0.11

FD (mm) 0.03 ± 0.03 0.03 ± 0.01 0.03 ± 0.02 0.34

Illness duration
(months)

22.34 ± 7.01

PANSS

Positive
symptom score

22.48 ± 5.37

Negative
symptom score

22.50 ± 6.38

General
symptom score

45.73 ± 6.97

Total score 90.70 ± 11.17

FD, framewise displacement; PANSS, the Positive and Negative Syndrome Scale;
Values are expressed as mean ± SD.

pertaining to schizophrenia has converged among researchers,
though these studies have indicated importance of abnormalities
in certain brain circuits. The reason may be that many previous
studies in this field focused on some predefined brain areas
using approaches based on ROI (Guo et al., 2015a). It is
conceivable that different studies obtained different results by
selecting different ROIs. Additionally, it is possible that the most
important brain regions relating to the core pathological changes
in schizophrenia were never covered in some studies. On the
contrary, the GFC method used in our study investigated the FC
abnormalities in a voxel-wise brain-wide and more importantly,
an unbiased way.

The second important feature is the sample groups
recruited in this study. First-episode, drug-naive patients
with schizophrenia were recruited to explore the intact
connectivity of these networks in the present study. Except
patients with schizophrenia, unaffected siblings were also
enrolled in the study. Taking into account that schizophrenia
is a highly heritable and complex disorder, unaffected siblings
of schizophrenia patients who share remarkable genetic
backgrounds with the patients are at a high-risk state to
develop the disease (Jang et al., 2011). In order to have a
more comprehensive insight into the neural underpinnings
of schizophrenia, it is essential to investigate this group of
people without interference of clinical and treatment matters.

TABLE 2 | Baseline group comparison in levels of GFC across groups.

Cluster
location

Peak (MNI) Number of
voxels

T-value

x y z

Patients vs.
Controls

Left
ITG/cerebellum
Crus I

−45 −42 −24 55 −4.6571

Bilateral
thalamus

6 −12 15 50 4.2670

Right angular
gyrus

51 −57 33 139 4.6931

Bilateral
PCC/precuneus

3 −54 33 67 4.0364

Left superior
MPFC

−9 54 45 66 4.4945

Right superior
frontal
gyrus/middle
frontal gyrus

39 24 48 150 5.0740

Left superior
frontal gyrus

−9 27 60 113 5.1110

Siblings vs.
Controls

Left superior
frontal gyrus

−15 66 9 28 4.1515

GFC, global-brain functional connectivity; ITG, inferior temporal gyrus; MPFC,
medial prefrontal cortex; PCC, posterior cingulate cortex.
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FIGURE 1 | Abnormal GFC in patients with schizophrenia relative to healthy controls. GFC, global-brain functional connectivity.

In addition, with more efforts putting into the effective
treatment that could improve the clinical outcomes of patients
with schizophrenia considerably, earlier identification and
intervention are pushed to an urgent place (Chang et al.,
2016). Investigating the vulnerability state and initial period of
schizophrenia are help to address this issue.

The left SFG, involving in the impaired attention and cognitive
domains (Wolf et al., 2008) including perception, working
memory (Jenkins et al., 2018), and active imagery (Qiu et al.,
2018), is one of the most consistently explored regions that
may be a key hub in the pathophysiological processes of
schizophrenia. In present study, increased GFC of the left SFG
was found both in patients with schizophrenia and unaffected
siblings and further ROC analysis exhibited that the GFC
values of this region might be applied as a potential marker
to differentiate the patients as well as the siblings from the
controls with relatively high sensitivity. However, no correlations
were found between the GFC value in this area and symptom
severity or illness duration, which was somewhat out of our
expectations. We supposed that the enhanced FC might be a trait
alteration for schizophrenia independently of symptom severity
and illness duration. The relatively small sample size was also
a confounding factor. In addition, consistent with our results,

many previous resting-state fMRI studies recorded no correlation
between abnormal FC and clinical variables in patients with
schizophrenia (Guo et al., 2015a). Actually, some researchers have
reported a similar pattern of cognitive deficits between patients
with schizophrenia and the first-degree relatives, including
working memory, set shifting, and prepotent response (Johnstone
et al., 2002; Brewer et al., 2005; Snitz et al., 2006). Similarly,
a M100 magnetoencephalography study found greater left SFG
M100 activity in not only patients with schizophrenia but also
unaffected relatives (Chen et al., 2018). This shared auditory
encoding abnormality indicated a compensatory adjustment by
overactivating dorsal auditory pathway (Chen et al., 2013) and
could also be regarded as a potential endophenotype.

The thalamus, associated with many brain functions such as
cognitive and attention control (Carlesimo et al., 2011; Schmitt
et al., 2017), goal-directed mental operation (Doucet et al.,
2018), and experience and expression of emotion (Frodl et al.,
2002), is a complex structure. Several neurobiological studies
have postulated that the pathophysiology of schizophrenia
involves abnormal functional interactions between the cortex
and thalamus, the subcortical structure (Cheng et al., 2015).
Our result of increased GFC in bilateral thalamus was consistent
with previous studies, which found increased connectivity
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FIGURE 2 | Enhanced GFC in the left SFG in the siblings compared to the
controls. GFC, global-brain functional connectivity; SFG, superior frontal
gyrus.

between thalamus and motor and somatosensory cortical
areas (Woodward et al., 2012). Compensatory effort or
dedifferentiation is always considered as an explanation of
hyperconnectivity of brain regions (Cabeza et al., 2002; Grady
et al., 2005; Guo et al., 2013; Su et al., 2015), which may
be affected by inflammation process in the early state of
schizophrenia. In that state (Anticevic et al., 2015), astrocytes
could be activated by proinflammatory cytokines like interleukin-
6, and consequently the metabolism and blood flow increased

(Liberto et al., 2004). It is noteworthy that numerous thalamic
nuclei comprise the thalamus, and there are topographically
parallel pathways linking these anatomical segregated nuclei to
different cortical regions within the thalamo-cortical circuits
(Alexander et al., 1986; Haber, 2003; Woodward et al., 2012).
Pergola and colleagues found that gray matter volume of the
mediodorsal thalamic nucleus was associated with schizophrenia
but state-related, while the left anterior and midline thalamic
nuclei was the most important region associated with familial
risk (Pergola et al., 2017). Decreased connectivity between the
prefrontal cortex and dorsomedial/anterior thalamus was also
observed in previous studies (Woodward et al., 2012). It is still
unclear whether the increased GFC in the bilateral thalamus
documented by our study pertains to specific thalamic nuclei and
whether there are associations between functional and structural
imaging findings relating to thalamus. In addition, age is a vital
factor that should be considered from a neurodevelopmental
perspective. According to Fair and colleagues, there were
significant differences in the thalamo-cortical FC between
children, adolescents, and adults (Fair et al., 2010).

The DMN, including brain regions such as the posterior
cingulate cortex (PCC)/precuneus, medial prefrontal cortex
(MPFC), angular gyrus (Andrews-Hanna et al., 2014), and
parahippocampal gyrus (Raichle et al., 2001), is one of the most
consistently disturbed resting-state networks in patients with
schizophrenia. MPFC is involved in the regulation of emotional
behavior and self-referential processing in the DMN (Chen et al.,
2012; Yu et al., 2014) and the angular gyrus plays an important
role in the language process, spatial cognition, and memory
retrieval (Uddin et al., 2010). Therefore, disturbed DMN network
connectivity may be linked to part of poor performance seen
in patients with schizophrenia. Some researchers also found
unaffected siblings having altered regional activity in certain
brain areas of the DMN (Guo et al., 2014a,c). However, one
study showed no marked FC difference within the DMN between
patients with schizophrenia and controls (Wolf et al., 2011). The

FIGURE 3 | Receiver operating characteristic (ROC) curve of separating the patients and the siblings from the controls by using the GFC values in the left SFG. GFC,
global-brain functional connectivity; SFG, superior frontal gyrus.
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inconsistency may result from sample heterogeneity, sample
size, and analysis methods. For patients with schizophrenia,
illness duration and potential medication effects are also
confounding factors. Consistent with our results, the
ITG, important for emotional processing, social cognition
(Guo et al., 2014b), and facial perception (Schultz et al.,
2000), has been reported to have reduced FC in patients
with schizophrenia as compared with healthy controls
(Vercammen et al., 2010). Previous evidence also suggests
that the impairment of temporal lobe and constituent
parts in schizophrenia patients may be an important
element in the emergence of auditory hallucinations and
thought disorder (Seok et al., 2007). Intriguingly, one study
suggested that deficit schizophrenia, a subgroup of patients
with poorer treatment response and greater possibility to
become chronicity compared to non-deficit schizophrenia,
demonstrated structural and functional abnormalities in ITG
(Yu et al., 2017).

In addition to the relatively small sample size, there are some
limitations in this study. First, the scanning did not conduct
again in the patients group after treatment. A longitudinal
study is better to portray the continuous GFC alteration
of brain networks in vulnerable people and patients with
schizophrenia. Second, structural alterations, including gray
matter and white matter, were not examined in this study.
According to some researchers (Guo et al., 2012, 2015b), there
were structural alterations in the gray matter and white matter
in patients with schizophrenia. Hence, structural alterations
underlying GFC remain unclear. However, the neuroimaging
data of patients, siblings, and controls were preprocessed in
the same way in order to minimize the effects caused by
lack of structural examination in the present study. Finally,
the study was based on resting-state fMRI without tasks
involved. Therefore, it may restrict the generalizability of this
study and the interpretation of underlying pathophysiology
should be caution.

CONCLUSION

In summary, this study is the first to explore voxel-wise brain-
wide FC in first-episode drug-naive patients with schizophrenia
and unaffected siblings. Dysconnectivity of the thalamo-cortical
circuits may involve in the etiology of schizophrenia. Enhanced
GFC in left SFG may serve as a potential endophenotype
for schizophrenia.
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Background: Analyses of resting-state functional magnetic resonance imaging (rs-fMRI) 
have been performed to investigate pathophysiological changes in the brains of patients 
with autism spectrum disorder (ASD) relative to typically developing controls (CTLs). 
However, the results of these previous studies, which have reported mixed patterns of 
hypo- and hyperconnectivity, are controversial, likely due to the small sample sizes and 
limited age range of included participants.

Methods: To overcome this issue, we analyzed multisite neuroimaging data from a large 
sample (n = 626) of male participants aged between 5 and 29 years (mean age = 13 years). 
The rs-fMRI data were preprocessed using SPM12 and DPARSF software, and signal 
changes in 90 brain regions were extracted. Multiple linear regression was used to exclude 
the effect of site differences in connectivity data. Subcortical–cortical connectivity was 
computed using connectivities in the hippocampus, amygdala, caudate nucleus, putamen, 
pallidum, and thalamus. Eighty-eight connectivities in each structure were compared 
between patients with ASD and CTLs using multiple linear regression with group, age, and 
age × group interactions, head movement parameters, and overall connectivity as variables.

Results: After correcting for multiple comparisons, patients in the ASD group exhibited 
significant increases in connectivity between the thalamus and 19 cortical regions distributed 
throughout the fronto-parietal lobes, including the temporo-parietal junction and posterior 
cingulate cortices. In addition, there were significant decreases in connectivity between 
the amygdala and six cortical regions. The mean effect size of hyperconnectivity (0.25) 
was greater than that for hypoconnectivity (0.08). No other subcortical structures showed 
significant group differences. A group-by-age interaction was observed for connectivity 
between the thalamus and motor-somatosensory areas.

Conclusions: These results demonstrate that pathophysiological changes associated with 
ASD are more likely related to thalamocortical hyperconnectivity than to amygdala-cortical 
hypoconnectivity. Future studies should examine full sets of clinical and behavioral symptoms 
in combination with functional connectivity to explore possible biomarkers for ASD.

Keywords: resting, functional magnetic resonance imaging, age, development, network, amygdala
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INTRODUCTION

Autism spectrum disorder (ASD) is characterized by atypical 
social communication and restricted patterns of behavior, 
interest, or activities, both of which must be present in the 
early developmental period (1). Hyper- or hyporeactivity to 
sensory stimuli and unusual interest in sensory aspects of the 
environment are highly significant symptoms that are directly 
associated with subjective distress in daily life in affected patients 
(2). The distress caused by particular sensory stimuli can cause 
maladaptive behaviors in those who are unable to communicate 
appropriately in social situations. Although sensory hyper- and 
hyporesponsiveness are not unique to ASD, they appear to be 
more prevalent in this population than among individuals with 
other developmental disabilities or schizophrenia. Previous 
studies have investigated the neurophysiological basis of such 
disturbances in unimodal and multimodal sensory processing 
among patients with ASD, as well as disturbances in shifting 
attention to and from sensory stimuli (3, 4).

Extensive structural and functional neuroimaging studies 
have investigated alterations in patterns of brain connectivity in 
patients with ASD, relative to typically developing controls. Such 
studies often employ resting-state functional magnetic resonance 
imaging (rs-fMRI), a powerful tool for functional connectivity 
(FC) analysis that may help to elucidate pathophysiological 
correlates in the brains of patients with ASD. Both hypo- and 
hyperconnectivity have been observed in brain regions implicated 
in ASD. That is, the results of each study range from robust 
underconnectivity to robust overconnectivity depending on the 
age of participants and type of analysis pipeline. Indeed, previous 
research has indicated that, in FC analyses, overconnectivity or 
underconnectivity in patients relative to controls depends on 
the application of bandpass filtering and task regressors (5). In 
addition, the use of global signal regression (GSR) has always 
been debated because the global signal may also include neuronal 
activity within the whole brain (6). Thus, methodological 
variables have exerted indispensable effects on group differences 
reported in previous studies.

Mixed results have also been reported regarding differences in 
FC between patients with ASD and controls. For example, Glerean 
et al. suggested that the mixture of hypo- and hyperconnectivity 
reported across previous ASD studies is reflected in the 
composition of the default-mode and ventro-temporal-limbic 
subnetworks (7). In this study, the ASD group exhibited reduced 
interhemispheric connectivity in regions of typically high 
interhemispheric connectivity and increased interhemispheric 
connectivity in areas of typically reduced connectivity (8). In 
contrast, a study by Tyszka et al. demonstrated that neurotypical 
and high-functioning adults with autism displayed very similar 
patterns and strengths of resting-state connectivity, reporting no 
evidence for altered connectivity at the whole-brain level (9).

These seemingly contradictory findings may be the result 
of the small sample sizes utilized in previous studies. Abraham 
et al. demonstrated the high classification accuracy of ASD as 
compared with controls using a large (n = 871) multisite dataset 
known as the Autism Brain Imaging Data Exchange (ABIDE) 
database (10). In another study involving a larger sample size, 

418 patients with ASD and 509 matched controls underwent 
whole-brain voxel-based rs-fMRI, which revealed that patients 
with ASD exhibited reduced cortical connectivity in the 
middle temporal gyrus/superior temporal sulcus and increased 
connectivity in the medial thalamus (11). Such findings indicate 
that the use of a large multisite dataset may help to elucidate the 
functional changes in brain connectivity associated with ASD.

A small sample size and limited age range make it difficult to 
reproduce the studies, as disease-specific patterns of brain activity 
may change across age groups, and analyses using multiple tests 
of connectivity fail after correcting for multiple comparisons. 
To overcome these issues, we analyzed a large rs-fMRI dataset 
from the ABIDE II database that included only male patients 
ranging in age from 5 to 29 years. Our primary hypothesis 
was that neurophysiological changes observed in the brains of 
patients with ASD are caused by dysconnectivity (hypo- and/or 
hyperconnectivity) between subcortical structures and cortical 
mantles. This hypothesis was driven by a recent developmental 
theory, which proposes that functional imbalances between 
the affective control system involving subcortical structures 
(e.g., amygdala and striatum) and the cognitive control system 
mediated by the prefrontal cortices may affect emotional and 
social behaviors during early to late adolescence (12). According 
to this model, sensory modulation in ASD (2, 3) most likely 
involves functional alterations in thalamocortical connectivity, 
as the thalamus is known to connect primary sensory input with 
higher-order cortical areas (13–15).

MATERIALS AND METHODS

Participants
The original imaging and demographic data were collected 
from the ABIDE II database (http://fcon_1000.projects.nitrc.
org/indi/abide/index.html), which allows unrestricted usage for 
noncommercial research purposes. Although the dataset included 
both adults and children of both sexes, only male participants 
ranging from 5 to 29 years of age were included in the present 
study. Brain images and related data from 368 patients with ASD 
and 362 control participants with typical development (CTL) 
from 17 universities and research institutes were used for the 
initial analysis. Following exclusion of participants with excessive 
head movement during scanning and failure in the spatial 
normalization steps (for details, see the section Imaging Data 
Analysis), the results from the remaining 311 patients with ASD 
and 315 CTLs were reported. The mean ages ( ± s.d). in the ASD 
and CTL groups were 13.9 ± 5.3 and 13.4 ± 5.5 years, respectively. 
The participants’ demographic data and the abbreviated names of 
each institution are listed in Supplementary Table 1. The ethics 
committee of the Nagoya University School of Medicine approved 
the usage of these anonymous data for research purposes.

Autism was diagnosed using the Autism Diagnostic Interview-
Revised (ADI-R) (16) and Autism Diagnostic Observation 
Schedule (ADOS) (17) in almost all cases. The CTL participants 
were screened in clinical interviews conducted by experts in 
child psychiatry. Intelligent quotients (IQs) were measured 
in 301 patients with ASD and 310 CTLs; however, all but one 
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institute provided full scale IQ, while one institute (EMC) 
provided only performance IQ. Details regarding the diagnostic 
procedures and questionnaires used can be found on the ABIDE 
website. Age and IQ distribution for each group are shown in 
Supplementary Figure 1. There was no significant difference 
in mean age between the two groups (t-test, p = 0.24), although 
IQ was lower in the ASD group than in the CTL group (mean ± 
s.d. ASD; 106 ± 16, CTL; 114 ± 12, t-test, p < 0.001). Among the 
311 patients with ASD, the ADOS score (17) was obtained from 
188 (60%) patients. Ninety-four patients with ASD (30%) were 
receiving psychotropic medication at the time of scanning, while 
185 (60%) were not. Data for medication status were unavailable 
for 32 (10%) patients. Among CTL participants, 12 (4%) were 
taking medication at the time of scanning, while 260 (83%) were 
not. Data for medication status were unavailable for 43 (14%) 
CTLs (Supplementary Figure 2).

Imaging Data Acquisition
At each institute, functional brain images were acquired using 
a 3-T scanner and a T2*-weighted gradient-echo echo-planar 
imaging (EPI) sequence, which is sensitive to blood oxygen level-
dependent (BOLD) contrast. Participants were asked to lie still 
in the scanner while remaining awake. Although the scanning 
parameters, MRI vendor, voxel size, number of volumes, scanning 
time, and instructions whether to keep eyes open/closed varied 
among the institutes, the general experimental procedure used 
was uniform within each institute. The number of image volumes 
for each participant ranged from 120 to 947 (mean = 234), and 
scanning time ranged from 5 to 16.4 min (mean = 7.0). The 
details of the scanning parameters and experimental settings are 
provided in Supplementary Table 2.

Imaging Data Analysis
Preprocessing
Data were analyzed using SPM12 software (Wellcome Department 
of Imaging Neuroscience, London, UK, http://www.fil.ion.ucl.
ac.uk/spm/) at the Brain and Mind Research Center of Nagoya 
University. After discarding the first 10 volumes, all volumes were 
spatially realigned to the mean volume, and the signal in each 
slice was temporally realigned to that obtained in the middle slice 
using sinc interpolation. No slice timing correction was applied 
for datasets with multiband acquisition. The resliced volumes 
were normalized to the Montreal Neurological Institute (MNI) 
space with a voxel size of 3 × 3 × 3 mm using an EPI template 
in SPM12. The normalized images were spatially smoothed 
with a 4-mm Gaussian kernel. After the preprocessing steps, 
several quality control steps were employed. Participants whose 
maximum head movement was greater than 3.0 mm and 3° and 
those whose normalized images did not correctly match the EPI 
template were removed from the study.

Resting-State Functional Connectivity 
Analyses
Preprocessed datasets were further processed using the Data 
Processing Assistant for Resting-State fMRI toolkit (DPARSF; 

http://www.rfmri.org, advanced version) (18). Processing was 
conducted according to the following steps: 1) removal of 
the linear and quadric trends in the time series; 2) temporal 
band-pass filtering (0.01–0.1 Hz) to reduce the effect of low-
frequency drift and high-frequency noise; 3) regressing out 
the effect of head motion during scanning using six head 
motion parameters, six head motion parameters one time 
point before, and the 12 corresponding squared items (Friston 
24-parameter model); and 4) controlling for nonneural noise in 
the time series by including covariates in the linear regression 
(i.e., the white matter and cerebrospinal fluid signals). Since 
sufficient empirical evidence has shown that the results of FC 
after GSR should be interpreted carefully, the global signal was 
not removed in the present study (6, 19, 20). Head motion is 
known to have substantial effects on the results of FC analyses 
(21). Image scrubbing of the time-series data was performed 
by deleting one time point before and two time points after 
the excessive head movement, as defined by framewise 
displacement (FD) greater than 0.5 (22). The group differences 
in mean FD value and the proportion of scrubbed volumes 
were investigated using a Mann–Whitney U-test (statistical 
threshold, p < 0.05, Table 1).

The residuals of the datasets after band-pass filtering, 
removal of the trends and nuisance covariates, and scrubbing 
were regarded as BOLD signal fluctuations originating from 
neuronal activity during the resting state. The Automated 
Anatomical Labeling (AAL) template (23), which is widely used 
for identifying brain regions in the MNI space, was applied to 
the normalized and smoothed time-series datasets of each 
participant. The AAL template is a standard brain template for 
creating intrinsic connectivity (24, 25), although other templates 
have been used for the same purpose [e.g., the Harvard-Oxford 
Atlas (9, 26) and voxel-wise lattice method (27, 28)]. The AAL 
template divides each hemisphere into 45 distinct regions. The 
average time-series data were computed in each of the 90 regions 
for each participant. We used the AAL template because it is 
implemented in DPARSF software, and a 90 × 90 correlation 
matrix is better suited to avoid issues with multiple comparisons 
in the data analysis, relative to other templates with higher spatial 
resolution.

The time-series data from each of the 90 regions were cross-
correlated, and Pearson’s correlation coefficients (r) between 
each brain region and the remaining 89 regions were computed 
for each participant. Individual r values were normalized to 
z values using Fisher’s z-transformation. The z-transformed 
correlation coefficients were represented in a 90 × 90 FC matrix, 

TABLE 1 | Group differences in head motion parameters.

ASD CTL U-test

FD 0.22 (0.20) 0.19 (0.11) p = 0.051
Scrubbed (%) 18.3 (17.8) 14.9 (16.7) p = 0.002

FD, frame wise displacement; ASD, autism spectrum disorder; CTL, control. 
Scrubbed (%): the proportion of the scrubbed volumes in total scan volumes. Mean 
and SD in the parentheses. U-test: Mann–Whitney U-test.
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which was symmetric with regard to the diagonal. Multiple 
linear regression was used to further control for site effect on 
the FC matrix by regressing out the z-transformed correlation 
coefficients for each matrix element on dummy variables for 
each site. The standardized residuals were used as an estimate of 
the FC of each region and every other region controlling for site 
effect (29). This process was conducted using MATLAB-based 
in-house software.

Extracting Subcortical–Cortical Functional 
Connectivity
Our a priori hypothesis was that subcortical–cortical 
connectivity is altered in patients with ASD relative to CTLs 
during the developmental period and early adulthood. Therefore, 
we extracted the subcortical–cortical connectivity values 
from the matrix elements created in the previous section. Six 
subcortical structures (i.e., the hippocampus, amygdala, caudate 
nucleus, putamen, pallidum, and thalamus) in the left and right 
hemispheres, as defined by the AAL template, were selected for 
this purpose. For each structure, 88 FC values with every other 
region were extracted by excluding the FC with a counterpart 
in an opposite hemisphere; for example, an FC between the 
left and right hippocampus was not included in the analysis. 
Finally, the FCs from subcortical structures in each of the left 
and right hemispheres were averaged; for example, we averaged 
connectivity values between the left hippocampus and region A 
and those between the right hippocampus and region A. Finally, 
overall mean connectivity, i.e., the average of all elements of the 
6×88 subcortical and cortical connectivity matrix, was computed 
in each subject.

Group Differences in Subcortical–Cortical 
Functional Connectivity
Eighty-eight FCs in each of the six structures were compared 
between the ASD and CTL groups via multiple linear regression 
using the FC as a dependent variable and group, age, the age × 
group interaction, mean FD, and overall mean connectivity 
as independent variables. Age, mean FD, and overall mean 
connectivity were mean corrected. The analysis was conducted 
using Origin Pro software (https://www.originlab.com/). 
The statistical threshold was set at p < 0.05 after correction 
for multiple comparisons using a false-discovery rate (FDR) 
(30) in each structure. In the present study, a significant main 
effect of group on FC strength was obtained only for the 
thalamus and amygdala. The region names, adjusted p-values 
of the main effect of group, and the effect size of Hedges’s g 
are listed in Tables 2 and 3. The cortical regions that survived 
the FDR correction were superimposed on the cortical surface 
using BrainNet Viewer (Figures 1 and 2, http://www.nitrc.
org/projects/bnv/) (31). Among the significant results for the 
thalamus, FC values for four cortical regions with an effect size 
g > 0.27 are plotted in Figure 1. To investigate whether the 
significant results could be influenced by the group difference 
in intellectual function, FIQ was added as an independent 
variable in the multiple regression analysis. Finally, Pearson’s 

correlation coefficients between the significant thalamocortical 
and amygdala-cortical connectivity values and social and 
communication subscales of the ADOS were investigated 
(statistical threshold, p < 0.05).

Effect of Age and Age-by-Group Interaction 
on Functional Connectivity
Multiple linear regression using the FC values from the 
thalamus and amygdala revealed significant group differences 
in FC following FDR correction for multiple comparisons. 
Because these results included a main effect of age and age-by-
group interaction terms, we used the main effect and interaction 
to investigate the region in which the relationship between 
connectivity and age may or may not differ between the ASD 
and CTL groups. The cortical regions in which the main effect 
and interaction terms were significant in the multiple linear 
regression analysis were reported. The statistical threshold was 

TABLE 3 | Cortical regions with significant hypoconnectivity with amygdala 
in ASD group.

No. Region name adj-p-value E.S. (g)

1 Frontal_Inf_Oper_R 0.039 −0.07
2 Frontal_Inf_Tri_R 0.028 −0.07
3 Calcarine_L 0.039 −0.07
4 Lingual_L 0.020 −0.10
5 Fusiform_L 0.023 −0.09
6 Temporal_Sup_R 0.020 −0.08

All p-values are adjusted and significant after FDR correction at p < 0.05. E.S. (g) 
indicates effect size of Hedges’s g. Positive effect size indicates hyperconnectivity in 
ASD and negative effect size indicates hypoconnectivity in ASD as compared with CTL.

TABLE 2 | Cortical regions with significant hyperconnectivity with thalamus 
in ASD group.

No. Region name adj-p-value E.S. (g)

1 Precentral_L 0.048 0.21
2 Frontal_Sup_L 0.033 0.23
3 Frontal_Sup_R 0.028 0.25
4 Frontal_Sup_Orb_R 0.025 0.25
5 Frontal_Mid_L 0.040 0.23
6 Frontal_Mid_Orb_R 0.042 0.24
7 Frontal_Sup_Medial_L 0.049 0.22
8 Frontal_Sup_Medial_R 0.023 0.26
9 Frontal_Med_Orb_R 0.033 0.22
10 Cingulum_Post_L 0.025 0.27
11 Cingulum_Post_R 0.023 0.28
12 Postcentral_L 0.043 0.24
13 Postcentral_R 0.023 0.26
14 Parietal_Sup_L 0.025 0.24
15 Parietal_Inf_L 0.033 0.24
16 SupraMarginal_L 0.023 0.29
17 Angular_L 0.023 0.27
18 Angular_R 0.049 0.23
19 Paracentral_Lobule_L 0.028 0.25

All p-values are adjusted and significant after FDR correction at p < 0.05. E.S. (g) 
indicates effect size of Hedges’s g. Positive effect size indicates hyperconnectivity in 
ASD and negative effect size indicates hypoconnectivity in ASD as compared with CTL.
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set at p < 0.05, uncorrected for multiple comparisons. For the 
significant age-by-group interaction effect, the FC values and 
age for both groups are plotted in Figure 3. Pearson’s correlation 
coefficient between age and FC in each group was computed 
without testing the statistical significance level because the 
interaction term was proven to be significant in the multiple 
regression analysis.

The Relationship among Age, Head 
Movement, Intellectual Function, 
and Connectivity
To explore the relationships among the age, FD, FIQ, and overall 
connectivity, Pearson’s correlation coefficients were computed 
for each group (statistical threshold, p < 0.05, Supplementary 
Table 4). A multiple regression analysis was conducted including 

FIGURE 1 | (A) Cortical regions with hyperconnectivity with the thalamus in autism. Nineteen cortical regions in which connectivity with the thalamus was 
significantly greater for the autism spectrum disorder (ASD) group than for the control (CTL) group after false-discovery rate (FDR) correction were mapped on the 
surface of the template brain. Colored regions correspond to the regions listed in Table 1. The colors of the regions indicate levels of FDR adjusted p-value—yellow: 
0.02 < p < 0.03; orange: 0.03 < p < 0.05; red: 0.04 < p < 0.05. An asterisk indicates the region shown in the bottom. The figure was created using BrainNet Viewer. 
(B) Four representative regions with thalamocortical hyperconnectivity in autism. Boxplots of four thalamocortical functional connectivities for the ASD and CTL 
groups. Among the 19 connectivities that survived FDR correction, these 4 were highly significant (Hedges’s g > 0.27) and were associated with the posterior 
cingulate cortex and temporo-parietal junction (TPJ, supramarginal and angular gyri), which are subdivisions of the default mode network. The mean connectivity 
values were significantly higher in the ASD group than in the CTL group. A boxplot shows the distribution of data into quartiles, the mean (cross;×), and outliers. The 
whisker lines indicate the outer boundaries of the upper and lower quartiles, while points outside the whiskers indicate outliers. These are representative results, and 
all connectivities that survived FDR correction are listed in Table 1.
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each of these values (age, FD, FIQ, and overall connectivity) as a 
dependent variable and age, group, and the age × group interaction 
term as independent variables (statistical threshold, p = 0.05).

Effects of Medication on Functional 
Connectivity in the ASD Group
In the present study, we included participants receiving any kind 
of psychotropic medication that may alter the FC in the brain 
because the exclusion of those participants would have reduced 
the sample size by 29%, potentially decreasing the statistical 
power of the dataset. To clarify the effects of medication on our 
results, we compared FC matrices between 94 patients with ASD 
who received psychotropic medication (on-med group) and 185 
who did not (off-med group) at the time of scanning. The mean 
age and mean IQ were compared between the groups using t-tests. 
Eighty-eight FCs in the thalamus and amygdala were compared 

between the on- and off-med groups using the FC as a dependent 
variable, and group, age, the age × group interaction, mean FD, 
and overall mean connectivity as independent variables. Age, 
mean FD, and overall mean connectivity were mean corrected. 
Finally, mean FD and the proportion of scrubbed volumes 
were compared between the on- and off-med groups using a 
Mann–Whitney U-test (Supplementary Table 5). The statistical 
threshold was set at p < 0.05, uncorrected.

RESULTS

Group Differences in Head Motion 
Parameters
There was a trend towards significance (p = 0.051) in the 
difference in FD values between the ASD and CTL groups, and 

FIGURE 2 | Cortical regions with hypoconnectivity with the amygdala in autism. Six cortical regions in which connectivity with the amygdala was significantly greater for 
the CTL group than for the ASD group after FDR correction were mapped on the surface of the template brain. Colored regions correspond to the regions listed in Table 2. 
The colors of the regions indicate levels of FDR adjusted p-value—green: 0.02 < p < 0.03; blue: 0.03 < p < 0.04. The figure was created using BrainNet Viewer.

FIGURE 3 | Significant age-by-group interaction effect on thalamocortical connectivities. (A) The correlation between age and connectivity in the thalamus-precentral 
gyrus of the left hemisphere was weakly negative (r = −0.05) in the CTL group, but near zero (r = 0.01) in the ASD group. (B) The correlation between age and 
thalamus-postcentral gyrus of the left hemisphere was weakly negative (r = −0.03) in the CTL group, but weakly positive (r = 0.02) in the ASD group. An asterisk 
indicates a significant age-by-group interaction effect (p < 0.05, uncorrected). Blue and orange lines indicate the regression lines of ASD and CTL, respectively.
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the proportion of scrubbed volumes was significantly higher in 
the ASD group than in the CTL group (Table 1).

Group Differences in Subcortical–Cortical 
Functional Connectivity
Multiple linear regression analyses revealed that, among the six 
subcortical structures including the amygdala, hippocampus, 
caudate nucleus, pallidum, putamen, and thalamus, only those 
FCs connecting the thalamus and amygdala with several cortical 
regions exhibited significant main effects of group after correcting 
for multiple comparisons. In all 19 thalamocortical connectivities 
that survived correction for multiple comparisons, the mean FC 
values were greater in the ASD group than in the CTL group. 
The effect size of the group difference ranged from 0.21 to 0.29 
(mean, 0.25, Table 2 and Figure 1). In the ASD group, increased 
connectivity was observed between the thalamus and the frontal, 
cingulate, and parietal cortices of the left and right hemispheres. 
Regions exhibiting highly significant differences and medium 
effect sizes were identified in the left and right posterior cingulate 
cortices (PCCs; Cingulum_Post_L and Cingulum_Post_R), left 
supramarginal gyrus (SupraMarginal_L), and left angular gyrus 
(Angular_L). Boxplots of the FC values in the four regions for 
both groups are illustrated in Figure 1.

In contrast, in all six amygdala-cortical connectivities that 
survived correction for multiple comparisons, the mean FC values 
were lower in the ASD group than in the CTL group. The effect 
size of the group difference ranged from 0.07 to 0.10 (mean, 0.08, 
Table 3 and Figure 2). In the ASD group, decreased connectivity 
was observed between the amygdala and the frontal, occipital, 
and temporal cortices of the left and right hemispheres. When 
the FIQ was included as an independent variable in the multiple 
regression analysis of these connectivities, the group difference 
remained significant (uncorrected p-values: 0.0007–0.025). 
There was no significant correlation between the connectivity 
values and the ADOS subscales (social and communication). The 
results of group difference in connectivity that did not survive 
FDR correction at p < 0.05 but were significant at uncorrected 
p < 0.05 are listed in Supplementary Table 3.

Effect of Age and Age-by-Group Interaction 
on Functional Connectivity
The multiple linear regression analysis revealed a significant (p < 
0.05, uncorrected) age-by-group interaction for the connectivity 
between the thalamus and left precentral gyrus (Precentral_L, 
p = 0.02, Figure 3), and for that between the thalamus and 
left postcentral gyrus (Postcentral _L, p = 0.02, Figure 3). The 
correlation between age and the connectivity between the thalamus 
and left pre- and postcentral gyri was near zero in the ASD group 
and weakly negative in the CTL group. There was no significant age-
by-group interaction for the connectivity between the amygdala 
and six cortical regions.

The multiple linear regression analysis revealed a significant 
(p < 0.05, uncorrected) main effect of age for the connectivity 
between the thalamus and right superior frontal gyrus (Frontal_
Sup_R, r = 0.04, p = 0.01), for that between the thalamus and 

right orbital gyrus (Frontal_Mid_Orb_R, r = 0.06, p = 0.04), 
and for that between the thalamus and left paracentral lobule 
(Paracentral_Lobule_L, r = 0.05, p = 0.02). There was no 
significant main effect of age for the connectivity between the 
amygdala and six cortical regions.

The Relationship among Age, Head 
Movement, Intellectual Function, 
and Connectivity
In the ASD group, there was a significant negative correlation 
between FD and age (r = −0.17, p = 0.003) and between FD and 
mean connectivity (r = 0.27, p < 0.001). In the CTL group, there 
was a significant negative correlation between the FD and FIQ 
(r = −0.13, p = 0.02) and between FD and mean connectivity (r = 
0.26, p < 0.001). However, there was no significant group-by-age 
interaction effect on these correlations. For other insignificant 
results, see Supplementary Table 4.

Effects of Medication on Functional 
Connectivity in the ASD Group
No significant difference in mean age was observed between the 
on-med and off-med ASD groups (on-med, 13.2 ± 4.1, off-med, 
13.5 ± 5.4, p = 0.65, Supplementary Figure 3, left); however, mean 
IQ significantly differed between the groups  (on-med,  109  ± 
17, off-med, 105 ± 16, p = 0.045, Supplementary Figure  3, 
right). Mean FD and the proportion of scrubbed volumes did 
not significantly differ between the on- and off-med groups 
(Supplementary Table 5). The multiple linear regression 
analysis revealed no significant main effect of medication on 
the FCs between the thalamus/amygdala and cortical regions 
(all p > 0.05, uncorrected). These results suggest that the effect 
of psychotropic medication on thalamocortical connectivity was 
relatively negligible in the present study.

DISCUSSION

In the present study, we analyzed a large rs-fMRI dataset from 
the ABIDE II database to determine whether neurophysiological 
changes observed in the brains of patients with ASD are caused 
by dysconnectivity between subcortical and cortical structures. 
Our findings indicated that the ASD group exhibited significantly 
increased connectivity between the thalamus and 19 cortical 
regions after FDR correction for multiple comparisons, relative 
to that observed in the CTL group. The mean effect size of the 
group difference was 0.25, and, therefore, the degree of difference 
was not small or negligible. The cortical regions comprised 
the frontal and parietal areas as well as the supramarginal and 
angular gyrus (i.e., temporo-parietal junction, TPJ) and bilateral 
PCCs. In the pre- and postcentral gyri of the left hemisphere, 
there were significant group differences in the relationship 
between connectivity and the participant’s age, indicating 
that connectivity decreases as age increases among typically 
developing CTLs, but not among patients with ASD.

In addition, the present study revealed that the ASD group 
exhibited significantly decreased connectivity between the 
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amygdala and six cortical regions after FDR correction for 
multiple comparisons, relative to that observed in the CTL 
group. However, the mean effect size of the group difference was 
0.08, and, therefore, the degree of difference in amygdala-cortical 
connectivity is smaller than that for thalamocortical connectivity. 
These group differences in connectivity were not influenced by 
the difference in intellectual function between the groups.

Thus, the results of the present study suggest that 
hyperconnectivity in thalamocortical pathways, and to a lesser 
extent hypoconnectivity in amygdala-cortical pathways, are 
associated with the pathophysiology of ASD. Furthermore, as 
the present results were obtained after regressing out the mean 
FD and overall mean connectivity values, the group differences 
in connectivity should be unrelated to the differences in 
head movement and regionally specific to the thalamus and 
amygdala.

Previous studies have reported conflicting results regarding 
patterns of hypo- and hyperconnectivity in patients with ASD. 
Most of these studies have observed reduced functional and 
structural connectivity among patients with ASD (32–35), 
while relatively few have described hyperconnectivity (36–38). 
However, such studies may not have sufficient statistical power 
due to the small sample size and limited age range, necessitating 
confirmation regarding the reliability and reproducibility of the 
findings. A very recent rs-fMRI study demonstrated that the FC 
between the thalamus and the primary and secondary auditory 
cortices was significantly higher in the ASD group than in the 
CTL group (39). Therefore, the results of the present study 
indicate that widespread cortical areas are overly connected to 
the thalamus, further supporting the notion of thalamocortical 
hyperconnectivity among patients with ASD.

Several other large-scale studies have used multisite 
neuroimaging data to investigate the neural underpinnings of 
ASD (11, 40, 41). Cheng et al. investigated differences in FC 
between 418 patients with ASD and 509 CTLs (11), reporting 
both hyper- and hypoconnectivity in the ASD group. However, 
the authors noted that the thalamus exhibited significantly 
greater connectivity with the rest of the brain in the ASD group 
than in the CTL group. Although our findings regarding thalamic 
hyperconnectivity were similar to those of Cheng et al. (11), 
they were unable to elucidate which regions of the brain were 
hyperconnected to the thalamus because their connectivity value 
was the average of the whole brain. In a study by Woodward 
et al., an older version of the ABIDE I database was used for 
analysis (228 patient–control pairs). The authors investigated 
only the cortical connectivity from and to the thalamus and 
revealed, similar to the present study, increased prefrontal, 
motor, somatosensory, and temporal cortex connectivity with 
the thalamus in the autism group as compared with the control 
group (41).

In a study by Cerliani et al. involving 166 patients with ASD 
and 193 CTLs (all male, age range: 6 to 50 years), the authors 
performed an independent component analysis (ICA) using an 
ABIDE dataset (40). One component involving the thalamus 
and basal ganglia exhibited significantly greater connectivity 
with several other components involving the motor, visual, and 
auditory areas as well as the superior temporal sulcus in the ASD 

group than in the CTL group. Their results are relevant to the 
results of the present study; however, the critical component did 
not differentiate the thalamus and other basal ganglia regions 
when the ICA was applied to the rs-fMRI data. In another recent 
study, Fu et al. observed dynamic hyperconnectivity between 
the hypothalamus/subthalamic region and several sensory areas 
(42). Taken together, the results of studies utilizing large multisite 
datasets indicate that ASD is associated with thalamocortical 
hyperconnectivity, rather than hypoconnectivity.

Thalamocortical pathways are critical to sensory processing 
and perception because they carry information received from 
the primary sensory organs to cortical areas specific to each 
sensory modality. Thalamic input to the cortex is important 
for the development of sensory and association cortices, and 
the thalamus appears to influence the formation of sensory 
representation in the cortices during early development (15). 
Therefore, abnormalities in sensory processing, which have 
been widely associated with ASD (4, 39), may be caused by 
developmental irregularities within the neuronal connectivity 
between the thalamus and sensory areas in the cortex. Additional 
studies have indicated that the thalamic reticular nucleus (TRN), 
which surrounds the thalamic projection circuit with inhibitory 
GABAergic neurons, may play a critical role in attention and 
sensory processing (14). The disruption of inhibitory mechanisms 
involving the TRN in patients with ASD may give rise to sensory 
hyperarousal and the hyperconnectivity patterns observed using 
rs-fMRI.

The mediodorsal nucleus (MDN) of the thalamus plays a 
key role in higher-order cognitive functions, such as working 
memory and attention, mechanisms of which appear to be 
based on the relationship between the MDN and the frontal 
and cingulate cortices. The MDN may interact with prefrontal 
cortices during the performance of higher-order cognitive tasks, 
and is also likely involved during social communication. The 
researchers have proposed that disruptions in cortico-cortical 
connectivity may occur during the early neurodevelopmental 
period, and that such disruptions are caused by alterations 
in connectivity between the thalamus and the cortex. Such 
significant alterations in cortico-cortical communication may 
contribute to many of the cognitive disruptions evident in 
neurodevelopmental disorders (43).

In the present study, the most significant differences between 
the ASD and CTL groups were observed in the TPJ and the 
posterior cingulate cortex. These areas are subcomponents of the 
default mode network and are considered to be related to several 
specific mental processes such as self-related thoughts and mind-
wandering (44). Specifically, the TPJ is implicated in a variety 
of processes including multisensory integration and social 
cognition, most of which are impaired in patients with ASD 
(45). These findings indicate that the heightened connectivity 
observed in the ASD group of the present study may reflect TPJ 
malfunctioning.

On the other hand, a study that examined the FC patterns 
of the amygdala using rs-fMRI demonstrated that adolescents 
with ASD have decreased FC between the amygdala and the 
thalamus/putamen compared to CTLs (46). The patients with 
ASD showed weaker fronto-amygdala connectivity in the 

55

https://www.frontiersin.org/journals/psychiatry#articles
https://www.frontiersin.org/journals/psychiatry
http://www.frontiersin.org


Thalamocortical Hyperconnectivity in AutismIidaka et al.

9 April 2019 | Volume 10 | Article 252Frontiers in Psychiatry | www.frontiersin.org

right hemisphere (47). There was a significant reduction in 
connectivity between the amygdala and prefrontal, parietal, 
and occipital cortices in the ASD group compared with the 
CTL group (48, 49). In a study using younger subjects (mean 
age: 3.5 years), the ASD group showed significantly weaker 
connectivity between the amygdala and medial prefrontal 
cortices (50). The results of previous studies are in accordance 
with those of the present study showing a reduced connectivity 
pattern between the amygdala and several cortical regions in 
a large sample of patients with ASD. Although the amygdala 
is a critical structure involved in emotional perception and 
regulation in patients with ASD (47–50), the small effect size 
observed in the present study may preclude the possibility that 
the amygdala plays a principal role in the pathogenesis of the 
disease.

Notably, we observed a significant group-by-age interaction 
effect on patterns of FC in the pre- and postcentral gyri. These 
interaction effects are most likely derived from decreases in 
connectivity with age in the CTL group and fixed connectivity 
in the ASD group. Our findings suggest that this age range 
represents a critical period for neuronal development and 
maturation in CTLs. Previous reviews of age-related differences in 
brain structure have reported that gray matter volume decreases, 
while white matter volume increases, during puberty and early 
adolescence (51, 52). Therefore, unchanging connectivity may 
reflect neurodevelopmental delays or irregularities observed in 
the ASD group in this study.

The present study possesses several limitations of note. First, 
in order to maintain the statistical power of the large multisite 
dataset, we did not exclude patients taking medication from 
the study population. However, we observed no statistically 
significant differences in thalamocortical or amygdala-cortical 
connectivity between the medication groups, suggesting that 
medication exerts virtually no influence on connectivity in 
patients with ASD. Second, there was no significant correlation 
between the connectivity values and clinical symptoms in the 
ASD group. While we could not reveal the neural substrates of 
such symptoms in the ABIDE II database, future datasets that 
provide complete sets of symptom scales may enable us to reveal 
the relationship between connectivity and symptoms. Third, 
in the present study, the brain template did not differentiate 
subnuclei within the thalamus. Therefore, the resultant activity 
was an average of that in the whole thalamus. This may obscure 
the exact pattern of FC, as the thalamus is composed of several 
nuclei, each of which exhibits specific neuronal connections 
and functions (15, 43). Further analysis using an anatomical 
template delineating separate thalamic subnuclei (53) is 
therefore required.

CONCLUSIONS

Using a large dataset from multiple ABIDE II database sites, we 
demonstrated that hyperconnectivity between the thalamus and 
fronto-parietal cortices, most notably the left TPJ and bilateral 
PCC, is associated with the pathophysiology of ASD. Moreover, 

amygdala-cortical connectivity was significantly decreased in the 
ASD group. Future studies should collect full sets of clinical and 
behavioral data in combination with FC data to explore possible 
biomarkers for ASD.
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Contralateral intermittent theta burst stimulation (iTBS) can potentially improve
swallowing disorders with unilateral lesion of the swallowing cortex. However, the after-
effects of iTBS on brain excitability remain largely unknown. Here, we investigated the
alterations of temporal dynamics of inter-regional connectivity induced by iTBS following
continuous TBS (cTBS) in the contralateral suprahyoid muscle cortex. A total of 20 right-
handed healthy subjects underwent cTBS over the left suprahyoid muscle motor cortex
and then immediately afterward, iTBS was applied to the contralateral homologous
area. All of the subjects underwent resting-state functional magnetic resonance imaging
(Rs-fMRI) pre- and post-TBS implemented on a different day. We compared the static
and dynamic functional connectivity (FC) between the post-TBS and the baseline. The
whole-cortical time series and a sliding-window correlation approach were used to
quantify the dynamic characteristics of FC. Compared with the baseline, for static FC
measurement, increased FC was found in the precuneus (BA 19), left fusiform gyrus
(BA 37), and right pre/post-central gyrus (BA 4/3), and decreased FC was observed
in the posterior cingulate gyrus (PCC) (BA 29) and left inferior parietal lobule (BA 39).
However, in the dynamic FC analysis, post-TBS showed reduced FC in the left angular
and PCC in the early windows, and in the following windows, increased FC in multiple
cortical areas including bilateral pre- and postcentral gyri and paracentral lobule and
non-sensorimotor areas including the prefrontal, temporal and occipital gyrus, and brain
stem. Our results indicate that iTBS reverses the aftereffects induced by cTBS on
the contralateral suprahyoid muscle cortex. Dynamic FC analysis displayed a different
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pattern of alteration compared with the static FC approach in brain excitability induced
by TBS. Our results provide novel evidence for us in understanding the topographical
and temporal aftereffects linked to brain excitability induced by different TBS protocols
and might be valuable information for their application in the rehabilitation of deglutition.

Keywords: repetitive transcranial magnetic stimulation, theta-burst stimulation, magnetic resonance imaging,
swallowing, dynamic functional connectivity analysis

INTRODUCTION

Swallowing disorders (i.e., dysphagia) are a common sequela
of a range of diseases and disorders (González-Fernández and
Daniels, 2008; Clave and Shaker, 2015). Patients with dysphasia
are at risk of developing severe complications such as aspiration
pneumonia, malnutrition, and dehydration, which have large
impacts on the quality of life of patients (Martino et al., 2005).
Despite various strategies that have been developed that aim
to enhance swallowing recovery, efficient treatment options
for dysphagia rehabilitation remain limited (Bath et al., 2000;
Geeganage et al., 2012).

Transcranial magnetic stimulation (TMS) is a non-invasive
method that can alter human cortex excitability and has started
to attract attention for use in treating dysphagia. Increasing
evidence has indicated that TMS may be a promising tool to
facilitate neural reorganization in dysphagic patients (Khedr and
Abo-Elfetoh, 2010; Michou et al., 2012; Doeltgen et al., 2015).
TMS can modify the excitability at the site of stimulation as well
as in remote brain areas that are functionally connected with the
target site (brain network effect) (Suppa et al., 2008; Valchev et al.,
2015; Steel et al., 2016). More recently, theta burst stimulation
(TBS), a novel pattern of rTMS, was shown to produce significant
and long-lasting aftereffects within very short stimulation periods
(Huang et al., 2005).

There are two forms of TBS according to the stimulus pattern:
intermittent TBS (iTBS) enhances cortical excitability, and in
contrast, continuous TBS (cTBS) suppresses cortical excitability,
which is usually explained by its long-term depression (LTD) of
synaptic activity (Huang et al., 2005). The recent development
of human temporary “virtual lesion” by using non-invasive
magnetic stimulation at a low frequency has given us the
opportunity to explore the cortical central mechanisms in
improving swallowing function and recovery in a controlled
environment before proceeding to clinical trials (Mistry et al.,
2007; Cugy et al., 2016). Thus, as an entity for suppression of
cortical excitability, cTBS can be used to create a “virtual lesion”
in the swallowing cortex by transiently reducing the excitability
of the targeted brain area.

It has been shown that swallowing is represented in
multiple cortical regions bilaterally and swallowing functions
are organized by a distributed brain network (Ertekin and
Aydogdu, 2003). Although stimulating the lesioned or unlesioned
hemisphere for dysphagia patients remains a controversial topic,
converging evidence suggests unaffected hemisphere stimulation
with TMS helps to rehabilitate swallowing function (Hamdy et al.,
1998; Jefferson et al., 2009; Pisegna et al., 2016). Furthermore,
our recent study indicated that iTBS could reverse the inhibitory

effect induced by cTBS in the contralateral suprahyoid motor
cortex (Lin et al., 2017). Most of the previous studies explored
the aftereffect of TBS over the cortex by measuring the motor-
evoked potentials (MEP) of peripheral muscles (Wu et al., 2012;
Lin et al., 2017). However, our understanding of the underlying
mechanisms linked to the neural networks between the two
hemispheres of the swallowing cortex after TBS stimulation
remains unclear.

Recently, resting-state functional MRI (Rs-fMRI) has been
used in the investigation of the neural mechanism of TMS
(Andoh et al., 2015; Bharath et al., 2015; Dichter et al., 2015;
Valchev et al., 2015; Ji et al., 2017). The functional connectivity
(FC) analysis calculating the temporal similarities was broadly
used in Rs-fMRI studies; however, most of the studies only
considered FC measurements using static FC (Biswal et al., 1995;
Geerligs et al., 2014). It measures the correlations of signals
between different brain regions during a scanning period, thus
providing a relatively static pattern of brain activity coherence
in the resting state (Wig et al., 2011). More recently, emerging
evidence has proposed that human brain connectivity is most
likely time-dependent and dynamic (i.e., dynamic FC) (Liu
et al., 2017; Marusak et al., 2017; Robinson et al., 2017).
Therefore, a dynamic FC analysis is a sensitive method to
capture the time-varying information of FC and has been
attracting increasing attention for use in characterizing the brain’s
intrinsic functional organization (Marusak et al., 2016; Preti
et al., 2016). However, as far as we know, there is no previous
study that explored the features of dynamic FC of TBS on the
swallowing cortex to date.

The suprahyoid muscle is linked to the movement of
the hyoid-throat complex and plays an important role in
swallowing (Nam et al., 2013). The purpose of this study
was to evaluate dynamic functional network connectivity in
subjects given iTBS following contralateral cTBS, which acts
to create a “virtual lesion” on the suprahyoid muscle cortex.
Although stimulating the lesioned or unlesioned hemisphere
for dysphagia patients remains a controversial topic, converging
evidence suggests unaffected hemisphere stimulation with TMS
helps to rehabilitate swallowing function (Hamdy et al., 1998;
Jefferson et al., 2009; Pisegna et al., 2016). Furthermore, a
recent study indicated that iTBS could reverse the inhibitory
effect induced by cTBS in the contralateral suprahyoid motor
cortex (Lin et al., 2017). Therefore, to verify if the contralateral
iTBS can reverse the effect of cTBS which was used as a
virtual lesion on the left side, we placed the iTBS on the
right motor areas of the suprahyoid muscles. In this study,
we hypothesized that iTBS might facilitate bilateral brain
excitability though interhemispheric interactions between the
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suprahyoid motor cortices and reverse the aftereffects of cTBS
in the contralateral hemisphere. To verify this hypothesis, this
study aimed to characterize the temporal dynamic features of
whole-brain FC at a voxel level, to explore whether dynamic
features of FC are linked to the underlying mechanism of
iTBS in the treatment of a contralateral virtual lesion in the
swallowing cortex.

MATERIALS AND METHODS

Participants
A total of 20 participants (10 women; mean age: 23.5 ± 4.4 years)
took part in the study after giving written informed consent.
We did not include subjects with a history of neurological
and/or psychiatric disease, swallowing dysfunction, or substance
abuse. The present study was approved by the clinical research
ethics committee of Guangzhou First People’s Hospital. The
study was conducted in accordance with the Declaration of
Helsinki (2008 revision).

Transcranial Magnetic Stimulation
The details of the TMS procedure have been described in
a previous study (Lin et al., 2017; Ruan et al., 2017). In
brief, motor evoked potentials (MEPs) to TMS were recorded
from the suprahyoid muscle and right first dorsal interosseous
(FDI) of the hand. Electrodes (Yiruide, Wuhan, China) were
placed over the bilateral suprahyoid muscle surface and
the surface of the FDI to detect the suprahyoid muscle
electromyographic (EMG) responses. Electrodes were connected
to an EMG recording system (Yiruide, Wuhan, China) with a
preamplifier and amplifier.

Magnetic stimulation was performed using a handheld figure
of eight coil (mean 70 mm outer diameter) connected to a
Magstim super rapid stimulator (Yiruide Medical Equipment Co.,
Wuhan, China) to deliver single-pulse TMS. The stimulating coil
was held tangentially to the skull with the coil handle pointing
backward and laterally 45◦ away from the anterior-posterior
axis (Mistry et al., 2007). The precise position of the TMS coil
was tracked and recorded using the neuronavigation system
(SofTaxic, E.M.S., Bologna, Italy) with a graphic user interface
and a three dimensional (3D) optical digitizer (NDI, Polaris
Vicra, ON, Canada).

rTMS was delivered using the theta burst stimulation (TBS)
protocol as first described by Huang et al. (2005). Briefly,
the coil was held in an identical orientation to single pulse
TMS when performing TBS. The navigation system was used
to determine the hot spot and active motor threshold (AMT)
of FDI. The motor hot spot was determined as the site at
which TMS consistently elicited the largest MEPs from the
contralateral FDI. Then the stimulation intensity was gradually
reduced until at least 5 times of 10 consecutive stimulations
which induced MEP of ≥50 µV in the contralateral thumb
abductor muscle, and the stimulation intensity was the ATM
of the subject. After that, the navigation system was used
to determine the hot spot of the suprahyoid motor cortex.
The method was similar to determination of the FDI hot

spot. TBS was applied over the hot spot of the suprahyoid
motor cortex. The stimulation intensity was set to 80% of
the AMT of the FDI.

The TBS protocol consisted of three pulses of stimulation
delivered at 50 Hz and repeated at 5 Hz. In the iTBS pattern, a
2 s train of TBS was repeated every 10 s for a total of 190 s (600
pulses in total). By contrast, a 40 s train of uninterrupted TBS
was administered for approximately 40 s (600 pulses in total) in
the cTBS protocol. The stimulation intensity was set to 80% of
the AMT of the FDI.

Experimental Design
The stimulation protocol was as follows: iTBS was performed on
the right hemisphere immediately after completing cTBS on the
left motor cortex of the suprahyoid muscles. Rs-fMRI datasets
were acquired before and after the TBS implement on a different
day (Figure 1).

MR Data Acquisition
Brain imaging was performed on a 3.0 T MRI scanner
(Siemens, Erlangen, Germany) using a 16-channel phased-
array head coil. The Rs-fMRI data were acquired before and
immediately after each TBS session. The acquisition parameters
for functional data were as follows: TR = 2000 ms, TE = 21 ms,
FA = 90◦, FOV = 240 × 240 mm, matrix = 64 × 64, slice
thickness = 4.0 mm, and voxel size = 3.75 × 3.75 × 4.0 mm.
During the Rs-fMRI scan, participants were instructed to relax
with their eyes closed but not fall asleep. T1-weighted structural
images were acquired using a three-dimensional magnetization-
prepared rapid acquisition gradient-echo (MPRAGE) sequence
(TR = 2530 ms, TE = 2.93 ms, FA = 7◦, FOV = 256 mm, a
256 × 256 matrix and a slice thickness of 1.0 mm).

MR Data Preprocessing
Image preprocessing was carried out using the Data Processing
Assistant for Rs-fMRI (DPARSF1) (Yan and Zang, 2010),
which runs with the statistical parametric mapping software
(SPM82). Briefly, data pre-processing steps included removal
of the first 10 image frames for signal equilibration; slice
timing correction for acquisition delay between slices;
realignment of the data to compensate for rigid body motion
(excessive motion was defined as translation or rotation
>2 mm or 2◦); registration of the 3D structural images
into the standard Montreal Neurological Institute (MNI)
space; regression of white matter nuisance signals, cerebral
spinal fluid BOLD-signal and 24 head-motion profiles to
minimize the effect of head motion; registration of the
functional images to the MNI space using the parameters
of structural image normalization and with resampling to
3 × 3 × 3 mm3; spatial smoothing using a Gaussian kernel
of 4 mm full-width at half maximum (FWHM); and bandpass
filtering (0.01–0.08 Hz) of the functional data to reduce

1http://rfmri.org/DPARSF
2http://www.fil.ion.ucl.ac.uk/spm
3http://www.restfmri.net
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FIGURE 1 | Schematic of the experimental design. Resting-state functional MRI (Rs-fMRI) was acquired before and after theta burst stimulation (TBS) on the
different day. In TBS stimulation, each subject received continuous TBS (cTBS) first on the left suprahyoid muscle cortex and immediately followed intermittent TBS
(iTBS) on the right homologous area. The target area for TBS stimulation was guided by neuronavigation.

the effects of low-frequency drift and high-frequency noise
(Biswal et al., 1995).

Static Functional Connectivity Analysis
For each individual data set, we first calculated the static FC with
Pearson correlation analysis. The FC was performed using REST
V1.8 package3. Pearson’s correlation coefficients were computed
between the time series of all pairs of brain voxels. Each voxel
represents a node in the graph, and each significant functional
connection (i.e., Pearson correlation) between any pair of voxels
is an edge. As a result, we can obtain an n × n matrix of Pearson’s
correlation coefficients between any pair of voxels so that the
whole brain FC matrix for each participant was constructed.
Then, individual correlation matrices were transformed into a
Z-score matrix using Fisher’s r-to-z transformation to improve
normality. After that, the weighted degree centrality strength of a
voxel as the sum of the connections (Z-values) between a given
brain voxel and all other voxels was computed. As previously
described similarly (Gao et al., 2016), we used a Pearson’s
correlation coefficient threshold at r > 0.25 by thresholding each
correlation at p ≤ 0.001.

Dynamic Functional Connectivity
Construction
A voxel-to-voxel based dynamic functional connectivity
(dynamic FC) construction was performed using the dynamic
brain connectivity (dynamic BC) toolbox (Liao et al., 2014a).
A time-varying parameter regression equation was employed
to describe the dynamic interactions between brain regions.
We calculated correlation maps using the Pearson correlation
strategy between the time series derived from each voxel to all
other brain voxels for a sliding window of 50 volumes (100 s).
We obtained a correlation map for each sliding window; then,
the correlation map was converted to z-scores using the Fisher
r-to-z transformation. The window was then shifted by 0.6
volume (1.2 s) and a new correlation map was calculated. This
approach permitted the estimation of FC over time (Liao et al.,
2014a,b). Since the time series were composed of 200 volumes,
this procedure yielded sliding-time windows and thus resulted in
121 correlation maps.

Statistical Analysis
A paired t-test was performed to investigate the difference
between the post-TBS and pre-TBS conditions. A threshold of
p < 0.05, corrected using Monte Carlo simulations in the AFNI
AlphaSim program4, was used to calculate the probability of
false positive detection while accounting for both the individual
voxel probability thresholding and cluster size (single voxel
p = 0.05, FWHM = 6 mm). Using this program, clusters of greater
than 85 voxels were applied to the resulting statistical map at
a corrected significance level of p < 0.05 (Song et al., 2011;
Wang et al., 2012).

RESULTS

Group Differences in Static Functional
Network Connectivity
As shown in Figure 2A and Table 1, compared to baseline, post-
combined cTBS/iTBS exhibited increased FC in the precuneus
(BA 19), left fusiform gyrus (BA 37), and right pre/post-
central gyrus (BA 4/3) and showed decreased FC in the
posterior cingulate gyrus (PCC) (BA 29) and left inferior
parietal lobule (BA 39).

Group Comparison of Dynamic
Functional Connectivity
After dynamic FC analysis, we obtained a seven-unit dataset, and
from each unit of the dataset, we calculated an FC map. Thus, a
total of seven FC T-test maps were obtained. Compared with the
pre-TBS condition, in the first window, the post-TBS exhibited
decreased FC in the left inferior parietal lobule and left thalamus;
in the second window, the PCC showed decreased FC. The
left medial superior frontal gyrus displayed increased FC in the
third window; the middle occipital gyrus/cuneus demonstrated
increased FC in the fourth window; then, in the following
windows, multifocal bilateral areas included sensorimotor areas,
such as the primary sensorimotor cortex and paracentral
lobule, and non-sensorimotor areas, such as the occipital gyrus,

4http://afni.nimh.nih.gov/pub/dist/doc/manual/AlphaSim.pdf
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FIGURE 2 | Regional distribution of altered functional connectivity between post-theta-burst stimulation and baseline in healthy subjects. Short-term of aftereffects
on brain functional connectivity (FC) induced by intermittent theta burst stimulation (iTBS) followed the contralateral continuous theta burst stimulation (cTBS) (i.e.
“virtual lesion”) over the suprahyoid muscle cortex. The upper images represent static FC (A) and a serial of dynamic FC maps (B–H). Lateral, dorsal, medial, basal
and posterior views are shown in every figure. Color bar indicates the T-value at the bottom. Areas color-coded in red (blue) indicate the regions in which the values

(Continued)
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FIGURE 2 | Continued
of FC corresponding to post-TBS were higher (lower) than those of pre-TBS (p < 0.05, AlphaSim correction was performed to correct for multiple comparisons).
Surface visualization of regions with abnormal FCs using BrainNet Viewer (http://www.nitrc.org/projects/bnv/). For static FC comparison (A), increased FC was found
in the precuneus, left fusiform gyrus, and right pre/post-central gyrus, and decreased FC was observed in posterior cingulate gyrus (PCC) and left inferior parietal
lobule. In dynamic FC analysis, post-TBS showed reduced FC in left angular and PCC on the early windows (B,C), in the following windows (D–H), increased FC in
multiple cortical areas including bilateral pre- and postcentral gyri and paracentral lobule, and non-sensorimotor areas including a body of prefrontal, temporal and
occipital gyrus, and brain stem. The details are presented in Table 1.

TABLE 1 | Functional connectivity comparison between post- and pre-TBS on the suprahyoid muscle cortex.

Brain region BA Cluster size
(voxels)

Peak MNI coordinates (mm) T-value

X Y Z

Static functional connectivity

Right pre/postcentral gyrus 4/3 87 56 −19 39 3.1934

Precuneus 19 306 24 −75 36 4.5864

Left fusiform gyrus 37 120 −39 −45 −24 6.4808

Posterior cingulate gyrus 29 144 3 −42 15 −4.1386

Left inferior parietal lobule 39 104 −42 −63 48 −4.3236

Dynamic functional connectivity

Window 1

Left thalamus 92 −3 −12 9 −3.9233

Left inferior parietal lobule 40 123 −42 −60 48 −4.1469

Window 2

Posterior cingulate 153 12 −39 12 −4.0102

window 3

Left medial superior frontal gyrus 8 87 −9 33 51 3.9604

Window 4

Middle occipital gyrus/cuneus 18 448 30 −99 0 5.4572

Window 5

Left precentral gyrus 6 102 −42 0 60 3.7038

Paracentral lobule 5 201 0 −39 51 4.1413

Left cuneus/precuneus 18 795 −21 −93 15 6.0536

Right precuneus 7 377 21 −78 39 4.9914

Right superior frontal gyrus 9 184 24 30 36 3.4375

Left superior frontal gyrus 9 113 −39 36 36 3.7198

Right superior temporal gyrus 39 92 48 −54 15 4.5806

Window 6

Right postcentral/precentral gyrus 6/4 441 45 −54 60 5.0194

Left postcentral/precentral gyrus 6/4 248 −42 −24 63 4.6705

Precuneus/cuneus 7 1239 −18 −72 45 4.9855

Left inferior frontal operculum 45 245 −42 21 18 4.6498

Left middle occipital gyrus 19 218 −6 −105 6 7.2442

Window 7

Paracentral lobule/postcentral gyrus 5 252 12 −39 54 5.0432

Precuneus/cuneus 18 375 −12 −66 −3 4.4948

Right middle frontal gyrus 10 348 57 27 30 5.0111

Right inferior frontal gyrus 38 163 27 18 −24 4.9059

Left inferior frontal gyrus 45 258 −54 36 3 5.2874

Left superior temporal gyrus 38 272 −39 15 −21 5.5615

Left middle temporal gyrus 22 401 −57 −42 6 4.6347

Left fusiform gyrus 37 855 −42 −48 −24 502446

Brainstem NS 85 −6 −24 −33 403195

TBS, continuous theta-burst stimulation; BA, Brodman’s area; MNI, Montreal Neurological Institute; cTBS, continuous TBS; iTBS, intermittent TBS.
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prefrontal gyrus, temporal gyrus and brain stem (Figures 2B–H,
details in Table 1).

DISCUSSION

In this study, we explored the short-term after-effect of iTBS
application to the right motor cortex of the suprahyoid muscles
following cTBS, which was used to create a “virtual lesion” in
the left suprahyoid muscles cortex in healthy participants. The
static and dynamic FC analyses based on the data of Rs-fMRI
were implemented to investigate the FC of the brain network at
the voxel level for the whole brain. In the static FC measurement,
increased FC was found in the precuneus, left fusiform gyrus, and
right pre/postcentral gyrus; and decreased FC was observed in the
PCC and left inferior parietal lobule. Compared with static FC,
the dynamic FC displayed a different distribution of brain FC in
the brain networks. From the dynamic FC maps, increased FC
in multiple bilateral brain areas including bilateral sensorimotor
areas and other non-sensorimotor brain regions were found,
while they were not fully displayed in the static FC analysis.
The present study, to our knowledge, is the first study to focus
on the short-term after-effects of TBS on the swallowing cortex
by examining brain network temporal dynamics in a cohort of
healthy controls.

Similar to previous studies (Michou et al., 2016), cTBS, an
inhibitory TMS, was applied to the left suprahyoid muscles motor
area to act as a “virtual lesion,” which temporarily and reversibly
disrupted a focal region of brain excitability. In contrast, iTBS was
used as an excitatory stimulation on the right suprahyoid muscles
motor areas in order to verify whether iTBS could alter the brain
excitability after forming the contralateral “virtual lesion” and
to identify what pattern of alteration of FC could be induced
in the whole brain network. As expected, a number of spatially
discrete cortical regions exhibited alternation of FC after the TBS
application in both static FC and dynamic FC maps.

In the static FC maps, because the right motor cortex of
the suprahyoid muscles was the target area for iTBS, the right
primary somatosensory cortex displaying an increased FC is not
surprising. A body of studies has indicated that the primary
somatosensory cortex is implicated in reflexive and volitional
swallowing (Hamdy et al., 1999a,b; Ertekin and Aydogdu, 2003;
Martin et al., 2007) and plays a role in the initiation of
the pharyngeal stage of swallowing (Malandraki et al., 2009).
Additionally, the left posterior parietal cortex and PCC exhibited
decreased FC in the static FC maps. Similar to the previous
study (Ertekin and Aydogdu, 2003), the posterior parietal cortex
together with the somatosensory cortex is likely to have a sensory
role in the control of swallowing. The precuneus and PCC are
components of the default-mode network (DMN) that occurs
during the initiation of task-related activities (Raichle et al.,
2001). Furthermore, the precuneus is thought to play a role in
adjusting volitional swallowing related to swallow-related intent
and planning and possibly urges (Hamdy et al., 1999a; Kern M.K.
et al., 2001). Moreover, the PCC and precuneus are regarded as
association areas, which are thought to play a role in integrating
sensory information (Hamdy et al., 1999a). Consistent with a

previous report (Jefferson et al., 2009), we did not observe
decreased or increased FC in the left sensorimotor cortex, which
is the target position of cTBS, and we speculate there is a balance
between bilateral hemispheres in brain excitability due to the
interaction between iTBS and cTBS over the opposite swallowing
motor cortex. Taken together, in the static FC maps, we did not
observe the evidence that indicates that iTBS can reverse the
aftereffect of the contralateral “virtual lesion” induced by cTBS.

In the dynamic FC maps, we observed alterations in FC
induced by TBS in multifocal and bilateral brain regions in
different windows. Interestingly, some areas demonstrated in the
static FC maps with alteration in FC, such as the left posterior
parietal lobule and PCC, also exhibited decreased FC in the first
few windows of the dynamic FC maps. Similar to a previous
study (Babaei et al., 2013), the lateral parietal, PCC and precuneus
regions have close FC among themselves and may be involved
in sensory processing in the swallowing brain network. The left
thalamus displayed decreased FC in the dynamic FC maps in
the present study. It has been proposed that the thalamus is
a structure known as a relay station for sensory information
traveling into higher cortical areas (Malandraki et al., 2009);
and thus, after the ipsilateral swallowing cortex is suppressed,
the processing and transferring of sensorimotor information is
inhibited accordingly. Apart from the areas with decreased FC
on the dynamic FC maps, we found increased dynamic FC in the
bilateral primary sensorimotor cortex in the following windows
after TBS application. As we mentioned above, the activation
of the primary sensorimotor during volitional swallowing has
been well documented with imaging studies in the fMRI studies
(Hamdy et al., 1999a,b; Mosier et al., 1999; Mihai et al., 2014).
In our study, the targeted brain areas were the cortex of the
bilateral suprahyoid muscle, and thus, the presence of alterations
of brain connectivity in the post- and precentral gyrus is not
surprising. These areas are supposed to play an important role
in the initiation and regulation of swallowing (Narita et al.,
1999; Ertekin and Aydogdu, 2003). In addition, the paracentral
lobule and the continuation of the precentral and postcentral
gyri displayed increased FC in the dynamic FC maps. The
paracentral lobule is associated with sensorimotor functioning
and is activated by swallowing tasks (Martin et al., 2007).
Except for the sensorimotor brain regions we mentioned above,
a number of other non-sensorimotor brain regions displayed
alteration in FC in the present study, including the bilateral
temporal lobe, frontal cortex and occipital cortex. Swallowing
is a complex and dynamic neuromuscular task requiring rapid
and precise coordination of numerous cranial nerves and muscle
pairs (Ertekin and Aydogdu, 2003). It was supposed that the non-
sensorimotor areas may represent swallowing related to intent,
planning, decision making, and memory, as well as information
processing related to deglutition (Ertekin and Aydogdu, 2003).
Specifically, the temporal cortex, together with the prefrontal
cortex, is supposed to play a supplementary role in the regulation
of swallowing and feeding because of its relationship with taste
and imagery of food (Hamdy et al., 1999a). Moreover, the
prefrontal cortex has been associated with the perception of
body signals, attentional control, and higher order sensorimotor
processing (Suntrup et al., 2014). The occipitoparietal regions are
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regarded as a hub area for integrating sensory input with motor
output (Kern M. et al., 2001). Taken together, we speculate that
these non-sensorimotor regions could play a supplementary role
in the regulation of swallowing linked to swallow-related intent
and planning and possibly urges.

In the present study, the dynamic FC displayed a different
pattern of brain areas with altered FC compared with the
static FC maps. Other studies using EEG with high temporal
resolution signals have shown that the activity of the brain
is constantly changing over time at rest (Van de Ville et al.,
2010). This indicates that dynamic FC analysis might add
additional information to our understanding of the mechanism
of iTBS on the swallowing cortex. We observed ipsilateral
suppression of FC on the left angular area, left thalamus and
PCC in the dynamic FC maps in the early windows. Then,
increased FC was observed in multiple regions, including the
sensorimotor brain network (bilateral primary sensorimotor
cortex and paracentral lobule) and non-sensorimotor brain
network (frontal, temporal and occipital gyrus), and was seen in
the following windows of the dynamic FC maps. We suppose
that the decreased FCs in the early stages may be induced
by cTBS that yielded an inhibitory after-effect on spontaneous
neuron activity, and the following increased FC in multiple
brain areas might be caused by iTBS, which produced an
excitatory after-effect. Interestingly, in static FC maps, we did not
observe an alteration in FC in the multifocal regions including
sensorimotor brain areas and non-sensorimotor brain areas,
which instead demonstrated increased FC in the dynamic FC
maps. This finding indicates that dynamic FC can provide
much more information compared with the static FC method
for detecting the aftereffects of TBS over the swallowing
cortex. Of note, we observed multiple bilateral brain areas
with increased FC in the late stages of dynamic FC maps,
and the results indicate contralateral iTBS facilitate brain
excitability in bilateral swallowing in the motor cortex instead of
interhemispheric inhibition.

It is important to consider the limitations of the present study.
First, since previous work has shown that sham TBS over the
pharyngeal motor cortex does not alter cortical excitability in
an unconditioned system (Mistry et al., 2007, 2012), we did not
include a sham stimulation group in the present study. Second,
the sample size in this study was relatively small, and a larger

dataset would be required to validate the present findings. Finally,
considering the issue of cooperation of participants during the
imaging study, we did not prolong the scanning time to measure
the aftereffects of TBS until it returned to baseline.

Taken together, we explored the short-term aftereffects of iTBS
following contralateral cTBS (a virtual lesion) on the suprahyoid
muscles motor cortex. We observed increased FC in the bilateral
sensorimotor cortex and other non-sensorimotor areas induced
by contralateral iTBS, which could not be fully displayed in static
FC analysis. The present study indicates that dynamic FC analysis
can provide much more information about the brain excitability
induced by contralateral iTBS. Our results provide evidence that
iTBS could be used as a novel noninvasive tool for rehabilitating
swallowing difficulties after brain damage. We suggest that
contralateral iTBS might be developed as a therapeutic strategy
for swallowing disorders associated with unilateral lesions in the
swallowing cortex.
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Mesial temporal lobe epilepsy (MTLE), one of the most common types of refractory focal

epilepsy, has shown white matter abnormalities both within and beyond the temporal

lobe. In particular, the white matter abnormalities in the ipsilateral hemisphere are more

obvious than those in the contralateral hemisphere in MTLE, that is, the abnormalities

present asymmetrical characteristics. However, very few studies have characterized the

whitematter microstructure asymmetry in MTLE patients specifically. Thus, we performed

diffusion tensor imaging (DTI) to investigate the white matter microstructure asymmetries

of patients with MTLE with unilateral hippocampal sclerosis (MTLE-HS). We enrolled 25

MTLE-HS (left MTLE-HS group, n = 13; right MTLE-HS group, n = 12) and 26 healthy

controls (HC). DTI data were analyzed by tract-based spatial statistics (TBSS) to test the

hemispheric differences across the entire white matter skeleton. We also conducted a

two-sample paired t-test for 21 paired region of interests (ROIs) parceled on the basis of

the ICBM-DTI-81 white-matter label atlas of bilateral hemispheres to test the hemispheric

differences. An asymmetry index (AI) was calculated to further quantify the differences

between the left and right paired-ROIs. It was found that the asymmetries of white

matter skeletons were significantly lower in the MTLE-HS groups than in the HC group.

In particular, the asymmetry traits were moderately reduced in the RMTLE-HS group and

obviously reduced in the LMTLE-HS group. In addition, AI was significantly different in the

RMTLE-HS group from the LMTLE-HS or HC group in the limbic system and superior

longitudinal fasciculus (SLF). The current study found that the interhemispheric white

matter asymmetries were significantly reduced in the MTLE-HS groups than in the HC

group. The interhemispheric white matter asymmetries are distinctly affected in left and

right MTLE-HS groups. The differences in AI among RMTLE-HS, LMTLE-HS, and HC

involved the limbic system and SLF, which may have some pragmatic implications for

the diagnosis of MTLE and differentiating LMTLE-HS from RMTLE-HS.

Keywords: medial temporal lobe epilepsy, hippocampal sclerosis, asymmetry, diffusion tensor imaging, tract-

based spatial statistics
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INTRODUCTION

Both structural and functional asymmetries have long
been observed in the human brain and thought to be a central
principle of central nervous system architecture and to relate to
differences in most cognitive and neurobehavioral functioning.
The most consistent structural asymmetries are the rightward
asymmetry of the frontal region and the leftward asymmetry
of the occipital petalias and the planum temporale. The most
striking functional lateralizations are the leftward asymmetry
of verbal cognitive function and the rightward asymmetry
of spatial cognitive function in most individuals (1–8). The
alteration of the hemispheric asymmetries has been reported in
some neurodevelopmental and psychiatric disorders, such as
schizophrenia (9), prelingual deafness (10), and autism (11).

Mesial temporal lobe epilepsy (MTLE) is one of the most
common types of refractory focal epilepsy, among which
hippocampal sclerosis (HS) is the most frequent pathological
change. About one-third of TLE cases are medically intractable,
rendering them good candidates for surgical treatment. A key
point for a successful surgery for TLE patients is to correctly
recognize an epileptogenic focus, such as HS (12). Numerous
studies have shown that the structural and/or functional changes
of MTLE not only involve the temporal lobe but also extend
beyond the temporal regions (13–16), and these structural and/or
functional abnormalities present asymmetric characteristics.
A review of the voxel-based morphometry (VBM) of TLE
found significant volume reductions in 26 brain regions and a
strong preference for asymmetric abnormalities to be observed
ipsilateral to the epileptogenic zone (15). The white matter
integrity of TLE assessed by diffusion tensor imaging (DTI)
also shows more severe impairment in the ipsilateral than the
contralateral hemisphere (17). The same asymmetric features of
TLE were present in functional connectivity analysis as well (16).
In particular, left MTLE (LMTLE) manifests as more widespread
abnormalities and involves the contralateral hemisphere more
widely than right MTLE (RMTLE) (13, 18–20). In addition,
LMTLE often exhibits more intense cognitive impairment than
RMTLE (21, 22). These data imply that LMTLE and RMTLEmay
be two different diseases with different pathogenesis (13, 23, 24).

Previous studies suggested that persistent seizure activities in
TLE patients could produce white matter defects, such as reduced
axonal density, axonal demyelination, and replacement of axons
with glia (25, 26). DTI, as a noninvasive technique that can
evaluate the integrity of the white matter microstructure in vivo
based on measuring the restricted diffusion of water molecules in
the brain, has been widely used in the analysis of white matter
defects in TLE (27). Fractional anisotropy (FA) is a parameter of
DTI that is used widely in describing the degree of anisotropy of
a diffusion process and is thought to reflect fiber density, axonal
diameter, and myelination in white matter. Mean diffusivity
(MD) is another parameter of DTI that measures the extent of
the diffusion of water molecules independent of directionality
(28). Axial diffusivity (AD, the principal eigenvalue) , also
called the longitudinal diffusivity, reflects the diffusivity along
the principal axis, and radial diffusivity (RD, the average of
the 2 remaining eigenvalues) represents the diffusivity of the

two minor axes. White matter anomalies have been found in
TLE with using DTI, some of which are asymmetric (23, 29)
and can be helpful in discriminating left TLE from right TLE
(29). Moreover, recent advances have shown that the white
matter asymmetry is probably themissing link between structural
and functional lateralization (3, 30). Thus, we believe that
asymmetric assessment of white matter in patients with MTLE
may contribute to the understanding of its pathogenesis and may
be useful in differentiating LMTLE from RMTLE.

However, the white matter asymmetric traits in MTLE are not
fully understood. The aforementioned studies compared MTLE
patients with controls and found inter-subject differences that
could only provide indirect evidence of asymmetry. Although
few studies focused on comparing the white matter of the
two hemispheres directly, these analyses were restricted to
specific fiber tracts and could not provide a comprehensive
understanding of the asymmetric characteristics in white matter
of MTLE. For example, Ahmadi et al. focused on eight pairs
of whiter matter fiber tracts (29), and Kemmotsu et al. only
investigated six pairs of fiber tracts that projected from the
temporal lobe (23). Moreover, because the ROIs of fiber tracts
were manually drawn, there was the possibility of intraoperator
error (29). Tract-based spatial statistics (TBSS) is a whole-brain
analytical method that requires no a priori assumptions and
is widely used for the analysis of white matter microstructure
(31). Therefore, in the current study, we examined the white
matter asymmetry of DTI indices, including FA, MD, AD, and
RD, by TBSS in patients with MTLE by contrasting the left and
right hemispheres directly so that each individual served as his
own control to diminish the variability between individuals. We
also conducted a ROI-based quantitative analysis and compared
the four DTI indices (FA, MD, AD, and RD) of 21 paired
ROIs of bilateral hemispheres directly to add evidence for white
matter asymmetries. The asymmetry index (AI) was compared
among the LMTLE, RMTLE, and healthy control (HC) groups
to distinguish LMTLE from RMTLE. As a homogeneous group
of MTLE, we only included MTLE with unilateral HS (MTLE-
HS) in the final statistical analysis to exclude any confounding
factors. We hypothesized that the asymmetries of white matter
microstructure in MTLE-HS would be different from HC and
that AI would provide useful information for differentiating left
MTLE-HS (LMTLE-HS) from right MTLE-HS (RMTLE-HS).

MATERIALS AND METHODS

Subjects
We recruited 27 right-handed adult MTLE patients who were
referred to Tongji hospital (Wuhan city, Hubei province,
China) for the investigation of epilepsy. The diagnosis of
MTLE was confirmed in all 27 patients according to the
criteria defined by the Commission on Classification and
Terminology of the International League Against Epilepsy (32).
They were then divided into left MTLE or right MTLE based
on clinical manifestations, video electroencephalography (v-
EEG), neuroimaging results and/or PET-CT. To exclude the
influence of different sides of epileptic foci on outcome, this
study only included the homogeneous groups of MTLE patients
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with unilateral HS. Among these participants, 12 patients were
pathologically confirmed to have HS by the subsequent surgical
treatment, and the other 13 cases of HS were diagnosed
according to the typical MRI findings (volume reduction of the
ipsilateral hippocampus, disturbed internal structure, increased
signal intensity on T2FLAIR, widening of ipsilateral temporal
angle) (33). The exclusion criteria included a mismatch between
seizure semiology, v-EEG and neuroimaging results; bilateral
HS; lesions other than HS seen on MRI; and other neurologic
disorders. One patient was excluded because of the discrepancy
of v-EEG and MRI. Another 1 patient was excluded owing to
excessive motion during the MRI, resulting in 25 patients with
unilateral HS (LMTLE-HS group, n = 13; RMTLE-HS group, n
= 12) whose imaging data were used in the final analysis. The
age of first seizure and the epilepsy duration of these patients
were also collected. Twenty-six right-handed healthy adults with
matched age and gender were included as controls. There were
no lesions on MRI and no history of neurologic or psychiatric
illness in any controls. All 26 HCs were included in the final
analysis. Consistency in age and gender among the RMTLE-
HS, LMTLE-HS and HC groups was determined with 1-way
ANOVA with Bonferroni corrected post hoc analysis and the χ2
test respectively. We conducted the Mann–Whitney U test for
the age of first seizure and the epilepsy duration of RMTLE-
HS and LMTLE-HS groups in SPSS 24, and the significance
level was set at p < 0.05. All patients and controls included in
this study gave written informed consent in accordance with
the Declaration of Helsinki. This study was approved by the
Ethical Committee of Tongji Hospital of Tongji Medical College
of Huazhong University of Science and Technology.

Image Acquisition
MR images were acquired using a 3.0-T MR scanner (Discovery
MR750; GE Healthcare, Milwaukee, Wisconsin) with a 32-
channel head coil. The subjects were padded with flexible foam
to limit head motion. To exclude possible lesions specified
in the exclusion criteria, all subjects underwent the standard
structural brain scan, including axial T1WI, T2WI, T2FLAIR
(TR/TE/TI 8400/160/2100ms, section thickness 5mm, section
spacing 1.5mm,matrix size 256× 256, FOV 24.0× 24.0 cm2, and
NEX = 1). A sagittal three-dimensional T1-weighted-imaging
brain volume (3D-T1BRAVO) (TR/TE/TI 8.2/3.2/450ms, flip
angle 12◦, slice thickness 1mm, sagittal slices 166, matrix size
256 × 256 × 160, FOV 25.6 × 25.6 cm2, and NEX = 1) and
an oblique coronal T2FLAIR perpendicular to the long axis of
the hippocampus were also acquired to observe the hippocampus
and temporal lobe better. DTI data were obtained in the axial
plane by using a single-shot diffusion-weighted echo-planar
imaging pulse sequence with the following scanning protocol:
TR/TE 8500/66.3ms, FOV 25.6 × 25.6 cm2, matrix size 128
× 128, slice thickness 2mm, number of slices 70, number of
diffusion gradient directions 64, b = 0 and 1000 s/mm2, number
of images at a b-value of 0 s/mm2 = 5, acceleration factor 2, and
scan time 9min 55 s.

DTI Processing
The DTI data were preprocessing by the following steps:
(1) Format transformation: MRIcron (http://www.nitrc.org/

projects/mricron) was used to convert the image files in DICOM
format into NIFTI format for further processing. (2) Eddy
current correction: A FSL “eddy” tool (http://www.fmrib.ox.
ac.uk/fsl/fslwiki/eddy) was used and all raw DTI images were
aligned to the corresponding b0 images to correct eddy current
distortions and motion artifacts. (3) Brain extraction: the
nonbrain tissues such as scalp and skull were removed by using
the Brain Extraction Tool (BET) (34). The robust brain center
estimation was chosen and fractional intensity threshold was set
as 0.2. (4) DTIFIT was used to calculate maps of FA,MD, AD, and
RD for each subject.

We used TBSS (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS) to
perform voxel-wise statistical analysis of the FA/MD/AD/RD
images with the following steps (35): (1) Align all the FA images
into the FMRIB58_FA_1mm standard-space image through
a nonlinear registration. (2) Write the nonlinear transform
parameters to individual subjects and generate a mean FA
skeleton from the actual subjects in our study, which represented
the centers of all tracts common to the entire group. (3) Set
an FA threshold of 0.2 to exclude nonskeleton voxels and
generate individual skeletonized FA data. Each subject’s MD,
AD, RD images were then projected onto this skeleton. (4)
Use the script “tbss_sym” to test the hemispheric differences.
Firstly, the original asymmetric skeleton was dilated by one
voxel. Next, the symmetric mean FA data was generated by
flipping and averaging the original mean FA data, and then
they were skeletonized to generate the initial symmetric skeleton.
This skeleton was masked by the dilated original skeleton and
was flipped and masked by the non-flipped image to ensure
the skeleton was exactly symmetrical. Finally, a symmetrized
skeleton was created for subsequent analysis. Each subject’s
aligned DTI data were projected onto this symmetrized skeleton.
Asymmetry images were then created by the flipped minus
original skeleton projected data, and the left side of the images
were then zeroed. The resulting images were fed into voxelwise
statistical analysis.

Statistical Analysis
To test the asymmetry of FA/MD/AD/RD, we ran the
permutation-based nonparametric 1-sample t-test (FSL
Randomize tool with 5,000 permutations; http://fsl.fmrib.ox.ac.
uk/fsl/fslwiki/randomise) twice separately (positive stands for
left>right, negative stands for left<right). The significance level
for t-tests (one-tailed) was set at P < 0.05, corrected for multiple
comparisons by using Threshold-Free Cluster Enhancement
(TFCE) with the familywise error (FWE) rate controlled. The
rightward/leftward asymmetry on FA/MD/AD/RD was defined
as having a larger/smaller FA/MD/AD/RD value of the right
brain voxel/ROI than the left.

ROI-Based Quantitative Analysis
We used the ICBM-DTI-81 white-matter label atlas (36) as a
standard to parcel the white matter into 48 ROIs. To test the
hemisphere symmetry, 21 paired ROIs of bilateral hemispheres
were included in the final analysis, excluding six ROIs in
the midline involved both hemispheres. FA/MD/AD/RD was
calculated by averaging the pixel values in these 21 paired ROIs
for each subject separately. To eliminate potential confounders
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related to the innate asymmetry of human brain, we normalized
all the DTI indices by using z scores based on the mean of the
control group in a given hemisphere. We conducted the two-
sample paired t-test for each paired ROI of each group by using
SPSS, and the significance level was set at P < 0.05.

Asymmetry Index Calculation
An asymmetry index (AI) was calculated using the formula AI =
100 ∗ (Right− Left)/[(Right + Left)/2] (11, 37) to further quantify
the differences between the left and right paired ROIs mentioned
above. A positive AI value indicated that the ROI value of the
right hemisphere was greater than the corresponding left ROI,
that is, rightward asymmetry, while a negative value stood for
the opposite, that is, leftward asymmetry. For the statistical
comparison of AIs among the three groups, a univariate ANOVA
was used, and a post hoc analysis with Bonferroni correction
was included for multiple comparisons and to determine the
direction of AI differences among groups.

RESULTS

Clinical Data
The clinical and demographic characteristics of the 3 subject
groups are summarized in Table 1. No significant differences
were found among the LMTLE-HS, RMTLE-HS, and HC in age
(P = 0.531) or gender (P = 0.654). The age of first seizure and
epilepsy duration did not show significant differences between
the LMTLE-HS and RMTLE-HS groups (P = 0.611, P = 0.186,
respectively) either.

The TBSS Results of the Whole-Brain
White Matter Asymmetry
As shown in Figure 1A, the TBSS skeleton analysis of asymmetry
images showed a large proportion of leftward and rightward
asymmetries across the whole brain of the HC group in FA,
while both the LMTLE-HS and RMTLE-HS group displayed
significantly reduced asymmetries than the HC group. The
leftward asymmetry reductions in LMTLE-HS included the
cingulum, superior corona radiata, external capsule, posterior
limb of the internal capsule, and uncinate fasciculus (UF), and
those in RMTLE-HS included the body of the corpus callosum,
superior corona radiata, external capsule, and posterior limb
of the internal capsule. The rightward asymmetry reductions
in LMTLE-HS included the anterior corona radiate (ACR)
and corpus callosum, and those in RMTLE-HS included the
superior longitudinal fasciculus (SLF). In particular, the leftward

asymmetry of the fornix (FORX) in FA seen in the HC group
was reversed in the LMTLE-HS group. The MD map presented
a relatively small area of asymmetry in the HC group compared
to the FAmap and a smaller area in the LMTLE-HS and RMTLE-
HS group (Figure 1B). Asymmetric patterns of AD and RD were
largely consistent with MD for the three groups (Figure S1).

Results of ROI-Based Quantitative Analysis
The ROI-based quantitative analysis of FA also showed a large
number of rightward and leftward asymmetries among the 21
paired ROIs (17 paired ROIs showed asymmetry features, among
which nine showed rightward asymmetry and eight showed
leftward asymmetry) in the HC group (Table S1). For MD, 16
paired ROIs presented asymmetric traits in the HC group, among
which nine showed rightward asymmetry and seven showed
leftward asymmetry (Table S2). AD and RD showed similar
asymmetric features in the HC group as MD (Tables S3, S4).

Compared to HC, the asymmetry traits were moderately
reduced in the RMTLE-HS group and obviously reduced in
the LMTLE-HS group. After eliminating the innate asymmetry
of the human brain seen in the HC group, only eight paired
ROIs [corticospinal tract (CST) (P = 0.02), medial lemniscus
(P = 0.009), cerebral peduncle (P = 0.03), external capsule (P
= 0.003), parahippocampal cingulum (PHC) (P = 0.01), FORX
(P = 0.02), superior fronto-occipital fasciculus (SFOF) (P =

0.01), and tapetum (P = 0.04)] showed leftward asymmetry in
FA, and 5 paired ROIs [cingulum (cingulate gyrus) (CG) (P =

0.004), PHC (P = 0.004), FORX (P = 0.01), SLF (P = 0.04)
and UF (P = 0.01)] showed rightward asymmetry in MD in the
RMTLE-HS group. Meanwhile, only two paired ROIs [posterior
thalamic radiation (P = 0.01) and sagittal stratum (P = 0.01)]
showed rightward asymmetry in FA and one paired ROI (UF) (P
= 0.02) showed leftward asymmetry in MD in the LMTLE-HS
group (Figure 2). Similarly, the results of ROI-based quantitative
analysis of AD/RD were largely consistent with MD in both the
LMTLE-HS and RMTLE-HS groups (Figure S2).

Analysis of the Whole-Brain White Matter
Asymmetry Index
The between-group analysis of AIs for the three groups showed
no significant differences between HC and LMTLE-HS among all
paired-ROIs. However, some differences were observed between
HC and RMTLE-HS, such as PHC (P = 0.01) in FA (Figure 3A),
and PHC (P = 0.002), FORX (P = 0.003), SLF (P = 0.02),
and SFOF (P = 0.03) in MD (Figure 3B). The external capsule
(P = 0.003) and PHC (P = 0.001) in FA (Figure 3A) and the

TABLE 1 | Demographic characteristics of the subjects.

LMTLE-HS

(n = 13)

RMTLE-HS

(n = 12)

HC

(n = 26)

Significant differences

(P-value)

Age (mean ± SD years) 28.54 ± 9.84 31.25 ± 9.75 27.73 ± 8.08 0.531

Gender (male/female) 9/4 7/5 14/12 0.654

Median age at first seizure (years) 16 13 NA 0.611

Median epilepsy duration (years) 10 14 NA 0.186

LMTLE-HS, left mesial temporal lobe epilepsy with hippocampal sclerosis; RMTLE-HS, right mesial temporal lobe epilepsy with hippocampal sclerosis; HC, healthy control; SD, standard

deviation; NA, not applicable.
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FIGURE 1 | MRI images of significant tract-based spatial statistics (TBSS) clusters of white matter asymmetry in healthy controls, patients with left mesial temporal

lobe epilepsy with hippocampal sclerosis (LMTLE-HS) and patients with right MTLE-HS. (A) Represents fractional anisotropy (FA) and (B) represents mean diffusivity

(MD). Results are presented on the left hemisphere of the symmetric TBSS skeleton (depicted in green). Rightward asymmetry that was defined as having a larger

FA/MD value of the right brain (R) than the left (L) (R > L) depicted in blue-light-blue and leftward asymmetry (L > R) in red-yellow.

ACR (P = 0.04), CG (P = 0.01), PHC (P = 0.002), FORX
(P = 0.004), SLF (P = 0.01), and SFOF (P = 0.0001) in MD
(Figure 3B) also showed significant differences between LMTLE-
HS and RMTLE-HS. The AIs analysis in RD was similar to
MD among the three groups (Figure S3B). In AD, FORX (P =

0.009) showed significant differences between HC and LMTLE-
HS, and medial lemniscus (P = 0.01) and sagittal stratum (P
= 0.03) showed significant differences between LMTLE-HS and
RMTLE-HS (Figure S3A).

DISCUSSION

The structural asymmetry of white matter microstructure in
patients with MTLE-HS has not yet been comprehensively
investigated. In this study, we used DTI to investigate the
hemispheric asymmetry of the white matter microstructure
in patients with MTLE-HS. Our findings showed that
interhemispheric asymmetries were significantly lower in
the MTLE-HS groups than in the HC group. In particular,
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FIGURE 2 | The paired-ROIs asymmetries in HC, LMTLE-HS, and RMTLE-HS were calculated by comparing the FA (A–E) or MD (F–J) values of the paired-ROIs in

bilateral hemispheres. The FA and MD values of LMTLE-HS and RMTLE-HS were calculated by using z scores based on the mean of the HC in a given hemisphere.

Red represents the FA or MD values of the right hemisphere and blue represents the FA or MD values of the left hemisphere. Rightward asymmetry was defined as

having a larger FA/MD value of the right brain than the left, and leftward asymmetry was left ROI value larger than right (*P < 0.05; **P < 0.01; ***P < 0.001). PHC,

parahippocampal cingulum; FORX, fornix; SFOF, superior fronto-occipital fasciculus; UF, uncinate fasciculus; CG, cingulum fibers within the cingulate gyrus; SLF,

superior longitudinal fasciculus.

FIGURE 3 | The asymmetry index (AI) differences of the paired-ROIs in bilateral hemispheres among HC, LMTLE-HS, and RMTLE-HS. (A) Represents the AI of FA

and (B) represents the AI of MD. Red represents FA or MD values in HC; green, patients with LMTLE-HS; blue, patients with RMTLE-HS (*P < 0.05; **P < 0.01; ***P

< 0.001). PHC, parahippocampal cingulum; ACR, anterior corona radiate; CG, cingulum fibers within the cingulate gyrus; FORX, fornix; SLF, superior longitudinal

fasciculus; SFOF, superior fronto-occipital fasciculus.
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the asymmetric areas were smaller in the LMTLE-HS than the
RMTLE-HS group. In addition, AI was significantly different
in the RMTLE-HS group from that in the LMTLE-HS or
HC group in the limbic system and SLF. Taken together, our
results indicate that reductions of asymmetry of the white
matter microstructure in patients with MTLE-HS compared to
HC and the asymmetric alterations might be a useful clue in
understanding the lateralization of seizure foci.

Brain Asymmetry in Patients With MTLE
MTLE-HS is one of the most common types of refractory
focal epilepsy. Although many studies have shown that both
structural and functional abnormalities were asymmetric in
MTLE patients (13, 16, 19, 22, 23, 29), these findings have
not been found consistently. Some studies have reported that
the alterations in the ipsilateral hemisphere were more severe
than those in the contralateral hemisphere in MTLE (15,
17). In particular, the majority of these studies showed that
the LMTLE patients presented more diffused and bilateral
abnormalities than the RMTLE patients (13, 16, 18–20, 23, 29).
In contrast, some other studies reported the opposite results
(24, 38) that alterations in the RMTLE group were more severe
than in the LMTLE group. However, very few studies have
focused specifically on patients with MTLE to characterize the
asymmetry. The different asymmetric patterns between LMTLE
and RMTLE remain unclear, and the importance of these
asymmetries for understanding MTLE should be noted. First, the
abnormal asymmetry of MTLE is associated with lateralization
of seizure. For example, M.E. Ahmadi et al. found that using
the asymmetric features of some fiber tracts could increase the
lateralization of seizure foci to 90% of all cases (29). Concha
et al. also found that tract segments correctly lateralized 87%
of patients (39). Second, abnormal asymmetry of MTLE might
be associated with the cognitive dysfunction in MTLE. For
example, previous studies reported that the LMTLE-HS group
showed worse performance on many neuropsychological tests
(including verbal memory, general memory, and delayed recall)
than the RMTLE-HS group (16). Therefore, understanding
the underlying mechanisms of the differences in asymmetry
between MTLE and HCs may play an important role in
the clinic.

Asymmetry Abnormalities of White Matter
Microstructure in MTLE-HS
TBSS analysis showed significant reductions of the asymmetries
of whole-brain white matter in FA in the MTLE-HS groups
compared to the HC group. These findings indicate that
the interhemispheric asymmetry of patients with MTLE-HS
is impaired (11). Structural asymmetry is a characteristic of
human brain organization and is beneficial for the functional
specializations of the two hemispheres, in particular cognitive
processes (1, 5, 7, 40). Gotts et al. provides direct evidence
that the strength of functional lateralization is correlated with
the level of cognitive ability in humans (41). Furthermore,
aberrant interhemispheric asymmetries are associated with
some neuropathologies, such as prelingual deafness, autism,
schizophrenia, and epilepsy (9–11, 42). Therefore, we assumed

that the reduction of whitematter asymmetry ofMTLE-HSmight
be related to the reported cognitive dysfunctions (16).

Some previous studies indicated that the innate side-to-side
cerebral asymmetry could contribute to the observed difference
between LTLE and RTLE (43). However, whether the asymmetric
changes of MTLE patients are associated with the innate human
brain asymmetry needs further analysis. Here, to eliminate
the probable influences of innate human brain asymmetry, we
normalized all the DTI indices by using z scores based on the
mean of the control group in a given hemisphere. Specifically,
after eliminating the innate asymmetry of the human brain seen
in the HC group, we found only rightward asymmetry in FA and
only leftward asymmetry in MD in the LMTLE-HS group and
only leftward asymmetry in FA and only rightward asymmetry in
MD in the RMTLE-HS group. The AD and RD showed similar
asymmetric features as MD. Our findings support the previous
results that more pronounced changes ipsilateral to the seizure
focus were presented in LMTLE/RMTLE by using whole-brain
analysis and by comparing the bilateral hemispheres directly
(17, 23, 29). The FA reduction and MD increase in the ipsilateral
hemisphere to the seizure focus of MTLE have been consistently
reported.We speculated that RMTLE-HS/LMTLE-HS influenced
the ipsilateral side of these paired ROIs more severely, resulting
in reduced/elevated FA/MD values of the ipsilateral side and thus
manifesting as asymmetric features.

The Different White Matter Asymmetrical
Patterns Between LMTLE-HS
and RMTLE-HS
The asymmetry alterations appeared differently between
LMTLE-HS and RMTLE-HS. The asymmetric ROIs were smaller
in the LMTLE-HS group than in the RMTLE-HS group. A
possible explanation for this finding is that LMTLE-HS affected
the bilateral hemispheres almost equally and thus the innate
asymmetry of the human brain was nearly not affected by
LMTLE-HS. The reliability of these findings is further supported
by the ROI result that the AI between LMTLE-HS and HC
did not present significant differences. Our findings were
partially consistent with many previous studies. Abnormalities
in LMTLE-HS are more widespread and bilateral than those
in RMTLE-HS (13, 20, 23). For example, Kemmotsu et al.
reported that patients with LTLE showed smaller FA values
in the ipsilateral hemisphere of the UF and ILF, as well as
a similar trend in the PHC, ARC and IFOF. RTLE patients
showed a trend of smaller ipsilateral FA values only in the
PHC (23). Recently, a large-scale brain network study also
showed that LMTLE-HS had a more intricate bihemispheric
dysfunction than RMTLE-HS (13). For RMTLE-HS, the
impairment was relatively more confined to the ipsilateral
hemisphere, and therefore, the innate asymmetry of the human
brain was changed. The exact underlying mechanisms remain
to be elucidated. They might have some relationship with the
greater vulnerability of the left hemisphere to early insults
and the wider propagation of left hemisphere seizures (23).
It is also possible that LMTLE and RMTLE are etiologically
distinct and pathologically different syndromes from the
outset (29).
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The Different Asymmetry Alterations of the
Limbic System and SLF Among the
Three Groups
Some differences were observed in AI analysis among the three
groups, such as in the CG, PHC, and FORX. It should be noted
that the CG, PHC, and FORX are parts of the limbic system.
Within this system, the FORX serves as the internal ring that
projects from the hippocampus to the mammillary bodies, while
the cingulum serves as the external ring interconnecting the
entorhinal cortex and the cingulate gyrus (44, 45). It has long
been proposed that TLE may be a probable manifestation of
limbic system dysfunction (46), and the relevance of the limbic
system as a MTLE-HS neural circuit has been well established
(47, 48). For example, Despina Liacu et al. found that the bilateral
cingulum and FORX in MTLE-HS groups showed significant
DTI index abnormalities compared with controls (47). H. Urbach
also found a bilateral reduction of the streamline counts of
cingulum association fibers projecting from the cingulate gyrus
to the parahippocampal gyrus in MTLE-HS (48). Thus, the
differences in AI of these components of the limbic system among
HC, RMTLE-HS, and LMTLE-HS may have some pragmatic
implications as to the diagnosis MTLE and the differentiation of
LMTLE-HS from RMTLE-HS.

Furthermore, the AI of SLF in MD also showed significant
differences among HC, RMTLE-HS and LMTLE-HS. SLF is
a bilateral white matter association fiber tract connecting
the frontal, occipital, parietal, and temporal lobes (49). SLF
plays an important role in many complex cognitive processes,
including working memory, and language processing (50, 51).
The abnormalities of SLF in TLE have been found in many
studies (23, 29), and the association between SLF and memory
and language impairments have also been presented in TLE
(52). For example, the arcuate fasciculus (AF), a part of the
SLF of TLE, has been associated with poorer verbal memory
and naming performance. Regression analyses revealed that AF
independently predicted cognitive performance after controlling
for hippocampal volume (52). Thus, the different AIs of the SLF
among the three groups in our study might indicate the different
cognitive functions associated with SLF, but this inference needs
further verification because of the lack of cognitive function
evaluation in the current study.

LIMITATION

Some limitations of the current study should be mentioned.
First, we did not evaluate the subjects’ cognitive functions
and thus could not clarify the relationship between asymmetry
and cognitive functions. Such cognitive functions as language
have been observed to be associated with brain asymmetry
(5). We would include cognitive evaluation in future studies.
Second, we only analyzed the white matter asymmetry of
MTLE patients. Further research about the functional and other
structural asymmetries should be included in future studies,
which might provide a comprehensive understanding of the
asymmetry characteristics of MTLE.

CONCLUSION

The current study found that the interhemispheric asymmetries
in FA were significantly lower in both the LMTLE-HS group and
the RMTLE-HS group than in the HC group. The ROI-based
quantitative analysis provided further evidence for the previous
result that RMTLE-HS/LMTLE-HS influences the ipsilateral
hemisphere more severely and that impairment in LMTLE-HS
may be more diffuse and bilateral than that in RMTLE-HS.
The differences in AI among RMTLE-HS, LMTLE-HS, and HC
involved the limbic system and the SLF, which may have some
pragmatic implications as to the diagnosis of MTLE and the
differentiation of LMTLE-HS from RMTLE-HS.
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Objectives: To evaluate white matter hyperintensities (WMH) quantification
reproducibility from multiple aspects of view and examine the effects of scan–
rescan procedure, types of scanner, imaging protocols, scanner software upgrade, and
automatic segmentation tools on WMH quantification results using magnetic resonance
imaging (MRI).

Methods: Six post-stroke subjects (4 males; mean age = 62.8, range = 58–72 years)
were scanned and rescanned with both 3D T1-weighted, 2D and 3D T2-weighted fluid-
attenuated inversion recovery (T2-FLAIR) MRI across four different MRI scanners within
12 h. Two automated WMH segmentation and quantification tools were used to measure
WMH volume based on each MR scan. Robustness was assessed using the coefficient
of variation (CV), Dice similarity coefficient (DSC), and intra-class correlation (ICC).

Results: Experimental results show that the best reproducibility was achieved by using
3D T2-FLAIR MRI under intra-scanner setting with CV ranging from 2.69 to 2.97%,
while the largest variability resulted from comparing WMH volumes measured based
on 2D T2-FLAIR MRI with those of 3D T2-FLAIR MRI, with CV values in the range of
15.62%–29.33%. The WMH quantification variability based on 2D MRIs is larger than 3D
MRIs due to their large slice thickness. The DSC of WMH segmentation labels between
intra-scanner MRIs ranges from 0.63 to 0.77, while that for inter-scanner MRIs is in
the range of 0.63–0.65. In addition to image acquisition, the choice of automatic WMH
segmentation tool also has a large impact on WMH quantification.

Conclusion: WMH reproducibility is one of the primary issues to be considered
in multicenter and longitudinal studies. The study provides solid guidance in
assisting multicenter and longitudinal study design to achieve meaningful results
with enough power.
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KEY POINTS

- The intra-scanner and inter-scanner WMH reproducibility study in the same cohort.
- The best reproducibility was achieved by using 3D T2-FLAIR MRI under intra-scanner

setting.
- There is a large variability in comparing WMH quantification results based on 2D

T2-FLAIR MRI with those of 3D T2-FLAIR MRI.

Keywords: reproducibility of results, white matter, magnetic resonance imaging, brain, imaging, three-
dimensional

INTRODUCTION

White matter hyperintensities, commonly found on T2-weighted
T2-FLAIR brain MR images in the elderly, are associated with
a number of neuropsychiatric disorders, including multiple
sclerosis (MS) (Filippi et al., 2016),vascular dementia, Alzheimer’s
disease (AD) (Fazekas et al., 1996; Hirono et al., 2000), mild
cognitive impairment (DeCarli et al., 2001), stroke (Fazekas
et al., 1993), and Parkinson’s disease (Marshall et al., 2006), and
even in patients with primary mental disorders including mood
disorders and schizophrenia spectrum disorders (Brown et al.,
1995). Many studies have provided evidence that WMH have
a strong impact on cognitive functioning (Gunning-Dixon and
Raz, 2000) and they have been associated with impairment in
a number of domains (Cees De Groot et al., 2000; Prins et al.,
2004). WMH usually have a higher signal intensity compared
to the normal-appearing white matter on FLAIR sequences and
may appear iso- or hypointense on T1-weighted MR images.
It can be measured quantitatively and non-invasively on large
population samples and have been proposed as an intermediate
marker, which could be used for the identification of new risk
factors and potentially as a surrogate end point in clinical trials
(Schmidt et al., 2004).

One challenging issue in studying WMH is the accurate and
robust quantification and localization, given their variability and
scattered spatial distribution. There are a number of automatic or
semiautomatic methods and tools studying WMH segmentation
and quantification, including thresholding method (Payne et al.,
2002; Gibson et al., 2010; Simões et al., 2013), clustering methods
(Admiraal-Behloul et al., 2005; Schmidt et al., 2012; Jain et al.,
2015), and machine learning algorithms (Sweeney et al., 2014;
López-Zorrilla et al., 2017; Rachmadi et al., 2018). While there are
so many methods studying the accuracy of WMH segmentation
and quantification, few studies examined the reproducibility of
WMH quantification.

Accurate WMH quantification is of vital importance not only
because it is associated with an increased risk of stroke, cognitive
decline, dementia, and death, but also because their progression
has been studied in association with cognitive decline, with
increasing progression predicting a more rapid decline in global
cognitive performance and executive function (Mungas et al.,

Abbreviations: 95% CI, 95% confidence interval; CV, coefficient of variation;
DSC, Dice similarity coefficient; FLAIR, fluid-attenuated inversion recovery; ICC,
intra-class coefficient; SPM, statistical parametric mapping; WMH, white matter
hyperintensities.

2005; van den Heuvel et al., 2006; Kramer et al., 2007). In
addition, WMH may also have a role as a surrogate marker to
assess treatment efficacy. The impact of progression of WMH on
stroke and dementia are also needed to help design therapeutic
trials incorporating progression of WMH as an intermediate
end point. In order to accurately observe the progression of
WMH, the reproducibility of WMH measurement is of critical
significance. The reliability of WMH quantification based on
images acquiring from different scanners in multiple centers
is of crucial importance in multi-center and follow-up studies.
It is thought that a direct comparison of images or WMH
quantities from different scanners in different centers may
induce great variation, but no study examined the extent of this
variation compared with within-center variability. The uncertain
or lower reproducibility of WMH quantification across centers
can contribute to a major concern for carrying out multicenter
and longitudinal research, as well as clinical trials.

In this study, we carry out the study on the reproducibility
of WMH quantification, which covers both intra-scanner and
inter-scanner variability, 2D–3D magnetic resonance imaging
(MRI) variability, MR system upgrade variability, and image
processing tools variability in WMH quantification. The results
of this study can provide great help and guidance in multicenter
and longitudinal WMH study design.

MATERIALS AND METHODS

Participants
Six post-stroke patients with last onset more than 6 months (4
male and 2 female; mean age = 62.8 years; range = 58–72 years)
were prospectively recruited from the outpatient clinic at the
Department of Neurology, the First Hospital of Jilin University,
P.R. China. Exclusion criteria were cortical infarction > 1/3
hemisphere, severe neuropsychiatric disorders, and a history
of traumatic brain injury or tumors. In addition, to exclude
the confounding effect of edema, all the participants had been
without treatment with dehydrating agent or steroid within
4 weeks before MRI scans. Based on visual assessment of WM
lesions, Fazekas scale was assessed on all 3D T2-FLAIR images
by an experienced radiologist (CJG), and the mean Fazekas scale
score of each subject was recorded. The median Fazekas scale
score of all participants was 2.2 (range 1–3) (Fazekas et al., 1987).
The study was approved by the local ethics committee and written
informed consent was obtained from all participants.
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Image Acquisition
All participants were scanned within 12 h across four clinical
MRI systems: MR1: 1.5-T Siemens Avanto (software: syngo
MR B15); MR2: 1.5-T Siemens Avanto (software: syngo MR
B17) (Siemens Healthcare, Erlangen, Germany); MR3: 3.0-T
Philips Ingenia (Philips Healthcare, Best, the Netherlands),
and MR4: 3.0-T Siemens Trio (Siemens Healthcare, Erlangen,
Germany). 3D T1-weighted MRI sequence was obtained for
assisting accurate WMH segmentation. 3D T2-FLAIR and 2D
T2-FLAIR were acquired twice with repositioning in-between on
each MRI system, resulting in a total of 16 T2-FLAIR volumes
per participant. All the 2D T2-FLAIR parameters were from the
default clinical sequences. The MRI acquisition parameters are
detailed in Table 1.

Image Processing
Two fully automated WMH segmentation and quantification
software were used for WMH segmentation and volumetric
measurement. One is AccuBrain R© (BrainNow Medical
Technology Ltd.) and the other is lesion growth algorithm
[16] as implemented in the Lesion Segmentation Toolbox
(LST1). AccuBrain R© is an automated brain segmentation and
quantification software. It can segment a list of brain structures
based on T1w MRI. Given additional T2-FLAIR MRI, it can
also segment and quantify WMH (Shi et al., 2013). AccuBrain R©

segments T1w MRI and produces brain structure masks and
tissue masks. Then, it coregisters T1w MRI with T2-FLAIR MRI

1https://www.applied-statistics.de/lst.html

and transforms the structure and tissue masks onto T2-FLAIR
space. Using a set of morphological techniques, it extracts WMH
on T2-FLAIR MRI and refines it using the transformed brain
structure mask from T1w MRI. AccuBrain R© is a cloud-based
computing tool, which only requires MRI scans as input with no
other tunable parameters.

LST is an open source toolbox of SPM used to segment
T2 hyperintense lesions in FLAIR images. LST also relies on
both T1w and T2-FLAIR MRI to segment WMH. It determines
the three tissue classes of gray and white matter as well as
cerebrospinal fluid from the T1w MRI and then uses the T2-
FLAIR intensity distribution of each tissue class to detect outliers.
The neighboring voxels are analyzed and assigned to lesions
under certain conditions. This is done iteratively until no further
voxels are assigned to lesions. Herein, the likelihood of belonging
to WM or GM is weighed against the likelihood of belonging to
lesions. We used the default parameters in LST toolbox, initial
threshold: 0.3, MRF parameter: 1, and maximum iterations: 50.

Reproducibility Analysis
To measure the reproducibility, several metrics, i.e., volume
difference percentage, CV, DSC, and ICC, were computed.
Volume difference percentage is defined as the percentage of
quantified WMH volume difference between the two sequential
scans of the average WMH volume value of the two scans:

volume difference percentage =
|scan− rescan|

(scan+ rescan) /2
× 100%

TABLE 1 | MRI acquisition parameters.

MR1 MR2 MR3 MR4

Manufacturer Siemens Siemens Philips Siemens

Model name Avanto Avanto Ingenia TrioTim

Station name MEDPC26921 MRC25494 3FCD991 MRC35363

System version syngo MR B15 syngo MR B17 R6.0.531.1 syngo MR B15

Field strength (T) 1.5 1.5 3 3

2D FLAIR

Voxel size, mm3 0.5 × 0.5 × 6.0 0.5 × 0.5 × 6.0 0.5 × 0.5 × 6.0 0.5 × 0.5 × 6.0

Number of slices 20 20 18 20

Repetition time (ms) 9,000 9,000 7,000 8,000

Echo time (ms) 99 103 93 93

Flip angle (◦) 150 150 90 130

Voxel size, mm3 1.0 × 1.0 × 1.0 1.0 × 1.0 × 1.0 1.0 × 1.0 × 1.0 1.0 × 1.0 × 1.0

Number of slices 176 176 344 176

Repetition time (ms) 7,500 7,500 4,800 7,500

Echo time (ms) 402 396 310 389

Flip angle (◦) 120 120 90 120

3D T1WI

Voxel size, mm3 1.0 × 1.0 × 1.0 1.0 × 1.0 × 1.0 1.0 × 1.0 × 1.0 1.0 × 1.0 × 1.0

Number of slices 176 176 192 176

Repetition time (ms) 1,900 1,900 7.07 1,900

Echo time (ms) 3.37 3.37 3.19 2.96

Flip angle (◦) 15 15 7 9

FLAIR, fluid-attenuated inversion recovery; T1WI, T1-weighted images.
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FIGURE 1 | One subject’s 3D T2-FLAIR MR images from different scanners together with their WMH segmentation results (red overlay) using AccuBrain R© and LST.
(a) MR1; (b) MR2; (c) MR3; and (d) MR4.

FIGURE 2 | Scan–rescan example on MR1. The corresponding T2-FLAIR MRI slice from a 3D T2-FLAIR MRI scan–rescan experiment on MR1 scanner, together
with their WMH segmentation results using AccuBrain R© and LST. (a) The first 3D T2-FLAIR scan. (b) Rescan with the subject’s position change.
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FIGURE 3 | WMH volume measurements using LST and AccuBrain R© with MRIs from different scanners.

CV is defined as the ratio of the standard deviation to the mean
of the multiple measurements and is expressed in percentages.

CV =
σ

µ
× 100%

DSC is defined as the volume overlap of two segmentations:

DSC (A, B) =
2 (A ∩ B)

|A| + |B|

In this study, we first aligned all the WMH results in
the MR1 3D FLAIR MRI space, used the STAPLE algorithm
(Warfield et al., 2004) to combine the WMH segmentation labels
of all the scans, and created a fused label as reference label;
each segmentation label was compared with the reference label
in terms of DSC.

ICC was computed using two-way mixed method with 95%
CIs in IBM SPSS Statistics 20 software.

The reproducibility of WMH quantification was assessed
from four aspects.

Intra-Scanner Reproducibility
Each subject has a set of scanned 3D T1w, 2D T2-FLAIR,
and 3D T2-FLAIR MRIs and re-scanned 2D T2-FLAIR and
3D T2-FLAIR MRIs on each MR scanner. The set of scan–
rescan T2-FLAIR MRIs were used for examining within-scanner
repeatability in a single center. The volume difference percentage,
CV, DSC, and ICC between two sequential WMH measures using
scan–rescan images were computed.

Inter-Scanner Reproducibility
The studying subjects were scanned with the same set of image
sequences (3D T1w, 2D T2-FLAIR, and 3D T2-FLAIR) across
four different scanners within 12-h interval. The inter-scanner
variability was evaluated using CV, DSC, and ICC values of the
same subject’s different WMH measurements.

MR System Software Variability
Two of the four studying MRI scanners (MR1 and MR2) are
the same MRI system from the same vendor (Siemens Avanto)
but different in MRI system software (syngo MR B15 and syngo
MR B17) and settled place. The effects of MR system upgrade
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FIGURE 4 | The correlation between Fazekas score and WMH volume measurements using LST and AccuBrain R© with MRIs from different scanners.

and examination place on WMH volume measurements were
examined using this experiment.

2D and 3D T2-FLAIR Variability
As each subject was scanned using both 2D and 3D T2-FLAIR
on the same scanner, the WMH volume measurement difference
between 2D and 3D T2-FLAIR images was studied.

RESULTS

Segmentation
Figure 1 shows some representative axial slices of one subject’s
3D T2-FLAIR MR images from different acquisitions and

their corresponding automatic WMH segmentation results of
the two software. It can be observed that the T2-FLAIR
MRIs have a large variability in appearance across scanners,
which brings great challenge in obtaining consistent WMH
volumetric measurement.

In addition, on the same scanner, the subject’s imaging
position change can also have an impact on T2-FLAIR MRI
appearance and WMH segmentation results. One example can be
seen in Figure 2, where images from a 3D T2-FLAIR scan–rescan
test are shown. Even if the same scanner and imaging parameters
are used within a short time period, the T2-FLAIR MRIs look
different in tissue and WMH contrast.

We quantified all the subjects’ segmented WMH using both
LST and AccuBrain R© with all the MRIs from different scanners,

TABLE 2 | Intra-scanner WMH volume measurement reproducibility using different image processing software.

Volume difference
percentage (%) (mean ± std)

CV (%) (mean ± std) DSC (mean ± std) ICC (95% CI)

3D Scanner AccuBrain R© LST AccuBrain R© LST AccuBrain R© LST AccuBrain R© LST

All 3.81 ± 2.97 4.20 ± 5.15 2.69 ± 2.10 2.97 ± 3.64 0.73 ± 0.06 0.74 ± 0.07 0.996 (0.992–0.998) 1 (0.999–1)

MR1 4.35 ± 0.15 7.25 ± 0.11 3.07 ± 1.98 5.12 ± 6.34 0.70 ± 0.04 0.73 ± 0.10 0.995 (0.965–0.999) 0.999 (0.994–1)

MR2 3.36 ± 0.10 2.17 ± 0.11 2.37 ± 2.80 1.53 ± 0.74 0.74 ± 0.09 0.70 ± 0.06 0.999 (0.996–1) 1 (0.998–1)

MR3 4.13 ± 0.21 2.40 ± 0.14 2.92 ± 2.58 1.70 ± 1.38 0.77 ± 0.04 0.75 ± 0.05 0.992 (0.943–0.999) 1 (0.998–1)

MR4 3.41 ± 0.11 4.97 ± 0.07 2.41 ± 1.19 3.51 ± 2.82 0.73 ± 0.05 0.77 ± 0.05 0.999 (0.989–1) 0.999 (0.996–1)

2D All 7.35 ± 5.86 8.07 ± 8.06 5.19 ± 4.14 5.71 ± 5.70 0.68 ± 0.10 0.68 ± 0.12 0.969 (0.930–0.986) 0.997 (0.993–0.999)

MR1 4.11 ± 2.98 6.48 ± 4.77 2.90 ± 2.11 4.58 ± 3.37 0.67 ± 0.12 0.63 ± 0.14 0.998 (0.989–1) 0.999 (0.990–1)

MR2 9.68 ± 7.35 10.56 ± 13.32 6.84 ± 5.20 7.46 ± 9.42 0.68 ± 0.12 0.70 ± 0.15 0.980 (0.866–0.997) 0.998 (0.982–1)

MR3 10.1 ± 6.39 10.76 ± 7.67 7.14 ± 4.52 7.60 ± 5.42 0.65 ± 0.08 0.70 ± 0.09 0.959 (0.741–0.994) 0.995 (0.968–0.999)

MR4 5.51 ± 4.65 4.48 ± 2.31 3.89 ± 3.29 3.16 ± 1.63 0.69 ± 0.08 0.67 ± 0.09 0.981 (0.871–0.997) 0.998 (0.985–1)

FLAIR, fluid-attenuated inversion recovery; CV, coefficient of variation; DSC, Dice similarity coefficient; ICC, intra-class coefficient; 95% CI, 95% confidence interval.
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TABLE 3 | Inter-scanner WMH volume measurement reproducibility using different image processing software.

CV DSC ICC

All scanners 95% CI of the difference MR1 vs. MR2 95% CI of the difference All scanners All scanners

3D T2-FLAIR

AccuBrain R© 10.54 ± 4.09 (6.239–14.84) 5.01 ± 2.35 (2.538–4.485) 0.64 ± 0.082 0.985 (0.947–0.998)

LST 29.36 ± 24.37 (3.785–54.95) 6.97 ± 4.29 (2.466–11.47) 0.62 ± 0.129 0.950 (0.837–0.992)

2D T2-FLAIR

AccuBrain R© 11.49 ± 4.62 (6.646–16.34) 8.37 ± 5.41 (2.683–14.05) 0.63 ± 0.079 0.967 (0.888–0.995)

LST 10.89 ± 4.81 (5.836–15.95) 11.39 ± 7.61 (3.401–19.38) 0.65 ± 0.118 0.985 (0.949–0.998)

FLAIR, fluid-attenuated inversion recovery; CV, coefficient of variation; DSC, Dice similarity coefficient; ICC, Intra-class coefficient; 95% CI, 95% confidence interval.

TABLE 4 | Comparison of WMH quantification based on 2D and 3D T2-FLAIR.

Intra-scanner CV Inter-scanner CV

Mean ± std 95% CI of the difference Mean ± std 95% CI of the difference

AccuBrain R© 15.62 ± 8.73 (11.93–19.31) 17.17 ± 5.81 (11.07–23.27)

LST 24.19 ± 11.82 (19.19–29.18) 29.33 ± 15.01 (13.57–45.08)

CV, coefficient of variation; 95% CI, 95% confidence interval.

as shown in Figure 3. The WMH volumes range from 1 to 20 ml
for different subjects. We quantified all the subjects’ segmented
WMH using both LST and AccuBrain R© with all the MRIs from
different scanners, as shown in Figure 3. The WMH volumes
range from 1 to 20 ml for different subjects. S1–S6’s mean
Fazekas scale score is 1, 2, 3, 2, 3, and 2, respectively. The
Pearson correlation between mean Fazekas scale score and LST
quantified WMH volumes is 0.856 (MR1), 0.851 (MR2), 0.851
(MR3), and 0.856 (MR4), while the correlation is 0.907 (MR1),
0.852 (MR2), 0.871 (MR3), and 0.856 (MR4) with AccuBrain R©

quantified WMH volume, as shown in Figure 4.

Reproducibility
Table 2 shows the intra-scanner reproducibility results in
the scan–rescan experiments. In general, the intra-scanner
reproducibility results of different segmentation methods show
relatively small differences with a mean volume difference
percentage of 3.81% (3D) and 7.35% (2D) using AccuBrain R©, and
4.20% (3D) and 8.07% (2D) using LST, and mean CV is 2.69%
(3D) and 5.19% (2D) using AccuBrain R©, and 2.97% (3D) and
5.71% (2D) using LST. The mean DSC is 0.73 (3D) and 0.68
(2D) using AccuBrain R©, and 0.74 (3D) and 0.68 (2D) using LST.
Comparatively, using 3D T2-FLAIR MRI brings more consistent
WMH quantification results than using 2D-FLAIR MRI.

Table 3 compares the WMH volume measurement variability
across different scanners. It shows that inter-scanner CV values
are much larger than those of the intra-scanner experiment.
Moreover, variability can also come from image processing
software, where AccuBrain R© has an average inter-scanner CV
value of 10.54% (3D), while LST’s inter-scanner CV value is
29.36% (3D) on average. In addition, MR1 and MR2 are two MRI
scanners of the same type (Siemens Avanto) but with different
versions of software installed and different rooms to be settled.
There are still some variations between the quantifications on

the two machines, but much smaller than that from different
types of scanners.

In Table 4, the differences between 2D T2-FLAIR and 3D T2-
FLAIR MRI were calculated and compared. It can be observed
that in both intra-scanner and inter-scanner settings, the WMH
volume measurement variations between 2D and 3D MRI are
large and vary across different image processing tools.

DISCUSSION

In this study, we examined the reproducibility of WMH
quantification. To achieve this, subjects with different levels of
WMH load have undertaken MRI acquisitions (3D T1w, 2D and
3D T2-FLAIR sequences) across four different MRI scanners. On
each scanner, a scan–rescan procedure was performed to examine
intra-scanner variability, while the inter-scanner variability was
tested across the four scanners. Meanwhile, the effect of software
upgrade and settled place was examined using the same type of
scanner but installed with different versions of software and in
different examination rooms. In addition, comparison of WMH
volume measurements between 2D and 3D T2-FLAIR was also
made in both intra-scanner and inter-scanner setting.

In the intra-scanner experiments, it has shown that 3D T2-
FLAIR MRIs generally achieved much better reproducibility than
2D T2-FLAIR MRIs regardless of image processing software,
where the between-scan volume difference percentage is 3.81–
4.20% for 3D T2-FLAIR and 7.35–8.07% for 2D T2-FLAIR.
The larger variability of 2D scans indicates that the large slice
thickness of 2D MRI scan can bring large variation in WMH
volume measurement due to the irregular pattern of WMH
across slices. An average 4% volume difference percentage was
achieved in the scan–rescan procedure using 3D T2-FLAIR
MRI. This implies that for a subject with low WMH load,
e.g., 2 ml, a deviation of 0.08 ml may be induced on average
with the same imaging setting; meanwhile, for a subject with
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high WMH load, e.g., 10 ml, an average of 0.4 ml deviation
may be induced. The scan–rescan reproducibility results can
provide important clinical information in aiding doctor’s further
assessment or diagnosis.

There are several existing works studying the within-
center reproducibility WMH volumetric measurement using
a scan–rescan procedure in a single center. For example, de
Boer et al. (2010) assessed whiter matter lesion segmentation
reproducibility by comparing the automatic segmentations (by
trained kNN method) of 30 subjects who were scanned twice
within a short time interval; the mean CV is 5.87% using
3D T1w and 3D T2-FLAIR MRI. Another study assessed
reproducibility of three automated segmentation pipelines for
quantitative MRI measurement of brain white matter signal
abnormalities (WMSA) on 30 subjects who were positioned and
imaged twice within 30 min and achieved a range of 2.57–7.76%
CV values using different pipelines (Wei et al., 2002). Ramirez
et al. evaluated Lesion Explorer (LE), an MRI-derived tissue
segmentation and brain region parcellation processing pipeline
for obtaining intracranial tissue and subcortical hyperintensity
volumetry in a short-term scan–rescan reliability test on 20
volunteers, with a reported intra-class correlation coefficient
(ICC) of 0.9998 for subcortical hyperintensity measurement
(Ramirez et al., 2013). In general, our reported intra-scanner CV
values [CV: 2.69%, ICC: 0.996 (0.992–0.998) using AccuBrain R©

and CV: 2.97%, ICC: 1 (0.999–1) using LST] are close to the
reported indices in a previous study. However, the previous
studies mainly focused on 3D T2-FLAIR MRI. As the commonly
used protocol in clinical practice, WMH quantification based
on 2D T2-FLAIR MRI is also of great interest to clinicians.
It is validated in our experiments that CV values of WMH
quantification based on 2D MRI is in the range of 2.90–
7.60% using different MRI scanners and processing software.
In the inter-scanner experiments, the inter-scanner CV values
(10.54% using AccuBrain R© and 29.36% using LST) are around
four to six times of the intra-scanner CV values (2.69%
using AccuBrain R© and 2.97% using LST). The large inter-
scanner variability is mainly due to various T2-FLAIR MRI
appearances resulting from different imaging parameters on
different scanners. If the same scanner and imaging parameters
are used, the difference can be smaller, where 5.01% and
6.97% CV value was achieved with AccuBrain R© and LST,
respectively, using the same Siemens Avanto scanner but with
different versions of software and installation places. This
variability is in the same level of intra-scanner variability,
implying that machine software upgrade and installation place
can have little impact on the measurement of WMH volume.
However, it still suggests that centers should consider having
some assessment or calibration for quality assurance and to
calculate differences across time when scanner upgrade or
replacement are considered.

In comparing quantification using both 2D and 3D T2-
FLAIR, it has revealed that the variability is quite high under
both intra-scanner and inter-scanner setting. 2D T2-FLAIR
MRI is commonly accepted in clinical practice for diagnosis
or assessment due to its relatively short acquisition time.
However, WMH quantification results based on 2D MRI cannot
be directly compared with the 3D MRI quantities, even with

some resampling techniques, as it is easy to underestimate or
overestimate WMH volume using 2D MRI.

Recommendations for multicenter WMH quantitative study:

(1) Acquire 3D T2-FLAIR MRIs using the same imaging
parameters on the same scanner. Intra-scanner 3D
T2-FLAIR reproducibility is much higher than others
regardless of automatic quantification tools. Followed is
the reproducibility of the same scanner but with upgraded
software and resettled place. It indicates that in order to
achieve the highest reproducibility, acquiring 3D T2-FLAIR
MRIs in the same scanner is preferred in a multicenter
study or a longitudinal study.

(2) WMH quantification on 2D T2-FLAIR MRIs is not
comparable with that on 3D T2-FLAIR MRIs. Due to large
slice thickness and irregular WMH pattern across slices,
the variability of WMH volumetric measurement based
on 2D T2-FLAIR MRI is much larger than 3D T2-FLAIR
MRI. Although 2D T2-FLAIR MRI is commonly used in
clinical practice, it is not preferable in a multicenter study
or follow-up comparison. In particular, a direct comparison
of quantitative results between 2D and 3D MRI can result in
large deviation.

(3) WMH segmentation methods have a large impact on
the quantification results and reproducibility. It can
be observed that the scan–rescan reproducibility is
relatively stable among different segmentation tools.
However, the inter-scanner reproducibility is various
among different tools. Choosing and comparing different
image processing software is also an important issue in
reliable WMH measurement.

(4) Before multicenter clinical trial is carried out, if different
scanners are involved, protocol optimization and
harmonization should be implemented first in each
scanner. A reproducibility experiment with phantom or
volunteer assessments for quality assurance is important to
calculate differences in brain quantification.

(5) In a multicenter study, when images from different scanners
have already been acquired, it is advised to (1) choose
proper WMH quantification tools that are designed robust
to scanner change and (2) use dedicated statistical models
to adjust on scanner or use random-effects models.

Our study has several limitations. First, the subject number
is not yet large enough for us to draw a statistically meaningful
conclusion. Due to the long acquisition time for each subject to
complete the whole procedure within 1 day, it is difficult to recruit
many subjects in the current study. Second, MRI data acquisition
was held in a single center. Although inter-scanner acquisitions
were performed on different scanners and in different rooms
to simulate multi-center study design, it is necessary in the
future to launch multi-center reproducibility study based on a
large population.

CONCLUSION

In conclusion, we compared WMH quantification reproducibility
in different experimental settings. In general, the reproducibility
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was the best when performing WMH segmentation on
3D MRI acquired by the same type of MRI scanner
and same imaging parameters regardless of automatic
segmentation tools. This study gives evidence on the extent
of variability of WMH measurement across centers and can
also aid in designing multicenter and longitudinal study to
have enough power.
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Background: Increasing evidence indicates that early radiation-induced subtle cerebral

changes may be the precursors to permanent brain dysfunction at the late-delayed (LDS)

post-radiotherapy (RT) stage. In this study, we aim to track the RT-related longitudinal

brain activity in nasopharyngeal carcinoma (NPC) patients and to determine whether

early abnormal brain activity can predict late neurocognitive dysfunction after RT.

Methods: Thirty-three NPC patients were finally included and longitudinally followed

up at the following time points: prior to treatment initiation, early-delayed stage (EDS,

1–3 months), and LDS (six months) after RT. Fifteen comparable healthy controls (HCs)

were finally included and followed up in parallel. Montreal Cognitive Assessment (MoCA)

was used to assess the general cognitive function. Brain activity was recorded via

resting-state fMRI and regional homogeneity (ReHo). A whole-brain voxel-wise-based

one-way repeated-measure analysis of variance (ANOVA) was conducted to evaluate

the longitudinal ReHo changes among the three time points for NPC patients and HCs,

respectively. Results were reported at the significant level of a threshold of two-tailed

voxel-wise P < 0.01 and cluster level P < 0.05 with Gaussian Random Field (GRF)

correction. Finally, the efficacies of the aberrant ReHo at EDS for predicting the cognitive

impairment at LDS in NPC patients were evaluated.

Results: Significant differences were detected in ReHo among the three time points in

NPC patients but not in HCs. Aberrant ReHo was distributed in the bilateral cerebellum,

the right temporal lobe, and the left insular areas, which showed different dynamic

changes patterns over time. Logistic regression model combining the mean ReHo,

age, and irradiation dose on the bilateral temporal lobe had the highest diagnostic

efficiency according to the area under the curve (AUC) score (AUC = 0.752, P = 0.023).
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Conclusions: The post-RT brain activity revealed by ReHo in NPC patients was

dynamic, complex, and multifactorial. Furthermore, the combination of the aberrant

ReHo at EDS, age, and irradiation dose may serve as a potential biomarker of the

RT-induced cognitive impairments at LDS.

Keywords: radiotherapy, radiation-induced injury, regional homogeneity, resting-state fMRI, nasopharyngeal

carcinoma, neurocognitive dysfunction

INTRODUCTION

There were an estimated 129,000 new cases of nasopharyngeal
carcinoma (NPC) and 73,000 deaths in 2018 (1). According to
world area, incidence rates are highest in South-Eastern Asia,
including Malaysia, Indonesia, Singapore, and South-Eastern
China (2). The standard treatment for NPC is radiotherapy
(RT) due to the radio-sensitivity of the tumor (3). The survival
rate of NPC patients is generally favorable, thus long-term side
effects of RT are of concern in survivors. Radiation-induced
brain injury is a major neurologic complication following RT.
Classically, it is classified into an acute stage (days to weeks
post-irradiation), early-delayed stage (EDS) (1–4 months post-
irradiation), and late-delayed stage (LDS) (more than 4–6months
post-irradiation) (4). Radiation-related neurocognitive decline,
which may be attributed to the brain injury, is a significant but
largely unrecognized sequela that appears after irradiation in
NPC patients (4, 5). Reportedly, it has been described as part
of a biphasic pattern of cognitive loss. Following RT there is
an initial deterioration in cognitive function, after which there
is a transient recovery at post-RT EDS, and then a progressive,
irreversible deterioration in the cognitive functioning at post-RT
LDS (6). Historically, the primary research focus has been placed
on markers of brain damage and cognitive decline appearing
over 6 months to 1 year or later after irradiation (7). However,
such knowledge cannot ameliorate the progression of the brain
injury and cognition dysfunction, which is irreversible at post-RT
LDS (6). Recent evidence indicates that early radiation-induced
subtle changes in the brain may be the precursors to long-
term, permanent brain dysfunction at post-RT LDS (4, 7, 8).
Thus, consideration of early forms of RT-induced brain damage
and how they can evolve over time may not only shed light
on the complicated pathogenesis of RT-induced neurocognitive
impairment, but also facilitate the early identification and
treatment, which can reverse the degenerative processes before
they have caused permanent disability.

Earlier research has suggested that brain activity in the
resting-state reflects the baseline status of the whole brain
and is a promising indicator in the investigation of the
pathophysiological characteristics of nervous system diseases
(9). Recently, resting-state brain activity was used to explore
the post-RT brain dysfunction in NPC patients, which yielded
inspiring findings (10–13). Two cross-sectional studies (11, 14),
comparing between NPC patients who had already finished RT
with those who had not received RT, revealed RT-related aberrant
whole-brain and cerebellar-cerebral functional connectivity (FC),
respectively. Another cross-sectional study (13), compared pre-

and post-RT NPC individuals with multiple groups of different
time points, which discovered that the brain activity underwent
dynamic post-RT changes. Furthermore, the increased local brain
activity in the inferior temporal lobe at EDS may be used to
predict the occurrence of severe brain necrosis many years later
(13). However, it is difficult to obtain a clear picture from these
cross-sectional results, given that the post-RT cohort effects
and diverse time points in different studies (11, 13). Extant
longitudinal studies revealed that disruption of the FC of the
hippocampal-related cortices occurred in the NPC patients (10)
or intra- and inter-network disconnection within a few months
after RT (12). Unfortunately, these longitudinal studies did
not involve cognitive tests (10) or focused only on one post-
RT time point (12), which hampered the determination of the
relation of the dynamic alteration to the cognitive dysfunction.
Furthermore, whether the early brain activity changes can be
used for predicting late-delayed cognitive dysfunction in NPC
patients is still debatable.

Regional homogeneity (ReHo) is an important research
method for mapping the level of local activity across the
whole brain of an individual, which reflects the local temporal
homogeneity of the regional blood oxygen level-dependent
signal in the resting state (15, 16). This data-driven method
provides analysis of the region-to-region interactions and
voxel-by-voxel neural activity with remarkably high test-retest
reliabilities at the functional level, based on the intrinsic
activity of the resting brain (16). Accumulating evidence
indicates that the regional properties of the intrinsic brain
dynamics can reliably reflect aspects of cognitive function (17–
19). Furthermore, increasingly more studies have suggested
the potential of ReHo changes as a prognostic imaging tool
to identify the disease-related progression treatment response
and outcomes for various neuropsychiatric disorders (19–21).
Thus, the application of this method might be helpful for the
better characterization of the relationship between the functional
evolutional processes and the late-delayed cognitive dysfunction
in post-RT NPC.

Given that the previous evidence of a dynamic brain activity
alteration pattern during the different post-RT phases and early
increased local brain functional activity was predictive of severe
later temporal lobe necrosis (13), we hypothesized that: (1)
Compared with pre-RT, aberrant ReHo can be detected in brains
of post-RT NPC patients at EDS and LDS, which would undergo
a dynamic alteration from EDS to LDS; (2) The global cognitive
function would be impaired in post-RT NPC patients; (3) The
abnormal ReHo index at EDS may be used as a biomarker for
prediction of impaired cognitive function at LDS.
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MATERIALS AND METHODS

Participants
This prospective study was approved by the local institutional
review board. Written informed consent was obtained from all
subjects. From December 2014 to May 2018, 38 newly diagnosed,
treatment-naive patients with NPC and 20 comparable healthy
controls were initially included. Ten subjects (5 NPC patients
and 5 healthy controls) were discarded due to excessive head
motion. Finally, 33 patients with NPC (21 male and 12 female,
18–55 years old, mean age of 38.91 ± 9.38 years) and 15
comparable healthy controls (10 males and 5 females; aged
26–55 years, mean age 40.33 ± 10.33 years) were included.
The following inclusion criteria were used for all participants:
aged 18–60 years, dextromanuality, no intracranial invasion, no
distant metastases, no brain tumors, no alcoholism, no substance
dependence, no prior substantial head trauma, no diabetes, no
viral hepatitis, no positive human immunodeficiency virus status,
no neurological or psychiatric diseases or other major medical
issues, routine brain MR examination was negative, and baseline
MoCA scores were more than or equal to 26. The exclusion
criteria for all participants were as follows: age lower than 18
or above 60 years, left-handedness, alcoholism, diabetes, brain
tumors, history of cranial trauma, history of any psychiatric or
neurological disease, any current medications that may affect
cognitive function, contraindications for MRI scanning, and
excessive head movement during the functional MRI (fMRI)
acquisition. The additional exclusion employed criteria for NPC
patients were intracranial invasion and distant metastases. Each
NPC patient underwent a detailed pre-treatment evaluation,
and the clinical stages of NPC were classified according to the
7th edition of the American Joint Committee (AJCC) staging
system (22).

Treatment
All patients received one fraction of intensity-modulated
radiation therapy (IMRT) (n = 30) or tomotherapy (n = 3)
daily for five consecutive days per week. The prescribed radiation
doses for patients treated were 62–70Gy at 2.0–2.33 Gy/fraction
over 30–33 fractions to the planning target volume (PTV) of the
nasopharynx tumor volume (GTVnx) and gross tumor volume
of malignant lymph nodes (GTVnd), with 56–60Gy to the PTV
of clinical target volume 1 (CTV1) (high-risk regions) and 50–
56Gy to the PTV of CTV2 (low-risk regions and neck nodal
regions). The details of the RT techniques were identical to
those reported in previous studies (23, 24). Dose evaluation was
performed based on the data from the dose–volume histogram
for the targets (24). The main evaluation parameters were
maximum dose (Dmax), mean dose (Dmean), and minimum
dose (Dmin) received by bilateral temporal lobe (Table 1). In
addition, of the 33 patients, 1 (3.0%) underwent only RT,
16 (48.5%) were administered concurrent chemoradiotherapy,
and 16 (48.5%) received a combination of neoadjuvant and
concurrent chemoradiotherapy. Neoadjuvant therapy consisted
of cisplatin with 5-fluorouracil (PF), cisplatin with docetaxel
(TP), or cisplatin with 5-fluorouracil and docetaxel (TPF) every 3
weeks for ≥2 cycles. The concurrent chemotherapy consisted of

cisplatin/nedaplatin or paclitaxel administered weekly for at least
4–7 cycles or in weeks 1, 4, and 7 of radiation therapy.

Image Acquisition
All MRI scans were performed on a GE Discovery MR750
3.0 scanner (GE Medical Systems, Milwaukee, WI, USA) with
a 16-channel head and neck coil (GE Medical Systems) at
the Department of Medical Imaging, Sun Yat-sen University
Cancer Center. To detect intracranial lesions, routine imaging
examinations were performed of axial T1-weighted images
[repetition time (TR)/echo time (TE) = 596/8ms] and T2-
weighted images (TR/TE = 3,223/89ms) and T2-FLAIR images
[TR/TE/inversion time (TI) = 9,000/93/2,475ms], obtained
for every subject. Then, a resting-state fMRI scan with an
echo-planar imaging sequence and a high-resolution structural
MRI scan with T1 weighted three-dimensional brain volume
imaging (3D-BRAVO) sequence were sequentially conducted.
The imaging parameters were as follows: (1) Resting-state
fMRI: TR/TE = 2,000/30ms, flip angle = 90◦, thickness/gap =

3/0.8mm, acquisition matrix = 64 × 64, field of view (FOV)
= 240 × 240 mm2, voxel size = 3.75 × 3.75 × 3.8 mm3,
39 axial slices and 240 time points (8min). (2) 3D-BRAVO:
TR/TE = 8.16/3.18ms, inversion time = 800ms, flip angle =

8◦, acquisition matrix = 256 × 256, FOV = 256 × 256 mm2,
voxel size= 1× 1× 1 mm3, 176 sagittal slices with no inter-slice
gap. For the resting-state fMRI scan, subjects were instructed to
avoid falling asleep, keep their eyes closed, and avoid thinking
about anything.

Neurocognitive Tests
General cognitive function was assessed through the
Montreal Cognitive Assessment (MoCA, Beijing Version)
test, which assesses different cognitive domains: attention and
concentration, executive functions, memory, language, visuo-
constructional skills, conceptual thinking, calculations, and
orientation. The MoCA was reported to be a feasible and relative
sensitive instrument for routine cognitive screening for NPC
patients with radiation-induced injury (25). Cutoff scores for the
MoCA was determined at 26 (scores of 25 or below will indicate
cognitive impairment) (26). The time to administer the MoCA
was approximately 10min. The MoCA scores ranged from 0 to
30; higher scores indicated a better cognitive performance. After
an appropriate explanation, all subjects completed the MoCA
test on the same day of MRI scanning.

TABLE 1 | Dose–volume statistics of the bilateral temporal lobe for 33 patients

with nasopharyngeal carcinoma treated with radiation therapy (Gy).

Temporal lobe Maximum dose

(Dmax)

Minimum dose

(Dmin)

Mean dose

(Dmean)

Left 65.51 ± 12.36 1.82 ± 0.78 17.97 ± 5.35

Right 67.59 ± 6.46 1.77 ± 0.66 18.02 ± 4.71

All data are presented as mean ± standard deviation.
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Follow-Up Procedure
To investigate the dynamic alteration of whole-brain ReHo and
cognitive function dysfunction at an early stage after RT, all 33
patients with NPC were longitudinally evaluated at three time
points: prior to treatment initiation, EDS (1–3 months after RT
completion), and LDS (6 months after the completion of RT).
MRI data and MoCA tests were acquired at each time point.
Meanwhile, all 15 healthy controls were followed up in parallel
(baseline, 6 months, 9 months) and completed MRI scans and
MoCA measurements were conducted at each time point. The
procedures for the follow-up of all participants are presented
in Figure 1.

Data Preprocessing and Computation of
ReHo Maps
All preprocessing steps were carried out using the toolkit of Data
Processing & Analysis of Brain Imaging (DPABI_V3.0_171210,
http://rfmri.org/DPABI), an extension of Statistical Parametric
Mapping (SPM8) (http://www.fil.ion.ucl.ac.uk/spm). The first
10 volumes of each functional time series were discarded
from analysis to allow for magnetization equilibrium and for
the adaptation of the subjects to the scanning situation. The
remaining 230 volumes were corrected for the acquisition time
delay between the different slices as well as for geometrical
displacements according to the estimated head movement and
were then realigned to the first volume. Head motion parameters
were computed by estimating the translation in each direction
and the angular rotation on each axis for each volume. Any
subject who had a maximum displacement in any of the three
cardinal directions (x, y, z) > 2.0mm or a maximum spin (x, y,
z) > 2.0◦ was excluded from the study. The realigned fMRI data
were spatially normalized to the Montreal neurological institute
(MNI) space using the normalization parameters estimated by
T1 structural image unified segmentation and was resampled to
3 × 3 × 3 mm3 voxels. Several sources of spurious variances,

including the estimated motion parameters, the linear drift, and
the average time series in the cerebrospinal fluid and white matter
regions, were removed from the data through linear regression.
After that, a temporal filter (0.01–0.08Hz) was performed to
reduce the effect of low-frequency drift sand high-frequency
uninteresting signals.

The calculation procedure of ReHo maps calculation was the
same as that reported earlier (17, 18, 21). In brief, this was
accomplished on a voxel-by-voxel basis by calculating Kendall
coefficient of concordance (KCC) of time series of a given
voxel with those of its nearest 26 neighbors. A larger value for
a given voxel indicated a higher regional homogeneity within
a cluster made up of the voxel and its nearest neighbors. A
whole-brain map of ReHo values for each subject was calculated.
Then, each ReHo map was scaled by its global mean, and finally
smoothed with a 6mm full-width at half maximum (FWHM)
Gaussian kernel.

Statistical Analysis
Statistical Analysis of the NPC Patients and Healthy

Controls at the Baseline
Two-sample t-test was applied to compare the group difference
in age, education level and MOCA between NPC patients and
healthy controls at baseline. Pearson’s chi-squared test was used
to evaluate gender differences between the two groups. Analyses
were conducted using SPSS 18.0 (SPSS forWindows, Chicago, IL,
USA), and a P < 0.05 was deemed significant.

To investigate differences in ReHo between the two groups
at baseline, a two-sample t-test was executed on the individual
ReHo maps in a voxel-by-voxel manner using age, gender, and
years of formal education as covariates.

Longitudinal Changes in Cognitive Function
Repeat measurement ANOVA and multiple comparisons (post-
hoc Dunnett’s tests) were employed to investigate the difference

FIGURE 1 | Enrolment and follow-up procedures for patients with NPC and healthy controls. CCR, Concurrent Chemotherapy and Radiotherapy; MoCA, Montreal

Cognitive Assessment; NCT, Neoadjuvant Chemotherapy; NPC, nasopharyngeal carcinoma; RT, radiation therapy. *38 newly diagnosed patients with NPC and 20

comparable healthy controls were initially included. Ten subjects (5 NPC patients and 5 healthy controls) were discarded due to excessive head motion. Finally, 33

patients with NPC and 15 comparable healthy controls were included.
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between the MOCA score among pre-RT, EDS and LDS in
patients with NPC and healthy controls. Cognitive function
impairment was defined if the MoCA score is <26 during the
follow-up according to previous studies.

Longitudinal Changes of ReHo
To explore the longitudinal ReHo differences among pre-
RT, EDS and LDS in patients with NPC. A whole-brain
voxel-wise-based one-way repeated-measure analysis of variance
(ANOVA), with head motion parameters as covariates, was
conducted to evaluate the ReHo changes among the three
time points. Results were reported at the significant level of a
threshold of two-tailed voxel-wise P < 0.01 and cluster level
P < 0.05 with Gaussian Random Field (GRF) correction. We
then extracted the mean ReHo values that showed significant
differences among the three time points for all individuals.
One-way repeated measure ANOVA post-hoc Dunnett’s tests
with were performed to detect the dynamic alteration. Also, to
exclude the aging effects, we also investigated the longitudinal
ReHo differences for the normal controls using the same
statistical methods.

Prediction of Impaired Cognitive Function in LDS

Using the ReHo Index in EDS
To explore whether the ReHo alterations at EDS can be used
to predict the cognitive impairment at LDS in patients with
NPC, multivariate logistic regression and receiver operating
characteristic curve (ROC) analyses were performed to
determine the efficacies of the average ReHo value within all the
clusters that showed significant changes among three time points
at EDS and the clinical characteristics (age and the maximum
irradiation dose of bilateral temporal lobe) alone or combined
to predict impaired cognitive function at LDS. A P-value was
considered significant if it was 0.05 or less at a confidence interval
of 95%.

RESULTS

Demographic Characteristics and the
Comparison Results of ReHo at Baseline
The demographic and clinical characteristics of NPC patients
and healthy controls at the baseline are summarized in Table 2.
No significant differences were found in age, gender, education
level, and MoCA scores between the two groups at the baseline.
Additionally, no significant difference was detected in the whole-
brain ReHo between the two groups at the baseline.

Longitudinal Changes in the
Cognitive Function
In total, 99 and 45 MoCA data were collected for NPC patients
and healthy controls, respectively. A significant decrease in
the MoCA scores was detected in the NPC patients during
the longitudinal following (F = 23.214, P < 0.001; Figure 2);
furthermore, there were significant differences in the MoCA
scores between pre-RT and EDS (P = 0.003), between pre-RT
and LDS (P < 0.001), and between EDS and LDS (P < 0.001)
(Figure 2). In the controls, no significant difference was detected
in the MoCA scores among the three time points (P = 0.257).
Ten NPC patients with post-RT NPC at LDS had cognitive
function impairment.

Longitudinal ReHo Changes During Three
Periods
The ReHo changes among three periods in patients with NPC
are shown in Figure 3 and Table 3. There was a significant
difference in the bilateral cerebellum, the right inferior temporal
gyrus (ITG), the right temporal pole: the middle temporal gyrus
(TPOmid) and the left insula. In healthy controls, there were no
significant ReHo changes in any brain region among the three
time points.

TABLE 2 | Demographic and clinical characteristics of the patients with nasopharyngeal carcinoma (NPC) and healthy controls at the baseline.

Demographic information NPC patients Healthy controls t/χ2 values P-values

Numbers 33 15 NA NA

Age (years)* 39.91 ± 9.38 40.33 ± 10.33 −0.473 0.639

Gender (male/female) 21/12 10/5 0.041 0.839

Education (years) 12.42 ± 2.98 12.80 ± 3.36 −0.389 0.699

MoCA 29.18 ± 1.16 28.73 ± 0.96 1.307 0.198

T-classification (T1/T2/T3/T4) 2/5/15/11 NA NA NA

N-classification (N0/N1/N2/N3) 5/11/13/4 NA NA NA

M-classification (M0/M1) 33/0 NA NA NA

AJCC TMN stage (I/II/III/IV) 0/4/14/15 NA NA NA

RT technology (IMRT/TOMO) 30/3 NA NA NA

Therapeutic regimens (RT

alone/CCR/NCT+CCR)

1/16/16 NA NA NA

*Data are mean ± standard deviation. AJCC, American Joint Committee on Cancer; IMRT, intensity-modulated radiation therapy; MoCA, Montreal Cognitive Assessment; NA, not

available; RT, radiotherapy; TOMO, tomotherapy; T-classification describes the size of the primary tumor and whether it has invaded nearby tissue. N-classification describes nearby

lymph nodes that are involved. M-classification defines distant metastasis. AJCC TMN stage was obtained based on the T-, N-, and M-classification results. Therapeutic regimens

include radiotherapy alone (RT alone), concurrent chemoradiotherapy (CCR) and Neoadjuvant/adjuvant chemotherapy combined with concurrent chemoradiotherapy (NCT+CCR).
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The dynamic change curves of mean ReHo extracted from
each brain region in patients with NPC across the three stages
are depicted in Figure 3. In detail, there were three patterns of
dynamic change for the ReHo index: “increase-decrease-recover”
pattern in the right cerebellum, the right ITGs and the left
cerebellum; “increase without recovery” pattern in the right
TPOmid; “decrease without recovery” pattern in the left insula.

Prediction of Impaired Cognitive Function
in LDS Period Using the ReHo Index in EDS
According to the established logistic regression models, the ROC
curves for mean ReHo (showed groups differences) at EDS, age,
dose (the irradiation dose to bilateral temporal lobe) alone, and
three combined models were qualified to determine the efficacies
of predicting the impaired cognitive function in LDS (Figure 4;
Supplementary Table 1). The multivariate regression analysis
showed that the logistic regression model combining the three
variables had the highest diagnostic efficiency based on the area
under the curve (AUC) score of the ROC curves (AUC = 0.752,
P = 0.023).

DISCUSSION

To the best of our knowledge, this is the first study to dynamically
and longitudinally explore the RT-related aberrant spontaneous
brain activity from EDS to LDS in NPC patients. We found
that the brain regions showing aberrant ReHo were located in
the right ITG, the right TPOmid, the bilateral cerebellum, and
the left insula in post-RT NPC patients. Furthermore, these
regions showed different patterns of dynamic changes of ReHo:

FIGURE 2 | Box plot showing the longitudinal changes in MoCA performance

of patients with nasopharyngeal carcinoma. A significant decrease in the

MoCA scores was detected among the three stages; there were significant

differences in MoCA scores between pre-RT and EDS, between Pre-RT and

LDS, and between EDS and LDS. Red circles indicate median MoCA scores

of each stages. Pentagrams indicate significant differences with post-hoc

Dunnett’s tests (P < 0.05). EDS, early-delayed stage; LDS, late-delayed stage;

MoCA, Montreal Cognitive Assessment; RT, radiation therapy.

“increase-decrease-recover,” “increase pattern,” and “decrease
pattern.” Moreover, the logistic regression model combining the
mean ReHo at EDS, age and irradiation dose had the highest
efficiency to predict cognitive dysfunction at LDS in patients with
NPC. Identification of the aberrant and dynamic ReHo changes
in multiple brain regions would contribute to obtaining a better
understanding of the characteristics of functional evolutional
processes during different phase post RT in NPC patients.
Importantly, the combination of the ReHo alterations at EDS,
age, and irradiation dose may serve as a potential biomarker for
the RT-induced brain functional impairments at LDS.

RT-induced brain injury in the temporal lobe and cerebellum
has been well-documented in previous studies (12, 27–30), and
these findings are not surprising, given that anatomically they
are all close to or overlapped by the CTV, which may cause
unnecessary radiation and results in the radioactive damage.
In the present study, we observed that the abnormal ReHo in
the bilateral cerebellum and the right ITG manifested dynamic
changes with an “increase-decrease-recover” pattern. The blood-
oxygen level dependent (BOLD) signal is mostly contributed
by cerebral blood flow (CBF), and large CBF change has been
postulated to produce large BOLD signal variability (31). Thus,
abnormal RT-related ReHo observed in present studymay also be
due to the aberrant RT-induced brain CBF, which in turn relate to
the RT-related vascular injury. It is well-known that radiation has
profound time-dependent effects on the vasculature (8, 32, 33).
Shortly after RT, vascular structure and function can be altered,
including blood vessel dilatation, endothelial cell enlargement,
increased vascularity, which can lead to acute blood brain barrier
(BBB) disruption and increased permeability (34, 35). Then, these
acute post-RT alterations were reported to be followed by a
recovery process, such as full or partial recovery of the endothelial
density, vessel density, and vessel length, though the duration
and extent of this recovery seemed to vary among the reports
(8, 32). Intriguingly, the present finding that the “increase-
decrease-recover” pattern of ReHo in the bilateral cerebellum and
right ITG was coincident with the dynamic time course of the
vascular post-RT damage, further confirmed the hypothesis that
the aberrant ReHo in these regions were associated with vascular
injury. Moreover, this hypothesis was also highly supported by
the findings of a recent study, through measuring CBF by arterial
spin labeling (ASL)-MRI, Hu et al. revealed that elevated CBF
in the left cerebellum in post-RT NPC patients at EDS, which
recovered to the baseline level at the LDS (28). Additionally,
this dynamic pattern was also consistent with other in vivo
studies by using diverse MRI models, reporting increased fALFF
in the ITG (13), as well as decreased diffusion tensor imaging
(DTI) and magnetic resonance spectroscopy (MRS) metrics in
the temporal lobe at the early stage but partially recovered later
(36, 37). Taken together, it is reasonable to conclude that findings
of “increase-decrease-recover” change pattern of ReHo in the
bilateral cerebellum and the right ITG might be associated with
the dynamic interaction between RT-induced vascular disruption
and recovery processes.

Notably, we also found abnormal ReHo in the right
TPOmid, which showed an “increase without recovery”
pattern, whereas a “decrease without recovery” pattern
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FIGURE 3 | ReHo changes among the three time points compared with a whole-brain voxel-wise based one-way repeated measure ANOVA and post-hoc tests.

There were three patterns of dynamic change for the ReHo index: “increase-decrease-recover” pattern (A–C), with full-recovery in the right cerebellum (A) and right

ITGs (B), and with partial-recovery in the left cerebellum (C); “increase” pattern without significant recovery in the right TPOmid (D); “decrease” pattern without

significant recovery in the left insula (E). Brain regions were reported at the significant level of a threshold of two-tailed voxel-wise P < 0.01 and cluster level P < 0.05

with Gaussian Random Field correction. Error bars indicate two standard errors, and pentagrams indicate significant differences revealed by ANOVA post-hoc tests

with Dunnett’s tests (P < 0.05). ANOVA, analysis of variance; EDS, early-delayed stage; L, left; LDS, late-delayed stage; ITG, inferior temporal gyrus; MNI, Montreal

Neurological Institute; R, right; ReHo, regional homogeneity; TPOmid, temporal pole: middle temporal gyrus; RT, radiotherapy.

TABLE 3 | Regions of the brain in which the ReHo differ significantly among the pre-RT, EDS, and LDS in the patients with nasopharyngeal carcinoma post RT.

Brain areas No. of voxels BA MNI coordinate Mean ReHo value Peak t-values

X Y Z Pre-RT EDS LDS

Right cerebellum 103 - 24 −60 −54 0.113 ± 0.201 0.322 ± 0.265 0.128 ± 0.244 9.390

Left cerebellum 57 - −48 −66 −54 −0.024 ± 0.261 0.210 ± 0.287 0.113 ± 0.199 13.067

Right ITG 64 20 42 −9 −39 −0.404 ± 0.247 −0.192 ± 0.194 −0.213 ± 0.238 12.236

Right TPOmid 85 38 42 18 −36 −0.785 ± 0.268 −0.584 ± 0.280 −0.807 ± 0.203 8.978

Left insula 71 47 −30 15 −12 −0.347 ± 0.197 −0.495 ± 0.202 −0.548 ± 0.212 12.3708

BA, Broadmann Areas; EDS, early-delayed stage; LDS, late-delayed stage; ITG, inferior temporal gyrus; MNI, Montreal Neurological Institute; ReHo, regional homogeneity; TPOmid,

temporal pole: middle temporal gyrus; RT, radiotherapy.

was established in the left insula. Although the underlying
biological mechanisms of these diverse patterns are unclear,
the dose of the irradiation may explain these phenomena.
The dose-volume effects on the brain have been consistently
studied previously (23, 29, 38). The temporal pole, which
covers the anterior-most end of the temporal lobe, is the
brain region that receives the highest dose of radiation.
This relatively high dose may lead to a sustained injury
without recovery.

Nevertheless, the left insula, which is not exposed to the high
dose of RT, showed a “decrease without recovery” pattern; the
decreased ReHo in these areas may be interpreted as indirect
RT-induced injury. Of note, the insula not only integrates the
multimodal sensory information due to the presence of dense
connections with other brain regions, such as the frontal and
temporal ones, but is also involved in the multiple resting-state
networks (12, 39, 40). Recently, we found that the changes of the
right insular FC correlated with the maximum dose in the right
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FIGURE 4 | The ROC curves for mean ReHo (showed groups differences) at

EDS, age, dose (the maximum irradiation dose to bilateral temporal lobe) alone

and three combined model were qualified to determine the efficacies of

predicting of impaired cognitive function in LDS. The multivariate regression

analysis showed that the logistic regression model combining the three

variables has the highest diagnostic efficiency according to the AUC score of

the ROC curves (AUC = 0.752, P = 0.023). AUC, area under the curve; EDS,

early-delayed stage; LDS, late-delayed stage; ReHo, regional homogeneity;

ROC, receiver operating characteristic curve; RT, radiotherapy.

temporal lobe (12), which indicated that the FC impairment in
the right insular may be related to the RT-induced injury in the
right temporal lobe. Therefore, it is possible that the decreased
ReHo in the left insula could be a secondary RT-induced change
caused through the formation of abnormal connections between
the insula and a certain vulnerable region (such as the temporal
lobe). The finding that a sustained reduced ReHo in NPC patients
at both EDS and LDS post RT was supported by previous
resting-state fMRI studies. In post-RT NPC patients, not only
significantly reduced FC was detected in the right insular within
the salience network in NPC patients at the EDS (3 months post-
RT) (12), but also aberrant FC related to insula at the LDS (from 6
to 87 months post-RT) (11), However, further studies are needed
to elucidate the underlying biological mechanisms.

Interesting, that the combination of brain activity at EDS,
irradiation dose and age can be used to predict cognitive
impairment at LDS in NPC patients. Given that cognitive
impairment is considered to be progressive and irreversible
during the LDS (4, 33, 41), the early indications at the reversible
stage would be extremely helpful. Our finding was in line with
the increasing evidence from recent studies using other MRI
modalities, such as dynamic contrast-enhanced (DCE) MRI
and DTI (7, 38), which showed that the early hippocampal
vascular dose response and the early diffusivity changes in

the parahippocampal cingulum can be useful as a biomarker
for predicting late-delayed cognitive decline. Our findings
also supported the hypothesis that the process of RT-induced
cognitive function impairment at LDS is multifactorial (4, 7,
38, 42, 43). Irradiation dose-dependent brain cognitive function
changes have been well-documented in previous studies (4,
43). Recently, increasing evidence reveals that radiation-induced
cognitive dysfunction is significantly influenced by age (38, 42).
Thus, our findings added to the current literature that the
RT-induced cognitive impairment is a multifactorial influenced
process, and the combination of the ReHo alterations at EDS,
age, and irradiation dose may serve as a potential biomarker of
the RT-induced brain cognitive impairments at LDS.

Nevertheless, still some limitations in this study should be
mentioned. First, the MoCA used in the present study is a
brief cognitive screening tool not highly sensitive to certain
domains (26), such as the verbal and visual memory, attention
and executive functions, impaired by RT as documented in
previous studies (7, 33). Further studies with a complex cognitive
evaluation are warranted to focus on the relationship between
specific cognitive impairments and abnormal ReHo to fully
assess the effect of RT-induced early brain activity changes
on late-delayed cognitive decline in NPC patients. Second, in
the current study, we longitudinally observed the alterations
of the spontaneous brain activity and the general cognition
within 6 months post RT in NPC patients. Thus, whether
these phenomena were permanent or transient is still an open
question, and future studies with longer follow-up periods are
needed to obtain a better understanding of the characteristics of
the processes of functional changes. Third, in this preliminary
study, the diagnostic performances of the model to predict
the cognitive late-delayed impairments after RT was moderate
(AUC = 0.752), with a relative high specificity (90%) but a low
sensitivity (65.2%). Amore comprehensive models incorporating
clinical and multiple parameters derived from multimodal MRI
is warranted to improve the diagnostic efficiency in the future.
Finally, another limitation could be a potential learning effect
of neurocognitive testing due to repeated use (three times in 6
months) of the MoCA test. This could be reduced or avoided
by using parallel versions when possible and by a well-structured
time scheduling in the future study (44).

CONCLUSION

Longitudinal analyses of brain activity changes provide new
important insights into radiation-induced brain functional
impairments in NPC patients after RT. We found that aberrant
ReHo was mainly distributed in the temporal lobe and the
cerebellum, which received a comparatively higher dose of
irradiation. Furthermore, alterations of ReHo in these brain
regionsmanifested as different patterns over time, which revealed
that the pathophysiology of post-RT brain injury is dynamic,
complex, and multifactorial. More importantly, the combination
of the ReHo alterations at EDS, age, and irradiation dose may
serve as a potential biomarker for the cognitive late-delayed
impairments after RT. Therefore, our preliminary findings will
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provide guidance for critically important early interventions
before permanent and irreversible disability has occurred at LDS.
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Objective: The anterior cingulate cortex (ACC) is associated with the processing of
negative emotions. Gamma-aminobutyric acid (GABA) metabolism plays an important
role in the pathogenesis of mental disorders. We aimed to determine the changes in
GABA levels in the ACC of perimenopausal women with depression.

Methods: We recruited 120 perimenopausal women, who were followed up for
18–24 months. After reaching menopause, the participants were divided into a control
group (n = 71), an anxiety group (n = 30), and a depression group (n = 19). The
participants were examined using proton magnetic resonance spectroscopy (MRS).
TARQUIN software was used to calculate the GABA concentrations in the ACC
before and after menopause. The relationship of the GABA levels with the patients’
scores on the 14-item Hamilton Anxiety Scale and 17-item Hamilton Depression
Scale was determined.

Results: GABA decreased with time. The postmenopausal GABA levels were
significantly lower in the depression group than in the anxiety group and were
significantly lower in both these groups than in the normal group. The postmenopausal
GABA levels were significantly lower than the premenopausal levels in the normal,
anxiety, and depression groups (P = 0.014, <0.001, and <0.001, respectively). The
premenopausal GABA levels did not significantly differ between the normal vs. anxiety
group (P = 0.907), normal vs. depression group (P = 0.495), and anxiety vs. depression
group. The postmenopausal GABA levels were significantly lower in the depression
group than in the anxiety group and were significantly lower in both these groups than
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in the normal group, normal vs. anxiety group (P = 0.022), normal vs. depression group
(P < 0.001), and anxiety vs. depression group (P = 0.047).

Conclusion: Changes in GABA concentrations in the anterior cingulate
cortex are related with the pathophysiological mechanism and symptoms of
perimenopausal depression.

Keywords: magnetic resonance spectroscopy, gamma-aminobutyric acid, postmenopausal, depression, anxiety,
anterior cingulate cortex

INTRODUCTION

The anterior cingulate cortex (ACC) is closely related to the
occurrence and development of depression. The ACC occupies
the rostral portions of Brodmann areas 24, 25, 32, and
33, and is activated by diverse tasks, ranging from emotion
processing and regulation to attention and cognitive control
(Ferrone et al., 2007). Many previous studies have confirmed
the significant association of the ACC, especially the subgenual
ACC, with the processing of negative emotions. The pregenual
ACC is considered to be associated with cognitive functions
such as social cognition, including theory of mind tasks and
conflict monitoring (Ferrone et al., 2007; Formica et al., 2007;
Ferolla et al., 2011).

Perimenopausal depression is a mental disorder that first
occurs in women during the perimenopausal period and is mainly
characterized by symptoms of hypothymia, anxiety, nervousness,
and loss of interest, accompanied with autonomic and endocrine
dysfunction, especially recession of the gonads. Women with
severe symptoms may have a tendency to commit suicide.
A meta-analysis has shown that women in the perimenopausal
period were particularly vulnerable to anxiety or depression, and
had more severe symptoms than women in the premenopausal
period (de Kruif et al., 2016). However, the pathophysiological
mechanisms of perimenopausal depression are still unknown.

Gamma-aminobutyric acid (GABA) is the main inhibitory
neurotransmitter in the central nervous system. It combines
with GABA receptors and inhibits excitatory neural activity.
Abnormal GABA metabolism plays an important role in the
pathogenesis of mental disorders such as depression and
schizophrenia (Levy and Degnan, 2013; Rowland et al., 2013).
An increasing body of preclinical and clinical evidence has
proved that a close relationship exists between GABA and
depression. Magnetic resonance spectroscopy (MRS) is a non-
invasive technique for quantifying metabolites in the brain.
MRS has been successfully applied in studies of depression and
has detected changes in many metabolites in different brain
regions (Puts and Edden, 2012). MRS plays an important role
in exploring the treatments and mechanisms of depression.
However, due to the chemical shift and the scalar coupling
effect, the GABA spectrum overlaps with signals of other
major metabolites. It is therefore difficult to detect GABA
by using conventional 1H-MRS. An improved MRS method—
MEGA-PRESS, based on partially refocused J-couplings—has
been used to detect GABA in studies of healthy brains and
psychiatric diseases.

In this study, we used the MEGA-PRESS technique to detect
GABA in the anterior cingulate cortex (ACC) of perimenopausal
women. The Totally automatic robust quantitation in nuclear MR
(TARQUIN) software was used as the post-processing method
to calculate GABA concentrations. We aimed to characterize the
pathophysiological mechanisms of perimenopausal depression
by determining whether changes in GABA concentrations in the
ACC were associated with perimenopausal anxiety/depression.

MATERIALS AND METHODS

Participants
We recruited 131 perimenopausal women. After the exclusion of
11 participants, 120 participants remained. The inclusion criteria
for the experimental group were as follows: (1) women in the
perimenopausal stage, as defined by the Stages of Reproductive
Aging Workshop (Soules et al., 2001), i.e., a persistent ≥7-day
difference in menstrual cycle length in consecutive cycles
(persistence was defined as recurrence within 10 cycles of the
first cycle with variable length), and (2) education up to junior
high school level or above. The exclusion criteria were as
follows: (1) GABA values could not be detected (6 of the 131
participants were excluded due to this reason), (2) diagnosis of a
somatic disease (hypertension or diabetes mellitus); (3) presence
of a hypothalamic-pituitary-adrenal axis or thyroid disease;
(4) history of depression or other related mental illnesses, or
presence of dementia or other organic mental disorders; (5) use
of oral contraceptives or hormone therapy within 3 months of
entering the study; (6) a history of non-depressive disorders in
the participant or a family member (including immediate family
by blood and collateral blood relatives within three generations);
(7) smoking and/or dependence on alcohol; and (8) poor GABA
quality (5 of the 131 participants were excluded because of this
reason) (Figure 1).

Estrogen Measurements
A fasting blood specimen (3 mL) was collected into a 5-mL
sterile plain tube without anticoagulant at 9:00–11:00 a.m. on
the second or third day of the menstrual cycle. However, if a
timely sample could not be obtained (as was the case for the
late stage perimenopausal women), a fasting sample was taken
when the endometrium was <5 mm thick as determined using
transvaginal Doppler ultrasonography. In this study, estrogen
levels fluctuated during the perimenopausal period, but the
overall trend was downward.
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FIGURE 1 | Flow chart and comparisons of GABA levels between the normal, anxiety, and depression groups.

This study was approved by the ethics committee of the
Shanghai Sixth People’s Hospital, Shanghai Jiao Tong University),
and all participants signed informed consent forms before being
entered into the study.

MRI and MRS Analyses
In all subjects, MR data were acquired using a 3.0-T MR
scanner (MAGETOM, Verio, Siemens Healthcare, Erlangen,
Germany) equipped with a 32-channel phased-array head coil as
the transmitting and receiving coils. First, a T1-weighted turbo
field echo sequence was used to obtain high-resolution three-
dimensional (3D) axial images of the brain structure, with the
following scanning parameters: field of vision (FOV), 230 mm;
repetition time (TR)/echo time (TE), 1500/2.96 ms; flip angle,
9◦; voxel size, 0.9 mm × 0.9 mm × 1 mm; slice thickness,
1 mm; and distance factor, 50%. The MEGA-PRESS sequence
was used to detect GABA in the regions of interest (ROIs), with
the following scanning parameters: TE, 68 ms; TR, 1500 ms;
acquisition bandwidth, 1200 Hz; pulse placement, 1.9 ppm, and
number of excitations, 64 on and 64 off. Unsuppressed water was
used for water scaling and correction of frequency and phase.
The spectra were fitted using TARQUIN software (Wilson et al.,
2011; Mullins et al., 2014; Harris et al., 2017). GABA peaks
were quantified calculated using the water-scaled method, as
described previously (Wilson et al., 2011; Mullins et al., 2014;
Harris et al., 2017).

A radiologist with 10 years of experience placed two ROIs
measuring 2 cm × 2 cm × 2 cm each bilaterally in the subgenual

ACC in the sagittal plane and adjusted them accordingly in the
coronal and axial planes. The average GABA value of the right
and left sides (ROIs) was calculated. The edges of all ROIs were
positioned to avoid the lateral ventricles and skull. All images
were post-processed by the same radiologist with 10 years of
experience, and the TARQUIN software was used to calculate
GABA concentrations in the ROIs (Figure 2).

Gray matter and white matter tissue proportion of interest
has been evaluated for each patient using manual segmentation
available in ITK-SNAP1, where the bounding box was redrawn
from the saved planning volume of interest.

Quality Control
In order to gain a high success ratio acquiring GABA spectra,
we defined a pre-requirement for performing GABA acquisition:
magnetic field inhomogeneity <15 Hz for the defined ROI. After
the GABA acquisition, we visually inspected the spectra, and
the quality control parameters for spectral fitting were reviewed
to verify that the spectra were not qualitatively abnormal. All
full widths at half maximum were ≤0.12 ppm. Poorly fitted
spectra higher than 20% of the GABA estimate were excluded
from further analysis, and this led to the exclusion of 5 of the
131 participants.

Statistical Analysis
For all statistical tests, the level of significance was set at P < 0.05.
The following analyses were carried out (Figure 3).

1http://www.itksnap.org
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FIGURE 2 | The region of interest in the anterior cingulate cortex on MEGA-PRESS in the axial, sagittal, and coronal planes. TARQUIN edited spectrum GABA in the
normal, anxiety, and depression groups. The edited spectrum of the premenopausal and postmenopausal GABA levels located at 3.0 ppm.

(1) Two-way repeated ANOVA with time (pre-
menopausal, post-menopausal) and three groups
(normal, depression, anxiety group) was used to
compared changes GABA with time and groups. Both
of the main effect of the group and the time effect
were done.
Main effect compared the difference between
normal group, depression group and anxiety group
at premenopausal stage (i.e., normal group vs.
anxiety group, normal group vs. depression group,
and anxiety group vs. depression group). It also
compared the difference between the three groups at
postmenopausal stage.
Time effect was used to compare the difference of
pre- and postmenopausal GABA concentrations in the
normal group (n = 71), anxiety group (n = 30), and
depression group (n = 19).

(2) The Pearson correlation coefficient was used to analyze
the correlation of GABA with the Hamilton Anxiety
Scale (HAMA)-14 scores in the anxiety group and

with the Hamilton Depression Scale (HAMD)-17
scores in the depression group. A two-tailed test of
significance was used, with a P value <0.05 considered
statistically significant.

(3) Receiver operating characteristic (ROC) curves
and the area under the curve (AUC) were
calculated to evaluate the diagnostic performance
of GABA concentration in the control, anxiety, and
depression groups.

(4) Retrospective calculated the gray matter/white matter
ratio, as this ratio changes at the two time points
(beginning and follow up), one-way ANOVA was used
to compare the difference.

RESULTS

General Information
The 120 women remaining in this study were followed up for
18–24 months. All women underwent MRS with a 3.0-T MR
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FIGURE 3 | Two-way repeated ANOVA was used to compare the difference between normal group, anxiety group and depression group at different times. The
ANOVA for repeated measures is used to perform the data analysis. Interaction between group effects and time effects was significant (F = 6.642, p < 0.01), the
main effect of the group was significant (F = 4.473, p < 0.05), and the time effect was significant (F = 49.251, p < 0.001). (1) The main effect showed no statistical
difference between any two groups in the three groups at the start time point, but there was a statistical difference between the two groups in the follow-up time
point (p < 0.05). (2) The time effect shows that there are differences between the two time points in the normal group, there are differences between the two time
points of the anxiety group, and there are also differences between the two time points in the depression group. ∗P < 0.05; ∗∗P < 0.01; ∗∗∗P < 0.001.

scanner assessed before and after menopause. The participants
were divided into three groups: normal group (n = 71),
anxiety group (n = 30), and depression group (n = 19). These
diagnoses were based on the Diagnostic and Statistical Manual
of Mental Disorders, fifth edition (DSM-V) and were made by
two psychiatrists (with 8 and 10 years of experience). These
two psychiatrists also assessed the HAMA-14 and HAMD-17
scores before and after menopause. HAMD-17 scores ≥ 17
suggest depression, while HAMA-14 scores > 14 suggest
anxiety (Figure 1).

The general information of the three groups is displayed in
Table 1. Blood pressure, blood glucose and triglyceride levels, and
body mass index did not significantly differ between the three
study groups (P > 0.05; Table 1).

MRS Data
By means of the MEGA-PRESS sequence, we successfully
acquired edited spectra of GABA from the ACC region
in 120 subjects.

GABA
The two-way repeated ANOVA results showed that the
interaction between group effects and time effects was significant
(F = 6.642, p < 0.01), the main effect of the group was significant
(F = 4.473, p < 0.05), and the time effect was significant
(F = 49.251, p < 0.001) (Tables 2–4).

(1) The main effect showed no statistical difference
between any two groups in the three groups at the
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TABLE 1 | General information.

Normal group Anxiety group Depression group P

Mean SD Mean SD Mean SD P1 P2 P3

Patients (n) 71 30 19 – – –

Age (years) 46.80 1.98 47.57 1.99 47.68 1.86 0.076 0.085 0.839

Systolic pressure (mmHg) 80.83 7.46 86.7 3.82 87.79 4.72 <0.05∗ <0.05∗ 0.559

Diastolic pressure (mmHg) 122.96 7.96 125.83 6.16 126.74 6.73 0.075 0.049 0.676

Triglyceride (mmol/L) 1.414 0.306 1.551 0.237 1.452 0.274 0.030∗ 0.612 0.238

BMI (kg/m2) 22.910 1.923 23.967 2.950 23.595 3.027 0.046 0.272 0.599

Premenopausal Serum estradiol (mmol/L) 83.170 31.204 81.142 33.245 92.588 30.500 0.769 0.251 0.219

Postmenopausal Serum estradiol (mmol/L) 75.858 17.334 63.478 22.195 54.020 18.483 0.003 <0.01∗ 0.089

Premenopausal HAMD score 4.789 0.713 0.462 0.382 0.738

Postmenopausal HAMD score 20.737 2.579 <0.05∗ <0.05∗ <0.05∗

Premenopausal HAMA score 3.700 1.088 0.126 0.140 0.868

Postmenopausal HAMA score 18.1 3.356 <0.05∗ <0.05∗ <0.05∗

P1, normal vs. anxiety group, independent-samples t-test; P2, normal vs. depression group, independent-samples t-test; P3, anxiety vs. depression group, independent-
samples t-test. ∗P < 0.05 was statistically significant. BMI, body mass index; HAMD, hamilton depression scale; HAMA, hamilton anxiety scale.

TABLE 2 | Two-way repeated ANOVA was used to compare the difference between normal group, anxiety group and depression group at different times.

Group Beginning GABA Follow up GABA F time F group F time × group

Normal group 2.242 + 0.250 2.172 + 0.235 49.251∗∗∗ 4.473∗ 6.642∗∗

Anxiety group 2.236 + 0.180 2.059 + 0.201

Depression group 2.202 + 0.172 1.923 + 0.213

Interaction between group effects and time effects was significant (F = 6.642, p < 0.01), the main effect of the group was significant (F = 4.473, p < 0.05), and the time
effect was significant (F = 49.251, p < 0.001).∗P < 0.05; ∗∗P < 0.01; ∗∗∗P < 0.001.

TABLE 3 | Difference between normal group, depression group and anxiety group at premenopausal and postmenopausal time.

Mean Difference Standard 95% Confidence interval

Time (I) Group (J) Group (I−J) Error Significant for difference

Lower Bound Upper Bound

Beginning Normal group Anxiety group 0.006 0.049 0.907 −0.091 0.102

Depression group 0.040 0.058 0.495 −0.075 0.154

Anxiety group Normal group −0.006 0.049 0.907 −0.102 0.091

Depression group 0.034 0.066 0.606 −0.096 0.164

Depression group Normal group −0.040 0.058 0.495 −0.154 0.075

Anxiety group −0.034 0.066 0.606 −0.164 0.096

Follow up Normal group Anxiety group 0.113∗ 0.049 0.022∗ 0.017 0.210

Depression group 0.245∗ 0.058 0.000∗∗∗ 0.131 0.360

Anxiety group Normal group −0.113∗ 0.049 0.022∗ −0.210 −0.017

Depression group 0.132∗ 0.066 0.047∗ 0.002 0.262

Depression group Normal group −0.245∗ 0.058 0.000∗∗∗ −0.360 −0.131

Anxiety group −0.132∗ 0.066 0.047∗ −0.262 −0.002

The simple effect showed no statistical difference between any two groups in the three groups at the start time point, but there was a statistical difference between the
two groups in the follow-up time point (p < 0.05). ∗P < 0.05; ∗∗∗P < 0.001.

premenopausal time point, but there was a statistical
difference between the two groups in the follow-up time
point (p < 0.05).
The postmenopausal GABA levels significantly differed
between the normal vs. anxiety group (P = 0.022),
normal vs. depression group (P < 0.001), and anxiety

vs. depression group (P = 0.047). The postmenopausal
GABA levels were significantly lower in the depression
group than in the anxiety group and were significantly
lower in both these groups than in the normal group.
The premenopausal GABA levels did not significantly
differ between the normal vs. anxiety group (P = 0.907),
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TABLE 4 | Difference between premenopausal (time 1) and postmenopausal time (time 2) of the normal group, depression group and anxiety group.

Mean Difference Std. 95% Confidence interval

Group (I) time (J) time (I-J) Error Sig. for difference

Lower bound Upper bound

Normal group 1 2 0.070∗ 0.028 0.014∗ 0.015 0.125

2 1 −0.070∗ 0.028 0.014∗ −0.125 −0.015

Anxiety group 1 2 0.178∗ 0.043 0.000∗∗∗ 0.092 0.263

2 1 −0.178∗ 0.043 0.000∗∗∗ −0.263 −0.092

Depression group 1 2 0.276∗ 0.054 0.000∗∗∗ 0.169 0.383

2 1 −0.276∗ 0.054 0.000∗∗∗ −0.383 −0.169

The simple effect shows that there are differences between the two time points in the normal group, there are differences between the two time points of the anxiety
group, and there are also differences between the two time points in the depression group. ∗P < 0.05; ∗∗∗P < 0.001.

FIGURE 4 | Pearson correlation coefficients for premenopausal GABA levels in the anxiety group and the premenopausal HAMA-14 scores.

normal vs. depression group (P = 0.495), and anxiety vs.
depression group (P = 0.606).

(2) The time effect shows that there are differences between
the two time points in the normal group, there are
differences between the two time points of the anxiety
group, and there are also differences between the two
time points in the depression group. This means there is
difference between postmenopausal groups, and GABA
decreased with time.
The postmenopausal GABA levels were significantly
lower than the premenopausal levels in the normal,
anxiety, and depression groups (P = 0.014, <0.001, and
<0.001, respectively).

Pearson Correlation Analysis
Pearson correlation analysis revealed the following: (1) The
premenopausal GABA levels were not significantly correlated
with the HAMA-14 scores in the anxiety group (r = 0.176,
P = 0.352) or with HAMD-17 scores in the depression group
(r = −0.191, P = 0.433). (2) The postmenopausal GABA levels
were significantly correlated with the HAMA-14 score in the

anxiety group (r =−0.365, P = 0.048), but not with the HAMD-17
score in the depression group (r =−0.428, P = 0.068; Figures 4–7
and Table 5).

Receiver operating characteristic curve and AUC results: The
postmenopausal GABA diagnostic performance in normal and
mental disorders (both anxiety and depression) was as follows:
AUC value 0.703 (P < 0.001). Postmenopausal GABA diagnostic
performance in anxiety and depression was as follows: AUC value
0.677 (P = 0.038). The ratio of GABA decline to premenopausal
GABA diagnostic performance in normal and mental disorders
(both anxiety and depression) was as follows: AUC value 0.683
(P < 0.001). The ratio of GABA decline to premenopausal GABA
diagnostic performance in anxiety and depression was as follows:
AUC value 0.774 (P = 0.001; Figure 8).

Gray Matter/White Matter Ratio
There is no significant difference between groups and times; gray
matter/white matter ratio did not drive the GABA comparison
results (Table 6).

GABA SNR%SD were calculated between groups and two time
points, there is no significant difference.
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FIGURE 5 | Pearson correlation coefficients for postmenopausal GABA levels in the anxiety group and the postmenopausal HAMA-14 scores.

FIGURE 6 | Pearson correlation coefficients for premenopausal GABA levels in the depression group and premenopausal HAMD-17 scores.

FIGURE 7 | Pearson correlation coefficients for postmenopausal GABA levels in the depression group and postmenopausal HAMD-17 scores.

DISCUSSION

In this study, we have provided preliminary evidence that
GABA levels in the ACC region of perimenopausal women with
depression were significantly lower after menopause and were
significantly lower than the levels in the control group (P < 0.05).

This finding suggests that a reduction in GABA levels in the
ACC is associated with the pathophysiological mechanism of
perimenopausal depression, and that there might be a lack of
GABA in the perimenopausal period. The study also found that
after menopause, the concentration of GABA was significantly
lower in the depression group than in the anxiety group, and
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TABLE 5 | Pearson correlation coefficients for HAMA scores and GABA of anxiety group, Pearson correlation coefficients for HAMD scores and GABA of
depression group.

Premenopausal Postmenopausal

Pearson Pearson

HAMA score GABA correlation P value HAMA score GABA correlation P value

Anxiety group 3.700 + 1.088 2.236 + 0.180 0.176 0.352 18.1 + 3.356 2.059 + 0.201 −0.365∗ 0.048

Premenopausal Postmenopausal

HAMD score GABA HAMD score GABA

Depression group 4.789 + 0.713 2.202 + 0.172 −0.191 0.433 20.737 + 2.579 1.923 + 0.213 −0.42857 0.068

Two-tailed Pearson correlation test of significance was used. ∗Correlations were significant at the 0.05 probability level.

FIGURE 8 | Receiver operating characteristic (ROC) curves and area under the curve (AUC) value were calculated to assess the diagnostic performance of GABA in
the normal, anxiety, and depression groups.

significantly lower in the anxiety group than in the normal group.
This further suggested an association between a reduction in
GABA levels and depression. We also observed dynamic changes
in GABA levels during the transition from the premenopausal to
the postmenopausal period.

Many investigators have focused on the relationship between
GABA levels and depression. GABA concentrations in the plasma
and cerebrospinal fluid of depressive patients are lower than those
in healthy controls. Smiley et al. (2016) found that GABA-neuron
density in the auditory cerebral cortex is reduced in subjects with
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TABLE 6 | Gray matter/white matter ratio comparison between three groups (normal group, anxiety group, and depression group) at beginning time and follow up time.

Number Lesion Comparison between groups

Mean SD T value P value

Beginning Normal group 71 0.774 0.013 Anxiety group Normal group −0.176 0.860

Anxiety group 30 0.773 0.013 Depression group Normal group 1.686 0.094

Depression group 19 0.779 0.015 Depression group Anxiety group 1.616 0.109

Follow up Normal group 71 0.778 0.019 Anxiety group Normal group −0.929 0.355

Anxiety group 30 0.774 0.017 Depression group Normal group 0.686 0.494

Depression group 19 0.774 0.019 Depression group Anxiety group 0.086 0.932

There is no significant difference between groups and times of Gray matter/white matter ratio.

major depressive disorder. Using MRS studies, Hasler et al. (2007)
found lower GABA levels in the prefrontal cortex in subjects
with major depression than in healthy controls. Many studies
have found that patients with depression have lower GABA
levels in the occipital lobe and ACC than do healthy controls
(Sanacora et al., 2004; Bhagwagar et al., 2008). Sanacora et al.
(2004) have suggested that GABA concentrations vary among
the different subtypes of depression and that a change in the
ratio of excitatory–inhibitory neurotransmitter levels might be
associated with abnormal brain function. In investigations of
female physiological cycles related with depression, Liu et al.
(2015) found that GABA levels in the ACC, prefrontal lobe, and
left basal ganglia region were significantly reduced in women
with premenstrual dysphoric disorder. Wang et al. (2016) found
that GABA levels in the ACC and medial prefrontal lobe were
decreased in postmenopausal women. In our study, we also
detected reduced GABA levels in the ACC of perimenopausal
women with depression, which was consistent with the results of
the above studies. However, GABA was too low to be detected in
some participants.

An imbalance of the limbic-cortical-striatal-pallidal-thalamic
loop is the generally acknowledged neurological model of
depression. The activity of the anterior cingulate gyrus and dorsal
lateral frontal lobe has been shown to be decreased in depressive
patients. Wang et al. (2016) detected significantly low GABA
levels in the ACC/medial prefrontal cortex of postmenopausal
women with depression. Dubin et al. (2016) found that after
repetitive transcranial magnetic stimulation, the GABA levels in
the medial prefrontal cortex significantly increased. Therefore,
in this study, we selected the ACC region as the ROI, as
this region is closely related with emotional function. We did
not choose the occipital lobe as in the study by Bhagwagar
et al. (2008) because the size of the ROI in our study was
relatively large, and ROIs placed in the occipital lobe can be
easily disturbed by other structural signals in the base of the
skull. Hasler et al. (2007) detected reduced GABA levels in the
prefrontal regions in patients with major depressive disorder,
including parts of the ACC, but the GABA values in their
study were lower than the GABA values in this study, possibly
because of differences in ROI sizes, channels of the head coil,
and calculation methods. We retrospectively calculated the gray
matter/white matter ratio, as this ratio changes at the two
time points (beginning and follow up); there was no significant

difference between groups and times. Gray matter/white matter
ratio did not drive the GABA results.

There are some limitations to this study. First, this is a
cohort study, and the sample size needs to be increased in
future. The follow-up period was relatively short. To explain
the relationship between GABA levels and the pathogenesis
of perimenopausal depression, more experiments need to be
performed. GABA spectroscopy was poor due to movement, and
GABA spectroscopy could not be acquired due to the participant
requesting to end the scan prematurely. Furthermore, we only
selected the ACC as the ROI; the prefrontal cortex and other
brain regions related to emotional circuits were not included
in this study. The differences between the left and right ROIs
were not assessed. The manually prescribed ROIs were subjective
and could have led to deviations in the results of different
subjects. Moreover, it has been suggested that the GABA levels
in the brain decrease with age (Gao et al., 2013). During the
perimenopausal period, hormone levels fluctuate significantly.
Studies have suggested that decreased estrogen levels affect
perimenopausal depression (Schmidt et al., 1994). And the gray
matter/white matter ratio was retrospectively calculated, and a
small amount of cerebrospinal fluid was not considered and may
lead to some small deviation.

CONCLUSION

In summary, this study examined the changes in the GABA levels
in the ACC region in perimenopausal women with depression
and anxiety as well as healthy women (controls). The results
suggested that the GABA levels in the ACC decreased during
the perimenopausal period, and that this decrease was closely
associated with depression and anxiety. We calculated GABA
concentrations by using the MEGA-PRESS sequence; the results
were highly reliable and stable. Advances in MRS technology
will be important in the exploration of pathogenesis and the
development of targeted drugs for perimenopausal depression.
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Background: The differentiation of large vessel occlusion caused by intracranial
atherosclerotic stenosis (ICAS) or intracranial embolism significantly impacts the course
of treatment (i.e., intravenous thrombolysis versus mechanical thrombectomy) for acute
cerebral infarction. Currently, there is no objective evidence to indicate ICAS-related
middle cerebral artery M1 segment occlusion before treatment. In cases of ICAS,
it is often observed that the infarct core caused by ICAS-related M1 segment middle
cerebral artery occlusion (MCAO) is located in deeper parts of the brain (basal ganglia
or semiovoid region).

Objective: To evaluate whether the location of the infarct core, identified using diffusion-
weighted imaging (DWI), can be used to differentiate ICAS from intracranial embolism.

Methods: Thirty-one consecutive patients diagnosed with acute cerebral infarction
caused by middle cerebral artery M1 segment occlusion were retrospectively included
based on angiographic findings to distinguish ICAS from embolic occlusion. Patients
were divided into two groups based on the location of the infarct core on
DWI: in the deep part of the brain (basal ganglia or semiovoid region) or more
superficially (i.e., cortex).

Results: In 16 patients, the infarct core was mainly in the deep part of the brain
on DWI [14 of 16 patients in the ICAS group and only 2 in the non-ICAS group
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(93.3 vs. 6.7%, respectively; P < 0.001)]. The diagnostic sensitivity of DWI for ICAS was
93.3%, with a specificity of 87.5%, a Positive predictive value (PPV) of 87.5%, and an
Negative predictive value (NPV) of 93.3%, the accuracy was 88.5%.

Conclusion: Intracranial atherosclerotic disease-related acute MCAO can be
predicted using DWI.

Keywords: intracranial atherosclerotic stenosis, diffusion-weighted imaging, middle cerebral artery occlusion,
intracranial embolism, acute ischemic stroke

INTRODUCTION

More than 80% of strokes are ischemic in nature, 25–35% of
which result from large vessel occlusion. Patients with large
vessel occlusion often experience severe neurological deficits
(Kidwell et al., 2013). Without timely and appropriate treatment,
these patients have a poor prognosis. Large vessel occlusions are
usually caused by intracranial atherosclerotic stenosis (ICAS) or
intracranial embolism. ICAS accounts for 22.9% of cases in Asia
(Yoon et al., 2015).

For acute ischemic stroke caused by intracranial embolism
(Berkhemer et al., 2015; Goyal et al., 2015; Jovin et al., 2015; Lee
et al., 2015; Powers et al., 2015; Saver et al., 2015), mechanical
thrombectomy is an effective treatment. Patients diagnosed
with cerebral embolism can be directly treated with mechanical
thrombectomy without intravenous thrombolysis for shortening
the recanalization time. For patients with large vessel occlusion
caused by ICAS, however, platelet aggregation can cause re-
occlusion of the culprit vessels after mechanical thrombectomy,
even if remedial measures are administered (Heo et al., 2003;
Gao et al., 2015; Yoon et al., 2015). For patients in this category,
a loading dose of antiplatelet agents can be used to reduce
aggregation before and during surgery. Therefore, it is very
important to differentiate ICAS from intracranial embolism
before operating.

Intracranial atherosclerotic stenosis can be detected and
assessed using high-resolution angiographic-magnetic resonance
(MR) imaging (MRI) before treatment (Dieleman et al., 2014;
Natori et al., 2014; Kim et al., 2015; van der Kolk et al., 2015);
however, this is expensive and without definite diagnostic criteria.
It can also be predicted by microcatheter “first-pass effect” during
mechanical thrombectomy (Yi et al., 2018); however, there is no
objective evidence to indicate intracranial atherosclerotic disease-
related occlusion before surgery.

Magnetic resonance (MR) imaging plays an important role in
the diagnosis and treatment of acute ischemic cerebrovascular
disease. In the present study, patients with acute middle
cerebral artery occlusion (MCAO) underwent diffusion-
weighted imaging (DWI) to evaluate whether the location
of the infarct core could be used to differentiate ICAS from
intracranial embolism.

Abbreviations: ADC, apparent diffusion coefficient; DWI, diffusion-weighted
image; HAS, hyper-dense artery sign; ICAS, intracranial atherosclerotic stenosis;
MCAO, middle cerebral artery occlusion; NIHSS, NIH stroke scale; NPV, negative
predictive value; PPV, positive predictive value; TICI, thrombolysis in cerebral
infarction.

MATERIALS AND METHODS

Patients
Thirty-one consecutive patients, who experienced acute stroke
and underwent endovascular therapy between May 2017 and
August 2018, were identified in the Beijing Tiantan Hospital
(Beijing, China) database according to the following criteria:
exhibited MCAO; time between symptom onset and admission
was 6 h or >6 h for a moderate-to-large hypoperfusion area as
depicted on multimodal MRI; underwent vascular recanalization,
which was subsequently confirmed; age >18 years; and the
prestroke modified Rankin Scale score was 0–1. Patients in
whom stroke was the result of dissection, moyamoya disease
or vasculitis, those with unexplained MCAO, those who did
not undergo MRI before surgery or cerebrovascular examination
within 1 week after the operation, and those with carotid T
and carotid L collaterals were excluded. Informed consent was
obtained from all participants or their relatives, and the protocol
was approved by the Institutional Review Board of Beijing
Tiantan Hospital.

Demographic information and patient characteristics are
summarized in Table 1. The patients (18 men, 13 women) had
a mean (±standard error of the mean) age of 61 ± 2 years.
Seventeen (54.8%) patients were smokers. The prevalence of
hypertension, diabetes, hyperlipidemia, atrial fibrillation and/or
rheumatic heart disease, and transient ischemic attack in the 31
patients were 58.1, 32.3, 16.1, 32.3, and 6.45%, respectively.

Operational Definitions of ICAS and
Embolic Occlusion
Angiographic findings distinguishing ICAS from embolic
occlusion were based on those described in a previous study
(Yi et al., 2018). Evidenced by final angiography or during
endovascular treatment, ICAS was defined as a significant fixed

TABLE 1 | Clinical characteristics of all the patients (n = 31).

Sex (male, n) 18 (58.1%)

Age 61.13 (years)

Smoker 17 (54.8%)

Hypertension, n(%) 18 (58.1%)

Diabetes mellitus, n(%) 10 (32.3%)

Hyperlipidemia, n(%) 5 (16.1%)

Atrial fibrillation and/or rheumatic heart disease 10 (32.3%)

Transient ischemic attack 2 (6.45%)
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FIGURE 1 | Those in whom the infarct core was mainly in the basal ganglia or semiovoid region and those in whom the infarct core was mainly in cortex. (A) The
infarct core was mainly in basal ganglia or semiovoid region. (a–d) The presentation of infarcts on DWI and Apparent diffusion coefficient (ADC) mapping; (e) Right
middle cerebral artery occlusion before operation on MRA; (f) MRA performed within 1 week showed severe residual stenosis in the responsibility lesions of right
middle cerebral artery; (g,h) DSA demonstrated the results of MRA. (B) The infarct core was mainly in cortex. (a–d) The presentation of infarcts on DWI and ADC
mapping; (e) Left middle cerebral artery occlusion before operation on MRA; (f) Postoperative MRA showed no residual stenosis in the responsibility lesions of right
middle cerebral artery; (g,h) DSA demonstrated the results of MRA.

focal stenosis that could be resolved using angioplasty or stent
insertion (Lee et al., 2015; Yi et al., 2018) at the site of occlusion
(Figures 1Ag,h). Significant stenosis was defined as fixed stenosis
≥70% or fixed stenosis ≥50%, besides either angiographically
evident of impaired perfusion or evidence of re-occlusion after
appropriate treatment using a stent retriever. The cause of
MCAO (Figures 1Ae,Be) was classified as embolism based
on the following: no focal stenosis after clot retrieval during
operation (Figures 1Bg,h), and confirmed on MR angiography
(Figures 1Af,Bf) or computed tomography angiography
performed within 1 week after the procedure; and an embolus
removed using a stent retriever.

DWI and Clinical Assessment
Before surgery, MRI included DWI and a three-dimensional-
time-of-flight-MR angiography. T1-, T2-weighted imaging, and
fluid attenuated inversion recovery were performed in all patients
using a 3.0 Tesla scanner (Discovery 750, GE Healthcare,
Milwaukee, WI, United States) equipped with a 32-channel
head coil. A single-shot echo-planar imaging DWI sequence was
performed using the following parameters: repetition time/echo
time, 2300/63.60 ms; b, 1000 s/mm2; slice thickness, 5 mm; slice
number, 24; field of view, 240 mm; and matrix, 128 × 128.
The related apparent diffusion coefficient (ADC) and exponential
ADC maps were obtained. A focal hyperintensity on DWI and
hypointensity on the ADC was defined as an infarct core. The
site of the infarct [located deep in the brain (e.g., basal ganglia
or semiovoid region, or mainly in cortex)] was investigated. DWI
findings were evaluated by two neuroradiologists blinded to the
clinical symptoms and surgical findings.

Neurological function in all patients was assessed on
admission using the National Institutes of Health Stroke
Scale (NIHSS). Patients were radiologically assessed using the
Thrombolysis in Cerebral Infarction (TICI) scale, and successful
reperfusion was defined as a TICI grade of 2b or 3 after
endovascular treatment (Zaidat et al., 2013).

Clinical characteristics of the patients, risk factors for
arteriosclerosis, heart disease, previous transient ischemic attack,

NIHSS score on admission, the hyper-dense artery sign
(HAS) on non-enhanced CT, and angiographic information
were collected. All images were retrospectively reviewed by
two neurologists blinded to patient information and study
protocol; discrepancies between the reviewers were resolved by
consensus discussion.

Statistical Analysis
Differences in clinical characteristics, risk factors, and imaging
features between patients in whom the infarct core was mainly
in the deep part of the brain and those in whom the
infarct core was mainly in the cortex were examined using
bivariate analysis, as between patients with ICAS and those
with intracranial embolism. The Student’s t-test was used to
compare continuous variables, while the χ2 test was used to
compare categorical variables. Diagnostic performance including
sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), and diagnostic accuracy of the location
of infarct core for the prediction of ICAS, were calculated. All
statistical analyses were performed using Prism version 5 (Mac
OS X, Apple Inc., Cupertino, CA, United States); P ≤ 0.05 was
considered to be statistically significant.

RESULTS

Patients With ICAS vs. Patients With
Embolism
Data from 15 patients diagnosed with ICAS and 16 diagnosed
with embolism were compared using the χ2 test; the results are
summarized in Table 2.

Patients with ICAS were more likely to have hypertension
(80 vs. 37.5%; P = 0.029), less likely to have atrial fibrillation
and/or rheumatoid heart disease (6.67 vs. 56.2%; P = 0.006),
and less likely to exhibit HAS on non-enhanced CT (20 vs. 75%,
P = 0.003). Twelve of the 15 (80%) patients with ICAS required
emergency angioplasty for successful recanalization (Table 2).
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TABLE 2 | Clinical characteristics and endovascular therapy of patients in the
ICAS group and embolism group.

ICAS group Embolism group P-value

(n = 15) (n = 16)

Sex (male, n) 9 (60%) 9 (56.2%) 1.000

Age (mean, years) 61±2 63±3 0.575

Smoker 9 (60%) 8 (50%) 0.722

Hypertension, n(%) 12 (80%) 6 (37.5%) 0.029

Diabetes mellitus, n(%) 5 (33.3%) 5 (31.3%) 1.000

Hyperlipidemia, n(%) 3 (20%) 2 (12.5%) 0.654

Atrial fibrillation and/or rheumatic

heart disease 1 (6.67) 9 (56.2%) 0.006

Transient ischemic attack 2 (13.3) 0 0.226

Admission NHISS 12±1 15±2 0.235

HAS on CT, n (%) 3 (20%) 12 (75%) 0.003

With balloon or stent 12 (80%) 1 (6.25%) < 0.001

Hemorrhage 3 (20%) 7 (43.8%) 0.458

Occlusion again, n(%) 1 (6.67) 0 (0%) 0.484

TABLE 3 | Clinical characteristics of the two groups patients the infarct core were
mainly in deep of the brain and cortex, respectively.

Deep of the brain Cortex P-value

(n = 16) (n = 15)

Sex (male, n) 10 (62.5%) 8 (53.3%) 0.722

Age (mean, years) 60±3 65±2 0.142

Smoker 10 (60%) 7 (50%) 0.724

Hypertension, n(%) 12 (80%) 6 (37.5%) 0.029

Diabetes mellitus, n(%) 6 (37.5%) 4 (26.7% 0.704

Hyperlipidemia, n(%) 4 (25%) 1 (6.7%) 0.333

Atrial fibrillation and/or rheumatic

Heart disease 1 (6.67) 9 (56.2%) 0.006

Transient ischemic attack 2 (13.3) 0 0.226

Patients Whose Infarct Core Was Mainly
in the Deep of the Brain and Those
Whose Infarct Core Was Mainly in Cortex
According to DWI and ADC, patients were divided into two
categories, as shown in Figures 1A (a–d). For some, the infarct
core was mainly in the deep part of the brain (e.g., basal ganglia or
semiovoid region) and, as shown in Figures 1B (a–d), there were
some whose infarct core was mainly in the cortex, respectively.
Clinical characteristics of the two patient groups are summarized
in Table 3. Patients in whom the infarct core was mainly in the
basal ganglia or semiovoid region group, compared with those
whose infarct core mainly in cortex group, were more likely to
have hypertension (80 vs. 37.5%; P = 0.029) and less likely to have
atrial fibrillation and/or rheumatoid heart disease (6.67 vs. 56.2%;
P = 0.006), respectively.

Diagnostic Performance of the DWI
There were 16 patients in whom the infarct core was mainly in
the basal ganglia or semiovoid region on DWI (14 of the 16
patients in the ICAS group and only 2 in the non-ICAS group

[93.3 vs. 6.7%, respectively; P< 0.001]). The diagnostic sensitivity
of DWI for ICAS was 93.3%, with a specificity of 87.5%, a PPV of
87.5%, and an NPV of 93.3%, the accuracy was 88.5%.

DISCUSSION

The purpose of our study was to explore objective evidence
for discerning ICAS from intracranial embolism resulting in
M1 occlusion before surgery. CT and MRI are mainly used
in the diagnosis and treatment of acute cerebral infarction.
However, the following advantages of MRI become necessary for
examination (Bang et al., 2018). First, DWI combined with ADC
is superior to any CT techniques for imaging the infarct core
(Kohrmann and Schellinger, 2009). Second, mismatch between
DWI and FLAIR can be used to guide intravenous recombinant
tissue plasminogen activator treatment in “Wake-up” patients
with acute ischemic stroke with an unknown time of onset
(Thomalla et al., 2018). Finally, using MRI to assess collaterals
and the infarct core can expand the scope of application of
endovascular treatment (Albers et al., 2018; Nogueira et al., 2018).
Thus, MRI was chosen as the main research tool for diagnosis and
treatment of acute cerebral infarction.

Our data revealed no significant difference in sex or age
between those with ICAS and those with embolization. One
possible explanation is that our findings were based on a single-
center experience and that the sample size was insufficient, or
only focused on occlusion of the M1 segment of the middle
cerebral artery. Consistent with a previous study (Yi et al.,
2018), we also found that the ICAS patients were more likely
to have hypertension (80 vs. 37.5%; P = 0.029), which is a
risk factor for arteriosclerosis (Lee et al., 2015), less likely to
have atrial fibrillation and/or rheumatoid heart disease (6.67
vs. 56.2%; P = 0.006) and exhibit HAS on non-enhanced
CT (20 vs. 75%; P = 0.003), which is related to cardiac-
embolic stroke (Kirchhof et al., 2003; Cho et al., 2005; Kim
et al., 2008; Moftakhar et al., 2013). Twelve of the 15 (80%)
patients with ICAS required emergency angioplasty for successful
recanalization (Table 2).

Although DWI had been used to analyze causes of posterior
cerebral artery infarction (Lee et al., 2009), there has been
no research using DWI to study the characteristics of infarcts
caused by MCAO of the M1 segment in ICAS. In assessing
DWI results of patients with acute MCAO, we found that
the infarction core of the patients with ICAS were primarily
located in the deeper parts of the brain (basal ganglia and
semiovoid regions), and the infarction core of occlusions caused
by intracranial embolism were located more superficially (i.e.,
cortex). Our study revealed a significant association between
the location of the infarct core detected on DWI and causes
of middle cerebral artery M1 occlusion. There were 16 patients
whose infarct core was mainly in the deep of the brain on
DWI. The diagnostic sensitivity of DWI for ICAS was 93.3%,
with a specificity of 87.5%, a PPV of 87.5%, and an NPV of
93.3%, the accuracy was 88.5%. Our study demonstrated that the
infarct core in patients with ICAS was located primarily in the
deeper parts of the brain, which has two possible explanations.
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First, in ICAS, the collateral circulation in the cortex is abundant.
Second, chronic ischemia may increase the ischemic tolerance
of cortical neurons. As our investigation was a single-center
retrospective study, a multicenter study involving a larger sample
size or a randomized controlled trial are needed to further
verify our results.

CONCLUSION

The features of infarction on DWI can predict MCAO caused by
ICAS preoperatively, which may reflect the ischemic tolerance
of cortical neurons. Increased ICAS can guide therapeutic
strategies in patients with acute cerebral infarction. First,
patients diagnosed with cerebral embolism can be directly
treated with mechanical thrombectomy without intravenous
thrombolysis for shortening the recanalization time. Second,
for these patients, intravenous thrombolysis for within “time
window” or dual antiplatelet loading dose for out of “time
window” is a better option. Third, if diagnosed with ICAS,
it should be considered preoperatively, and stent or balloon
expansion therapy should be administered in time to reduce
vascular injury caused by repeated thrombolysis. Finally, the

correct diagnosis provides an appropriate basis for secondary
prevention of stroke.
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Background: The use of magnetic resonance imaging (MRI) in diagnosis of neonatal

acute bilirubin encephalopathy (ABE) in newborns has been limited by its difficulty in

differentiating confounding image contrast changes associated with normal myelination.

This study aims to demonstrate the feasibility of building a machine learning prediction

model based on radiomics features derived from MRI to better characterize and

distinguish ABE from normal myelination.

Methods: In this retrospective study, we included 32 neonates with clinically confirmed

ABE and 29 age-matched controls with normal myelination. Radiomics features were

extracted from themanually segmented region of interest (ROI) on T1-weighted spin echo

images, followed by the feature selection using two-sample independent t-test, least

absolute shrinkage and selection operator (Lasso) regression, and Pearson’s correlation

matrix. Additional feature quantifying the relative mean intensity of ROI was defined and

calculated. A prediction model based on the selected features was built to classify ABE

and normal myelination using multiple machine learning classifiers and a leave-one-out

cross-validation scheme. Receiver operating characteristics (ROC) analysis was used to

evaluate the prediction performance with the area under the curve (AUC) and feature

importance ranked based on the Fisher score.

Results: Among 1319 radiomics features, one radiologist-defined intensity-based

feature and 12 texture features were selected as the most discriminative features.

Based on these features, decision trees had the best classification performance with

the largest AUC of 0.946, followed by support vector machine (SVM), tree-bagger,

logistic regression, Naïve Bayes, discriminant analysis, and k-nearest neighborhood

(KNN), which have an AUC of 0.931, 0.925, 0.905, 0.891, 0.883, and 0.817, respectively.

The relative mean intensity outperformed other 12 texture features in differentiating ABE

from controls.
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Conclusions: The results from this study demonstrated a new strategy of characterizing

ABE-induced intensity and morphological changes in MRI, which are difficult to be

recognized, interpreted, or quantified by the routine experience and visual-based reading

strategy. With more quantitative and objective measurements, the reported machine

learning assisted radiomics features-based approach can improve the diagnosis and

support clinical decision-making.

Keywords: magnetic resonance imaging, neonate, bilirubin encephalopathy, myelination, machine learning,

radiomics

INTRODUCTION

Neonatal jaundice is one of the most prominent clinical
concerns during the neonatal period. It is mainly caused
by the accumulation of neurotoxic unconjugated bilirubin
from the breakdown of old red blood cells that cannot be
cleared effectively by newborns (1). Based on a nationwide
survey on hospitalized neonates in China, 49.1% developed
various degrees of neonatal jaundice and 8–9% developed
severe hyperbilirubinemia with as high as 0.9% (357/4,141,535)
ended up developing bilirubin encephalopathy due to lack of
appropriate diagnosis and prediction of its development or
delayed treatment (2). Kernicterus, the brain damage specifically
caused by hyperbilirubinemia, is characterized by the intense
yellow staining of bilirubin at some specific regions of the
brain, which is consistent across the term, preterm, and
rare adult with kernicterus (3). Before kernicterus (chronic
bilirubin encephalopathy, CBE), a permanent neurological
sequela induced by bilirubin toxicity, hyperbilirubinemia and
acute bilirubin encephalopathy (ABE) can be reversed with safe
and effective treatments (4). Therefore, identifying neonates
with a high risk of ABE early to apply the treatment timely
is the key to minimize the incidence of permanent bilirubin-
induced neurological dysfunction (BIND) and kernicterus (5).
However, early detection of jaundiced neonates with the risk of
brain damage in the acute stage is challenging in the current
clinical practice.

The evaluation of neonatal jaundice is typically done with
the standard clinical laboratory test by measuring the total
serum bilirubin (TSB) concentration. Because it is not a direct
measurement of the actual bilirubin level in the brain, TSB
measurement leads to considerably high false-positive and false-
negative rates when used as a predictor of ABE (6). Including
other serum parameters, such as unconjugated or “free” bilirubin,
albumin level, and bilirubin-albumin binding capacity, does not
significantly improve the overall prediction power (7, 8). As for

Abbreviations: CBE, chronic bilirubin encephalopathy; ABE, acute bilirubin

encephalopathy; BIND, bilirubin-induced neurological dysfunction; FLAIR, fluid-

attenuated inversion recovery; DWI, diffusion-weighted imaging; ADC, apparent

diffusion coefficients; FOV, field of view; TE, echo time; TR, repetition time; ROI,

region of interest; Lasso, least absolute shrinkage and selection operator; KNN,

k-nearest neighborhood; SVM, support vector machine; AUC, area under the

curve; ROC, receiver operating characteristics; GLCM, gray level co-occurrence

matrix; GLRLM, gray level run length matrix, NGTDM, neighborhood gray-tone

difference matrix; IMC 1 and 2, information measure of correlation 1 and 2.

clinical manifestations, the early neurological symptoms induced
by ABE could be absent, subtle, or non-specific in most cases (9).
When a clinical sign of the classic tetrad syndrome caused by
CBE appears, the bilirubin toxicity-induced neural injuries have
already become permanent and irreversible. Moreover, several
comorbidities, such as hemolytic diseases, prematurity, asphyxia,
or infection, can all pose neonates with jaundice to a higher risk
of ABE, which further compromise the predictive performance of
serummeasurements and clinical manifestations (10). Therefore,
there is a great need in non-invasive and direct detection of
bilirubin-induced subtle change in the infant brain to assess the
risk of brain damage in ABE.

Magnetic resonance imaging (MRI), as a non-radiation and
non-invasive imaging technique, offers superb resolution and soft
tissue contrast for visualizing brain structures and abnormalities.
Thus, it is well suited for safe and direct imaging of the
neonatal brain affected by bilirubin toxicity. It not only can
provide brain region-specific evidence for ABE but also enables
to exclude hypoxic–ischemic encephalopathy, the most common
neonatal encephalopathy (11). During the days to weeks of
ABE, MRI shows “classic” T1-signal hyperintensity in various
degrees on T1-weighted spin echo images in the globus pallidus
and subthalamic nuclei, hippocampus, and cerebellum in the
neonatal brain accompanied by an unremarkable or subtle
signal increase on T2-weighted images (12–14). However, normal
myelination in newborns within the same age span can also lead
to slightly increased signal intensity on T1-weighted images in
the same regions similar to the bilirubin-induced hyperintensity
in the neonates with ABE (15). Therefore, it is difficult for the
conventional signal intensity change-based reading strategy that
is commonly used in radiology reading and evaluations to yield
accurate diagnosis.

With emerging radiomics and machine learning assisted
image analysis, various graphical features, especially those
difficult to be recognized by radiologists, can be identified and
extracted to generate a large set of data to further correlate
with pathological (16), genomic (17), molecular (18), and
clinical outcome (19) information. Thus, radiomics analysis can
expand the capability of characterizing disease-induced image
abnormalities and the underlying pathophysiology in much
greater details with parametric variables and high-throughput

quantitative measurements to improve the accuracy of diagnosis

and predicting prognosis (20, 21).
Herein, we report an initial work of applying the radiomics-

based machine learning approach to identify an ABE-specific
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radiomics pattern based on MRI contrast changes on T1-
weighted spin echo images associated with the bilirubin
deposition in neonatal brains and its induced change in tissue
properties. The distinct radiomics features were found and used
to differentiate ABE from normal myelination.

MATERIALS AND METHODS

Study Subjects
This retrospective study was approved by the Institutional
Review Board and carried out in accordance with the Declaration
of Helsinki with the written informed consent waived from
legal custodians of all subjects for this study. However, as a
part of clinical routine procedure, the written informed consent
for MRI examinations was obtained from their legal custodians
before MRI examinations. We selected 61 neonates based on
reviewing their medical records, including 32 ABE neonates
with a mean after-birth age of 6.8 ± 3.5 days and 29 age-
matched controls (11.6 ± 6.1 days), who had MRI examinations
during their hospitalization. For more accurate indication of
maturity of the newborns, we used the average equivalent
age, defined as gestational age + age after birth. The average
equivalent age is 276.1± 10.4 days for 32 neonates with suspected
ABE and 262.1 ± 22.3 days for 29 age-matched controls,
respectively. To minimize the potential age-related factor, we
only included those neonates with the age within 3 weeks after
birth, during which ABE usually develops. All 32 ABE cases
were clinically confirmed based on their medical records. To
standardize inclusion criteria, we set stringent inclusion criteria
by collecting supportive information for diagnosing ABE from
the medical records of all subjects. All ABE positive cases met
at least two of three clinical diagnosis criteria, including (1)
severe hyperbilirubinemia (peak total serum bilirubin≥20 mg/dl
or 342 µmol/L); (2) positive radiological findings suggestive
of ABE; (3) at least one of the ABE-related clinical symptoms
with bilirubin-induced neurologic dysfunction (BIND) score ≥
1 point in which 1, 2, or 3 points were assigned to mild,
moderate, or severe symptoms based on the severity of the crying
pattern defined for neonates, behavior and mental status, and
muscle tone for a total 9 points (22). Neonates with any history
of neurological abnormalities caused by perinatal asphyxia,
hypoxia–ischemia, intrauterine infection, chromosomal disease,
hereditary mitochondrial metabolic disease, carbon monoxide
poisoning, and hypermagnesemia and other related diseases were
excluded. T1-weighted images from each case were evaluated
for motion artifacts that may affect the image analysis. All cases
included have satisfactory image quality for further analysis.

All clinically confirmed ABE cases had a peak TSB level
≥20 mg/dl during hospitalization. With laboratory test and
clinical manifestations available for all 32 positive ABE cases
during interpretation, previous radiology reports showed that
radiologists diagnosed 5 out of 32 cases matching the typical
imaging findings of ABE, 18 cases highly likely to have developed
ABE, 7 cases likely but indecisive to have ABE, and 2 cases
unlikely to have ABE, but they cannot exclude the possibility in
reference to the clinical information. Of 32 ABE neonates, 26
developed explicit ABE-specific clinical symptoms with BIND

scores ranging from 1 to 6, while 6 ABE cases developed ABE-
non-specific clinical symptoms based on the available medical
records. In contrast, 29 age-matched control cases were negative
in all three criteria mentioned above.

MRI Acquisition
All images were acquired from a 1.5-T whole-body MRI scanner
(Achiva, Philips Healthcare, Best, the Netherlands) using a
routine clinical brain MRI protocol. The protocol included the
following imaging sequences: T1-weighted spin-echo imaging
in the axial and sagittal directions, and T2-weighted fast spin
echo imaging, T2-weighted fluid-attenuated inversion recovery
(FLAIR) imaging, and diffusion-weighted imaging (DWI) in
the axial direction. Because the characteristic image appearance
for ABE is elevated signal intensity in globus pallidus and
subthalamic nuclei on T1-weighted spin echo images, we only
focused on analyzing T1-weighted spin echo images in this study.
The imaging parameters for T1-weighted spin echo imaging
included the following: echo time (TE) of 17ms, repetition time
(TR) of 600ms, flip angle of 69◦, field of view (FOV) of 150× 133
× 79mm, and 18 slices with a slice thickness of 4mm to cover the
whole brain.

Image Preprocess
Images from all cases were visually examined first by the
radiologists (ZL and LW) for the image quality and artifacts. We
then used the Smallest Univalue Segment Assimilating Nucleus
(SUSAN) technique (FSL v5.0, FMRIB, Oxford, UK), a filtering
technique that preserves the structures depicted in an image by
only averaging a central voxel with neighboring voxels that have
similar intensities (23), to reduce noise. FMRIB Linear Image
Registration Tool (FLIRT) (FSL v5.0, FMRIB, Oxford, UK) (24)
was then used to align the images to correct any motion artifacts
before any analysis. Then, a histogram stretching algorithm was
used for normalizing the image intensity of all images (25).

Lesion Identification and Segmentation
The pipeline of the feature identification and analysis processes
is summarized in Figure 1. For the current study, we only
focused on the abnormalities in globus pallidus, which is one of
the earliest and most sensitive regions affected by the bilirubin
toxicity in ABE (26). An abnormal appearance of increased signal
intensity on T1-weighted spin echo images in the region is shown
in Figure 2, allowing for extracting globus pallidus from T1-
weighted images as the region of interest (ROI). In the ABE case
with characteristic imaging findings, the bilateral globus pallidus
has a sharp contrast with a well-defined margin for manual
segmentation. One radiologist (ZL) with more than 5 years of
experience in neuroimaging manually contoured the structure
of globus pallidus using open source Imaging Biomarker
Explorer Software (IBEX software, MDAnderson Cancer Center,
Houston, Texas, US) (27). When the contour of globus pallidus
was not well-defined, we referenced the cross-sectional gross
anatomy of globus pallidus and also used the silhouette of an
ABE case with typical image characteristics as the reference
(Figure 2). Instead of segmenting globus pallidus independently
in different groups, we referenced the clear silhouette of ABE
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FIGURE 1 | The workflow for the image processing and analyses in the study.

cases with typical imaging findings of ABE in order to ensure that
the segmented globus pallidi were comparable in shape between
ABE cases and controls. Similarly, we manually delineated the
boundary of globus pallidus in control cases based on the cross-
sectional neuroanatomy and the corresponding regions of ABE
cases with well-defined globus pallidus. In total, three continuous
slices containing globus pallidus on T1-weighted images for each
neonate were chosen. After initial segmentation, each ROI was
reviewed and adjusted by two radiologists (LW and YZ) with
more than 25 years of experience in neuroradiology, with any
discrepancy resolved through discussion.

Feature Extraction
Once the segmented globus pallidus was obtained, 1,318
radiomics features from ROIs were extracted using IBEX
software. All of the extracted features were then grouped into two
main categories and nine subcategories (27), including the first-
order statistics (intensity-histogram-based features): (1) intensity
histogram gauss fit-based features; (2) histogram gradient
orientation-based features; (3) intensity histogram-based
features; (4) intensity direct-based features and higher-order

statistics (texture features): (5) gray level co-occurrence matrix-
based features [GLCM, 2-Dimensions (2-D)]; (6) GLCM (3-D);
(7) gray level run length matrix-based features (GLRLM); (8)
neighborhood gray-tone difference matrix features (NGTDM,
2-D); and (9) NGTDM (3-D) (28).

To follow the conventional reading strategy and to quantify
the average intensity level of globus pallidus, we added a
“radiologist-defined feature,” i.e., the relative mean intensity of
globus pallidus, which corresponds to the average intensity of
segmented globus pallidus in the second slice of the three chosen
slices normalized by the average intensity of cerebrospinal fluid
(CSF) in the segmented region of lateral ventricle of the same
slice. Then, two histograms based on the distribution of the
relative mean intensity of ABE cases and control cases were
generated and curve-fitted by non-linear polynomial regression
using MATLAB (2018b, Mathworks, USA).

Feature Selection
To improve the accuracy and efficiency of classifications,
irrelevant and redundant features were identified and excluded.
We used three feature selection methods sequentially to select
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FIGURE 2 | Axial T1-weighted spin echo image (a) shows strikingly hyperintense signal in the globus pallidus with well-defined boundary in a neonate of 10 days old

with ABE (a–d), while T2-weighted fast spin echo image (b) and FLAIR image (c) show slightly and moderately high signal intensity, compared with the signal intensity

of the surrounding basal ganglia region, respectively. No abnormal signal intensity was detected on DWI (d). However, in cases of a 4-day-old neonate with

radiologically untypical ABE (e–h) and a case of 9-day-old ABE-alike neonate with normal myelination (i–l), imaging findings include hazy slight hyperintensity on

T1-weighted image (e,i), iso-intensity on T2-weighted image (f,j), slightly high signal intensity on T2-weighted FLAIR images (g,k), and no obvious abnormal signal

intensity on DWI (h,l) in the region of globus pallidus with referencing the signal intensity of the surrounding region of basal ganglia.

informative radiomics features from 1,318 graphic features
obtained using IBEX software. Firstly, a two-sample t-test
was used to select those features with statistically significant
difference between ABE cases and control cases (P < 0.05). To
increase the model interpretability and reduce overfitting, the
least absolute shrinkage and selection operator (Lasso) regression
algorithm (29) was then applied to the remaining features to
further reduce irrelevant features. Those features yielding to the
lambda (λ) value (a tuning parameter) with minimal deviance
were chosen as the most informative features.

Feature Correlation
To follow the principle that good features are highly correlated
with the predictive target, but remain to be independent to
each other (30), we evaluated the correlation between each
pair of the selected features. A correlation-matrix map was
generated based on the correlation between each chosen feature
to illustrate and determine the redundancy. In correlation-based
feature elimination, we did not remove all correlated features like
previous studies (31, 32). Instead, we only removed those features
with an r-value of 1 or−1, termed as linearly correlated features,

which usually are calculated using the same formula, but different
directions and offsets based on the generated matrix. Then, one
representative feature in each group of linearly correlated features
was used as the discriminative feature for further analysis, since
this feature can represent the other linearly correlated features
within the same group. The remaining features (−1< r< 1) were
put into the group of relatively independent features.

Classification
The features chosen for classifying ABE and normal myelination
conditions included the selectedmost discriminative features and
the radiologist-defined feature. Based on multiple classification
algorithms, including logistic regression, discriminant analysis,
k-nearest neighborhood (KNN), Naïve Bayes, support vector
machine (SVM), decision trees, and ensemble tree-bagger (33),
and the chosen features, a prediction model was built to
differentiate ABE from normal myelination with a leave-one-out
cross-validation scheme used to split the data into training set
and testing set randomly. To compare the overall performance
of each classifier, the value of the area under the curve (AUC)
was calculated based on receiver operating characteristics (ROC)
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analysis. Also, the accuracy was obtained from the best cutoff
point in the ROC curve for each classifier. Then, features
were ranked based on their importance contributing to the
classification performance using the Fisher score, an independent
filter model aiming to not interact with the bias of a classification
learning algorithm (34).

Statistical Analysis
MATLAB (2018b, Mathworks, USA) was used to perform all
the statistical analysis, which included calculating the relative
mean intensity of the segmented globus pallidus, generating the
histogram of relative mean intensity of globus pallidus, feature
selection using two-sample t-test, Lasso regression algorithm,
and correlation-matrix heat map generated using Pearson’s
correlation, classification using multiple classification algorithms
with ROC analysis, and features ranking based on Fisher score.
Nonparametric Mood’s median test was used to determine
whether the medians of the two independent groups (ABE
group vs. normal myelination group) from which two samples
are drawn are identical, with P < 0.05 indicating statistically
significant difference. Then, two-sample independent t-test was
used to compare clinical variables, such as birth weight and
different kinds of bilirubin level, with P < 0.05 indicating
statistically significant difference.

RESULTS

Clinical Findings and Subject
Characteristics
In 61 neonates included in this study, we found no statistically
significant difference in the average equivalent age (P = 0.063)
between neonates with ABE (n = 32, 276.1 ± 10.4 days)
and age-matched controls with normal myelination (n = 29,
262.1 ± 22.3 days). It should be noted that controls had more
preterm neonates (16/29 vs. 5/32) and slightly lower birth weight
(2686.7 ± 918.2 vs. 3027.5 ± 404.6 g) but with no statistical
difference (P = 0.107). The neonates with ABE had a much
higher mean bilirubin level than did controls as shown by
the transcutaneous bilirubin level (25.3 ± 5.5 vs. 10.9 ± 2.3
mg/dl), peak TSB (500.1 ± 78.8 vs. 139.3 ± 58.3 µmol/L),
and unconjugated serum bilirubin (482.8 ± 73.4 vs. 127.4 ±

58.3 µmol/L) (all P < 0.00001). Demographic information is
summarized in Table 1.

Figure 2 shows images of an ABE case with characteristic
imaging contrast change in the affected region, an ABE case with
ambiguous imaging findings, and a control case with normal
myelination. The neonates with radiologically typical ABE (2/32)
exhibited bilateral symmetrical pronounced hyperintensity in the
globus pallidus on T1-weighted spin echo images with a well-
defined boundary and no obvious signal abnormalities on T2-
weighted spin echo, FLAIR, and DWI (Figures 2a–d). However,
most ABE cases (30/32) did not present such sharp contrast on
T1-weighted spin echo images in the region of globus pallidus
with a well-defined boundary but showed varying degrees of
increased signal intensity compared to the signal intensity of
the surrounding structures of basal ganglia (Figures 2e–h). All
the controls also showed slight to moderate elevation of signal

TABLE 1 | Clinical characteristics of neonates with ABE and control neonates.

Neonates with ABE Control neonates P-value

Gender

(male/female)

15/17 19/10 –

Equivalent age

(days)

276.1 ± 10.4 262.1 ± 22.3 0.063

Term/preterm 27/5 13/16 –

Birth weight (g) 3027.9 ± 404.6 2686.7 ± 918.2 (2 NA) 0.106

Transcutaneous

bilirubin level

(mg/dl)

25.3 ± 5.5 (1 NA) 10.9 ± 2.3 (11 NA) <0.00001

Peak total serum

bilirubin (pTSB)

(µmol/L)

500.1 ± 78.8 139.3 ± 58.3 (2 NA) <0.00001

Unconjugated

serum bilirubin

(µmol/L)

482.8 ± 73.4 127.4 ± 58.3 (2 NA) <0.00001

NA, not available; equivalent age = gestational age + age after birth.

intensity in globus pallidus on T1-weighted spin echo images
varied in different degrees (Figures 2i–l), consistent with the
signal intensity change due to normal myelination in newborns.
Such a pattern of signal-intensity increase mimics MRI contrast
appearance of a radiologically atypical ABE. For T2-weighted
spin echo images, only 3 ABE cases (3/32) showed slightly high
signal intensity in the region of globus pallidus in contrast
to the signal intensity of the surrounding basal ganglia region
(Figure 2b), and no controls showed any obvious signal changes
(Figure 2j). Interestingly, all the ABE cases and controls with
normal myelination showed slightly high signal intensity on T2-
weighted FLAIR images in comparison to the signal intensity
of surrounding basal ganglia region (Figures 2c,g,k), suggesting
that FLAIR sequence may not be a proper imaging method
for differentiating ABE from normal myelination. For DWI, no
apparent abnormal signal intensity was found in both ABE and
control cases, suggesting no substantial effect from ABE and
normal myelination on the diffusion properties of the tissue at
this point.

Radiomics Features
The feature extraction program automatically identified 1,318
features from ROIs on T1-weighted spin echo images. Among
these, 81 features with statistically significant difference between
ABE cases and controls (P < 0.05) were selected using two-
sample t-test. After the Lasso regression algorithm was applied
for further feature reduction, 18 features were chosen based
on the corresponding lambda (λ) value with minimal deviance
(Figure S1). Figure 3 shows the correlation between each pair of
these 18 features, presented as a heat map of correlation matrix.
We found six non-redundant features (−1 < r < 1), with six
pairs of linearly correlated features (r = 1) in the remaining 12
features. After the correlation-matrix-based feature selection, one
representative feature for each linearly correlated feature group
(n = 6) and six relatively independent features were chosen
for further analysis (more details in Figure 3). The process of
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FIGURE 3 | The correlation-matrix heat map based on the correlation between each feature pair of the selected 18 features. All 18 features were calculated with

direction of 0, 45, 90, 135, 180, 225, 270, and 315◦, and offset of 1, 4, and 7, respectively. For instance, based on the matrix generated from the segmented globus

pallidus, entropy (0◦-7) was calculated with direction = 0◦ and offset = 7, while maximum probability (135◦-7) indicates that maximum probability was calculated with

direction = 135◦ and offset = 7.

the feature selection is plotted in Figure 4 with more detailed
information summarized in Table S1 with descriptions of 12
selected features provided in Table S2.

Classifications
Based on the 12 selected features and one radiologist-defined
feature, decision trees had the best classification performance
with an AUC of 0.946, followed by SVM, tree-bagger, logistic

regression, Naïve Bayes, discriminant analysis, and KNN, which
have an AUC of 0.931, 0.925, 0.905, 0.891, 0.883, and 0.817,
respectively, as shown in Figure 5A. On the other hand,
when using the misclassification rate to evaluate the accuracy
of discriminating ABE neonates and controls, the logistic
regression algorithm and tree-bagger performed better than
others with 9.38, 0% for misclassifying ABE and 13.79, 24.14%
for misclassifying the control condition, respectively. Detailed
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FIGURE 4 | Numbers of features selected after each feature selection method performed sequentially.

comparisons are presented in Figure 5B. As a whole, both logistic
regression algorithm and tree-bagger had the highest accuracy
of 88.5% to differentiate ABE from controls compared to other
machine learning classifiers.

Feature Ranking and Contribution
Thirteen features used for classification were ranked using
the Fisher score (Figure 6) according to their importance in
discriminating ABE from the normal myelination. Among them,
the relative mean intensity, which reflects the overall brightness
of segmented globus pallidus, was the most discriminative
feature. It is significantly higher in ABE cases than that in controls
(P < 0.0001). Importantly, the results from radiomics analysis
of image features provided insight into the inherited challenges
of using the conventional signal intensity-focused radiology
reading strategy to diagnose ABE. Histograms of the relative
mean intensity from the segmented globus pallidus in the ABE
and control groups shown in Figure 7 revealed the significant
overlap of similar image contrast of ABE and normal myelination
conditions that contribute to the difficulty of distinguishing ABE
from normal myelination, if it is simply based on the signal
intensity change in the images.

In addition, nine different texture features in the GLCM
category had significant contributions to the discrimination
of ABE from normal myelination. Finally, three other texture
features selected in the category of NGTDM, including
contrast computed from 2D to 3D images, respectively, and
busyness were found to be useful in the classification as
they revealed intra-lesion spatial neighbor intensity difference
of abnormalities. However, no first-order statistical feature
(i.e., intensity histogram-based feature) and feature within the
category of GLRLM were found as distinct features based on the
current criteria used in this study.

DISCUSSION

Although MRI has been increasingly used to investigate the
neuropathology induced by ABE in the neonatal clinical settings,
the conventional reading strategy solely based on overall

intensity alteration of the globus pallidus on T1-weighted images
is not sufficiently effective and accurate. The current study
applied a radiomics-based machine learning approach to extract
specific image features to discriminate neonates with ABE from
controls with normal myelination. The results suggested that this
approach improved the characterization of abnormalities and
thus achieved a better classification of these two conditions.

Clinically, most ABE cases do not show characteristic signal
abnormalities in MRI and thus are not readily distinguishable
from normal myelination. As shown in this study, only two
cases with ABE showed typical striking hyperintensity in the
region of globus pallidus, while other cases of ABE have
various degrees of hyperintense contrast that overlap with the
signal changes from normal myelination. In clinical routine, the
common reading strategy of radiologists focuses on identifying
the relatively higher signal intensity induced by ABE than that
of normal myelination on T1-weighted image, since usually,
signal abnormality tends to vary from moderately high to
very high for ABE and slightly high to moderately high
for normal myelination based on poorly quantitative visual
impression. However, depending on the experience and expertise
level of radiologists, such a subjective judgment is susceptible
to inter- and intra-observer variability in interpreting ABE.
Worth noting, the radiologist-defined feature, the relative mean
intensity of the segmented globus pallidus outperformed 12
selected texture features as the most discriminative feature
to differentiate ABE from normal myelination, suggesting the
robustness of the conventional intensity-based reading strategy
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FIGURE 5 | ROC curves with values of AUC for different classification methods using 13 discriminative features (A) and misclassification rates for normal cases and

ABE cases for different prediction models (B).

FIGURE 6 | Contributions of features in discriminating ABE and controls were

ranked based on their Fisher score. IMC 1 & 2 = information measure of

correlation 1 and 2.

used by the radiologists who have developed sufficient experience
in recognizing subtle intensity changes and differences caused
by the disease. However, compared to the experience-dependent
traditional visual-based pattern recognition, using computational
algorithms to extract fine graphical features and descriptors on

changes in image intensity and contrast in a more quantitative
manner can eliminate the inter- and intra-observer subjective
variability in interpreting ABE.

The study also showed that additional texture features
that are not readily recognized, described, or quantified by
radiologists in the clinical routine reading can be identified by
computational methods, allowing for using more quantitative
parameters to better characterize the lesion and further
enhance the discrimination of these two conditions. In our
study, we found that three NGTDM features and nine
GCLM features contributed to separating ABE from normal
myelination. NGTDM features revealed the pattern of intra-
lesion spatial intensity difference (28) of ABE associated with
tissue relaxation time change induced by bilirubin toxicity.
In contrast, GCLM features, which represent the spatial
distribution of various gray-level combinations, reveals the
regional heterogeneity of the affected tissue (35). The high
accuracy in distinguishing ABE from normal myelination based
on these morphological heterogeneity-associated texture features
demonstrated the feasibility of utilizing additional texture
features to detect, describe, and quantify the morphological
heterogeneity of the globus pallidus induced by bilirubin

accumulation. Importantly, it should be noted that this approach

can be potentially expanded to diagnosing other types of

neonatal encephalopathy that is diagnosed only based on signal
intensity change.

ABE-positive cases included in the study were clinically

confirmed with either positive serum indicators, and (or) positive

imaging findings, and (or) neurological or behavioral symptoms.
However, BIND scores cannot be obtained from some ABE
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FIGURE 7 | Histograms of the relative mean intensity distribution plots from

the groups of ABE and control with normal myelination.

cases due to either overlooked subtle neurological or behavioral
symptoms or incomplete medical records in this retrospective
study. In the future, a prospective study performing BIND score
evaluation for any neonates with suspicious ABE is needed. The
current proof-of-concept study only included a limited number
of ABE subjects due to that MRI has yet to become a clinical
standard practice for evaluating ABE and remaining technical
challenges in neonatal MRI. Therefore, we did not attempt to
follow these patients and further evaluate the possibility of using
radiomics features to sub-classify these ABE cases to determine
the severity of the conditions and difference between preterm and
term neonates. Besides, we have appliedmultiple cross-validation
methods, such as 10-, 5-fold, and leave-one-out method to reduce
overfitting. Finally, we optioned to use leave-one-out method
for its resulting relatively lower accuracy and AUC, considering
minimizing the possibility of overfitting given a relatively small
sample size. It is anticipated that training machine learning
algorithms on a large cohort with larger sample size and more
heterogeneous data acquired on an MRI scanner with higher
magnetic field and testing them on an independent cohort should
further validate the robustness of this approach to generalize a
clinical feasible predictive model.

Another limitation of the current study is that we used
manual contouring for segmentation of ROI, which is prone
to inter-observer variability. We ensured to minimize the
segmentation inaccuracy by referencing the cross-sectional
gross anatomy and the ROIs determined in the ABE cases
with typical imaging findings via double-blinded reading by
the experienced radiologists. Although manual delineation is
time-consuming and subject to introducing the bias from
interpreters, it is currently considered as a “gold standard”
for segmentation (36). A semiautomatic method, combining
expert-based manual delineation and automatic segmentation
algorithm, might improve the segmentation accuracy and thus

further improve the accuracy of downstream classification in the
future. Furthermore, the current study only focused on extracting
radiomics features from T1-weighted images, attempting to
follow the conventional reading strategy of interpreting ABE for
comparison. It is expected that the classification performance of
the reported approach will be further improved by incorporating
features extracted from multi-parametric MRI, including those
features associated with tissue microenvironment alterations,
such as relaxation time change (T1-mapping), cellularity (DWI),
integrity and maturity of white matter tract (diffusion tensor
imaging), and metabolism (magnetic resonance spectroscopy).

CONCLUSION

The current study demonstrated the feasibility of using
a radiomics-based machine learning approach to analyze
overlapped hyperintense signal patterns of globus pallidus on
T1-weighted spin echo images between neonates with ABE and
normal myelination to improve the differentiation of these two
conditions. Compared to the experience-dependent visual-based
conventional reading strategy, incorporating radiomics features
improved the lesion characterizations with more descriptors and
more quantitative and objective measurements for ABE-induced
intensity change and morphological heterogeneity. The results
support the potential utility of such an approach to assist the
clinical prediction on the risk and development of neurological
damages in neonates with hyperbilirubinemia.
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Background and Objective: Vascular dementia (VaD) and Alzheimer’s disease

(AD) could be characterized by the same syndrome of dementia. This study aims

to assess whether multi-parameter features derived from structural MRI can serve

as the informative biomarker for differential diagnosis between VaD and AD using

machine learning.

Methods: A total of 93 patients imaged with brain MRI including 58 AD and 35 VaD

confirmed by two chief physicians were recruited in this study from June 2013 to July

2019. Automated brain tissue segmentation was performed by the AccuBrain tool to

extract multi-parameter volumetric measurements from different brain regions. Firstly,

a total of 62 structural MRI biomarkers were addressed to select significantly different

features between VaD and AD for dimensionality reduction. Then, the least absolute

shrinkage and selection operator (LASSO) was further used to construct a feature set that

is fed into a support vector machine (SVM) classifier. To ensure the unbiased evaluation of

model performance, a comparative study of classification models was implemented by

using different machine learning algorithms in order to determine which performs best in

the application of differential diagnosis between VaD and AD. The diagnostic performance

of the classification models was evaluated by the quantitative metrics derived from the

receiver operating characteristic curve (ROC).

Results: The experimental results demonstrate that the SVM with RBF achieved

an encouraging performance with sensitivity (SEN), specificity (SPE), and accuracy

(ACC) values of 82.65%, 87.17%, and 84.35%, respectively (AUC = 0.861, 95% CI =

0.820–0.902), for the differential diagnosis between VaD and AD.

Conclusions: The proposed computer-aided diagnosis method highlights the potential

of combining structural MRI and machine learning to support clinical decision making in

distinction of VaD vs. AD.

Keywords: structural MRI, VaD and AD, SVM, machine learning, computer-aided diagnosis
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INTRODUCTION

Dementia is a typical clinical syndrome of cognitive decline that
interferes with the ability to perform daily activities (1) and
occurs due to physical changes of brain structure and function.
It is a progressive disease, indicating that it gets worse over time
in terms of memory loss, cognitive dysfunction, and behavior.
It is reported that the number of patients affected by dementia
is believed to be close to 60 million people in 2018, and this
number will almost reach 75 million in 2030 and triple with 130
million in 2050. Alzheimer’s disease (AD) and vascular dementia
(VaD) are the first and second most common forms of dementia,
respectively (2). They have several symptoms, pathophysiology,
and comorbid clinical manifestation that overlap that make them
difficult to distinguish.

At present, the differential diagnosis between AD and VaD is
still largely based on clinical guidelines with the exception of the
exclusion of other diseases that are able to result in dementia. VaD
is usually diagnosed through the combination of neurological
examination, cognitive functioning tests, and brain scanning
techniques (3). AD is often diagnosed by excluding other
causes rather than being able to pinpoint the diagnosis through
imageological or biochemical examination (4, 5). Conventional
magnetic resonance imaging (MRI) could only discover certain
clinical entities such as vascular changes and stroke or ischemic
attack occurring in a specific area of brain (6), suggesting their
association with VaD. Molecular neuroimaging technique plays
an important role in the diagnosis of dementia (7), but it is
difficult to determine the types of dementia. However, as is the
case with AD, a definite diagnosis of VaD can only be made
by brain autopsy. Although some similar cognitive examinations
are employed to evaluate brain function (8), there is no test to
diagnose AD at this time, so neurological physicians generally
rule out other reversible causes of confusion such as normal
pressure hydrocephalus, as well as other types of dementia
or delirium.

Under attack by AD, the structure changes of temporal lobe,
hippocampus, and entorhinal cortexmay be changed firstly (4, 9).
Hill et al. (10) suggested that structural MRI biomarkers could
facilitate the clinical trials of AD. Moreover, several machine

learning-based studies have successfully classified and predicted
AD and mild cognitive impairment (MCI) using structural MRI
features (11–13). It indicates that the changes of structural
MRI are sensitive indicators for dementia, but there were
no previous studies referring to the distinction between VaD
and AD.

A series of studies mentioned above suggest that volumetric
measurements of brain MR images are generally a significative
type of biomarker. However, to our knowledge, whether multi-
parameter structural MRI features can serve as the informative
biomarker to detect the differences between VaD and AD
is unknown, and little work has been done on machine
learning to distinguish VaD from AD. Therefore, despite recent
developments in the detection of AD, differential diagnosis
between AD and VaD is still challenging and requires further
investigation. It is critically important to find a way to be
potentially capable of differentiating VaD from AD. In this

study, we present a support vector machine (SVM)-based
machine learning framework in combination with a range of
volumetric measurements of different brain tissues to provide
clinical information for differential diagnosis between VaD and
AD (Figure 1).

MATERIALS AND METHODS

Subjects and Inclusion Criteria
This retrospective study was approved by the Ethics Committee
of the First Affiliated Hospital of Chongqing Medical University.
The written full informed consents were obtained from all
subjects. From June 2013 to July 2019, 122 patients imaged
with brain MRI who were hospitalized in the First Affiliated
Hospital of Chongqing Medical University were recruited for
this study. The diagnosis was confirmed by two chief physicians.
VaD patients fulfilled the criteria of NINDS-AIREN (3) and
AD patients fulfilled the criteria of NINCDS-ADRDA (14).
Exclusion criteria are as follows: (1) patients have both AD
and VaD (n = 8); (2) patients with suboptimal image quality
because of head motion or susceptibility artifacts (n = 14);
and (3) the areas of hyperintensities are so large that they
have little influence on the segmentation accuracy of AD and
VaD (n = 7). Finally, 58 AD patients and 35 VaD patients
were enrolled and the demographic data are summarized in
Table 1. Sex ratio and age distribution did not differ significantly
between both groups (χ2 test, P = 0.73 and Wilcoxon rank-sum
test, P = 0.24).

MRI Acquisition
All subjects underwent multisequence imaging protocol on a 1.5-
TMRI scanner (MAGNETOMESSENZA, SiemensHealthineers,
Germany and Signa HDxt, GE Healthcare, USA). For each
patient, two sequences were collected in our study: (1) T1-
weighted spin-echo (T1W) image: repetition time/echo time
(TR/TE) = 1800/22ms; matrix size = 512 × 512; field of
view (FOV) = 240 × 240 mm2; slice thickness = 3mm;
gap = 1.5mm; (2) T2 fluid attenuated inversion recovery (T2
FLAIR) image: TR/TE = 8000/120ms; matrix size = 512 ×

512; field of view (FOV) = 240 × 240 mm2; slice thickness =

3mm; gap= 1.5 mm.

Image Pre-processing
Firstly, T1W and T2 FLAIR images are skull-stripped, performed
using the FMRIB software library (http://fsl.fmrib.ox.ac.uk/fsl/
fslwiki/FSL). Then, the skull-stripped T2 FLAIR images were
aligned and registered to T1WI images using SPM12 based on
rigid transformation and normalized mutual information (15).
After the above operations, N4 bias correction was performed on
T1W and T2 FLAIR images to remove low-frequency intensity
non-uniformity (http://stnava.github.io/ANTs/).

MRI Structure-Based Feature Extraction
and Selection
In our study, multi-parameter structural MRI indexes were
used as the feature set to train and test machine learning
model. A reliable and robust automated software AccuBrain
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FIGURE 1 | The pipeline of proposed framework for the distinction of VaD vs. AD.

(BrainNow Medical Technology Limited, Hong Kong,
China) performs brain structure and tissue segmentation
to obtain multiple volumetric measurements of different brain
substructures and subcortical tissues (16). It could provide
the quantitative volumetry of memory-related cerebral areas
in a fully automatic mode. After feature extraction, the next
step is construction of the optimal feature subset. As feature
selection is an important problem for pattern classification
that has become an apparent need in machine learning,
the effectiveness of features is directly associated with the
performance of classifier. Firstly, normality and homogeneity
of variance have been examined by Kolmogorov–Smirnov
test and Levene test, respectively, and features with skewed
distribution or normal distribution have been compared
using the Mann–Whitney U test or independent Student

t test to select certain volumetric indexes with significant
difference (P < 0.05) as the representative features (17).
Then, the least absolute shrinkage and selection operator
(LASSO) method was used for the selected features to form
the fusion feature signature (feature subset). The feature
selection methods were performed with the R software
(version 3.5.1; http://www.R-project.org).

Machine Learning Modeling and
Performance Evaluation
The typical kernel algorithms in machine learning such as SVM
were employed to identify VaD from AD. Based on structural
risk minimization, SVM classifier finds an optimal separating
hyperplane with maximum margin to distinguish VaD from
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AD in the corresponding high-dimension feature space mapped
by the input feature subset (18). In this study, we used the
LibSVM toolbox (version 3.22) for the implementation of SVM
classifier with linear and radial basis kernel functions (19). In
addition, genetic algorithm (GA) was conducted to select the
optimal parameters of the LibSVM classifier. For performance

TABLE 1 | Demographic information.

Patients with VaD Patients with AD P-value

Number 35 58

Female/male 16/19 30/28 0.73

Age 72.74 ± 10.19 70.33 ± 9.18 0.24

MMSE 21.79 ± 5.31 22.61 ± 4.87 0.29

TABLE 2 | The implementation details of the different classifiers.

Classifiers Parameter setting

KNN 20 different values of number of neighbors range from 2 to 21

LR Penalty: L1, Tol = 0.0001, C = 1.0, Max_ iteration = 500

RF Ntree = {100, 200, 300, 400, 500}, Mtr = [2:2:50]

SVM Population_size = 50, Iteration = 1,000, Pc = [0.4, 0.99], Pm =

[0.0001, 0.1], Kernel parameter = {10−2, 10−1, 10, 102}

KNN, K-nearest neighbor; LR, logistic regression; RF, random forest; SVM, support

vector machine.

comparison of classification, we have adopted different machine
learning algorithms such as K-nearest neighbor (KNN), logistic
regression (LR), and random forest (RF) to test which model
performs best in differentiating between VaD and AD, compared
with SVM. A brief overview about the corresponding parameters
of the classifiers is given in Table 2.

In this study, the dataset was divided into two portions called
training set and testing set, 70% of which were used as training
set, and the remaining 30% were used as test set. In the training
set, we used the 10-fold cross-validation (CV) to train and tune
the model. The training set was divided into 10 subsets, each as
a verification set for monitoring and tuning the parameters of
training process, and the other 9 subsets was used for training
the model. The test set was used only to assess the performance
of the model. In addition, a bootstrap resample method (1,000
times) was used to decrease the bias of overfitting and evaluate
the robustness of each diagnostic model. Hence, the accuracy
(ACC), sensitivity (SEN), specificity (SPE), and area under the
curve (AUC) of model are calculated by taking the average of the
results of 1,000 times tests. The detailed procedure of parameter
tuning and performance testing is shown in Figure 2.

RESULTS

This section presents the experimental results obtained through
the quantitative volumetry of structural MRI using AccuBrain
software on T1W and T2 FLAIR imaging, as efficient biomarkers

FIGURE 2 | Structure of the nested 10-fold cross-validation for evaluating the performance of machine learning models.
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TABLE 3 | The structural MRI features with statistical differences between patients with VaD and AD.

Brain substructures/regions Volume (ml)

VaD AD P-value

Brain substructures Hippocampus 5.62 ± 0.79 5.13 ± 0.74 0.001

Amygdala 3.37 ± 0.49 2.63 ± 0.27 0.001

Pallidum 2.23 ± 0.31 2.49 ± 0.51 0.031

Accumbens nucleus 0.77 ± 0.14 0.68 ± 0.11 0.003

Symmetry of brain substructures Hippocampus (L) 2.90 ± 0.53 2.47 ± 0.42 0.004

Hippocampus (R) 2.87 ± 0.42 2.66 ± 0.31 0.001

Amygdala (L) 1.46 ± 0.27 1.19 ± 0.21 0.001

Amygdala (R) 1.69 ± 0.34 1.39 ± 0.25 0.001

Caudate (L) 3.07 ± 0.51 2.88 ± 0.49 0.028

Pallidum (L) 1.21 ± 0.58 1.29 ± 0.31 0.031

Accumbens nucleus (L) 0.36 ± 0.06 0.32 ± 0.06 0.012

Accumbens nucleus (R) 0.39 ± 0.06 0.35 ± 0.06 0.013

Symmetry of brain regions Frontal lobe (R) 65.14 ± 9.94 62.17 ± 7.86 0.011

Occipital lobe (L) 34.51 ± 6.46 31.28 ± 6.39 0.001

Occipital lobe (R) 31.08 ± 4.97 28.86 ± 5.42 0.003

Temporal lobe (L) 45.46 ± 5.34 43.29 ± 6.47 0.001

Temporal lobe (R) 46.26 ± 6.51 42.93 ± 5.86 0.002

Parietal lobe (L) 36.88 ± 5.75 30.73 ± 4.76 0.001

Parietal lobe (R) 38.12 ± 6.96 31.45 ± 6.85 0.002

Insular (R) 5.67 ± 1.13 5.06 ± 1.07 0.045

Bold values indicate the statistically different.

disclosing the significant change of volumes in the memory-
related cerebral areas between VaD and AD. On the other hand,
the classification performance obtained with or without the
feature selection method was compared and analyzed.

Differences in the Volumetric Features of
Different Brain Tissues Between VaD
and AD
The result presentation of quantitative volumetry in structural
MRI was reported for the following cases: (1) volume differences
of memory-related cerebral areas between patients who suffer
from VaD and AD, (2) symmetry of brain substructures between
the patients with VaD and AD, and (3) volume atrophy
differences between VaD and AD (Table 3). The structural
changes of memory-related cerebral areas were obvious and
significant between the patients with VaD and AD, while
volume differences could have potential to differentiate VaD
from AD. When compared to the AD patients, the VaD patients
show significantly higher volume values (P < 0.05) in brain
parenchyma, hippocampus, amygdala, and accumbens nucleus,
and significantly lower volume values (P < 0.05) in pallidum.
The significant difference for the symmetry of certain brain
substructures has also been observed between VaD and AD such
as hippocampus, amygdala, caudate, pallidum, and accumbens
nucleus (P < 0.05). The group comparison reveals a significant
decline in the volume values of bilateral frontal lobe, occipital
lobe, temporal lobe, and parietal lobe as well as significant volume
atrophy differences in occipital lobe and parietal lobe in the
patients with AD (P < 0.05).

Performance Comparison of Machine
Learning Models for Differential Diagnosis
This section presents the results of comparing differential
diagnosis between VaD and AD obtained by the different
machine learning models. The 20 significantly different features
(Table 3) selected from 62 quantified structural MRI measures
obtained by AccuBrain software were ranked by LASSO feature
selection. Then, five top-ranked features were selected as the
input of machine learning model (Figure 3). GA was employed
to find the global optimum solution of SVM, the parameters
of which were set as follows: population size = 50, iteration
times = 1,000, probability of crossover = 0.6 and probability
of mutation = 0.1. Table 4 presents the accuracy rates and
the corresponding AUC values of different machine learning
models in training, verification, and test set. The overall result of
performance comparison is shown in Figure 4A. It demonstrated
that SVM could achieve more encouraging performance than
other frequently used classifiers that are suitable for small
datasets in the application of differentiating VaD from AD.
The result obtained by SVM classifiers with different kernel
functions (linear and RBF kernels) on the raw feature set and the
optimal feature subset addressed through the feature selection
method is shown in Figure 4B. This indicates that the SVM

with RBF kernel generally yields higher performance metrics
and is more flexible than that with linear kernel, and the
combining of machine learning and feature selection can increase
the classification performance of the model. The confusion
matrix of the proposed SVM model in a single experiment is
shown in Table 5. When compared to classification using raw
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TABLE 4 | The result of different machine learning models in training, verification,

and test set.

Training set Verification set Test set

Accuracy

(%)

AUC Accuracy

(%)

AUC Accuracy

(%)

AUC

KNN 72.63 0.737 70.59 0.722 68.14 0.691

LR 77.14 0.789 74.96 0.754 73.62 0.747

RF 82.89 0.833 83.65 0.845 81.17 0.829

SVM 86.47 0.887 84.71 0.868 84.35 0.861

features and the other machine learning models, classification
by the selective features and the proposed SVM model improves
the accuracy rate to a significant level, which indicates a
powerful performance in differential diagnosis between VaD
and AD.

DISCUSSION

Many recent neuroimaging studies have focused on the use
of advanced machine learning algorithms to solve problems
in differential diagnosis, especially cases in the combination of
medical science and engineering, such as the identification of
the early stage of AD (20) and distinguishing between MCI and
AD (21).

VaD characterized by the syndrome of intellectual disability
such as hypomnesia and impairment of daily activities or
living is very similar to AD. Therefore, accurate differential
diagnosis is essential to receive timely clinical treatment that
delays the progression of disease (22), which is helpful and
required. Research on the biomarkers for differential diagnosis
between VaD and AD mainly includes biochemical, genomics,
proteomics, and neurophysiology markers such as neurofilament
light unit and neurofilament protein levels (23), the ratio
of plasma Aβ-38/-40 peptides (24), and phosphorylated tau
proteins (25). Moreover, another critical requirement for clinical
application is in the pursuit of neuroimaging biomarkers. In our
study, a machine learning model derived from an RBF SVM
classifier combined with LASSO and GA has been proposed
for the differential diagnosis between VaD and AD. To our
knowledge, this study is a unique combination of structural MRI
biomarkers and machine learning for the differentiation of VaD
vs. AD not used before.

Abrigo et al. (16) have affirmed that AccuBrain software could
accurately and reliably segment hippocampus in accordance

with the EADC-ADNI protocol so as to ensure the robustness,

reproducibility, and reliability of structural MRI measurements

such as volume, structural symmetry, and atrophy. The present
result indicates that the symmetry differences and volume

differences of hippocampus, amygdala, accumbens nucleus, and

pallidum could have potential to differentiate VaD from AD
(10, 26). We found that the involvement of brain regions is a
relevant association between the volumetric change or atrophy
identified in AD vs. VaD and that identified in AD vs. MCI (27).
Because VaD is one of the main categories of senile dementia,

TABLE 5 | The confusion matrix of SVM model in a single experiment.

Truth Recall

AD VaD

Prediction AD 48 4 0.828

VaD 10 31 0.886

Precision 0.923 0.756 0.849

the brain structure changes in the patients with VaD are similar
to those with AD, which is in accordance with our current
findings. Cuingnet et al. (28) found that the main brain area for
the differentiation between AD and healthy individuals was the
medial temporal lobe, similar to our study.

Our study indicates that the structural MRI measurements
could be considered as core biomarkers for the differentiation
of not only MCI vs. AD but also VaD vs. AD, combined
with other researches (29, 30). It is manifested that the
volumetric MRI studies of cerebral areas related with learning
and memory such as hippocampus, amygdala, and accumbens
nucleus are associated with neurodegeneration and shown to
be sensitive to dementia severity (31). The hippocampus is the
top-ranked effective indicator for differential diagnosis, which
is in agreement with a previous study on the correlation
between hippocampal volume and severity degree of dementia
(32). Tondelli et al. (33) have suggested that the structural
MRI changes occur before cognitive decline in the patients
with AD and could potentially detect the regions affected by
AD neuropathology. However, it seems possible to detect a
similar distribution of brain atrophy accompanied by cognitive
disorder caused by alternative VaD or AD. This could potentially
explain why many VaD patients were misdiagnosed as AD
subjectively by young physicians in the clinic. VaD could be easily
confused with AD, especially in the early stages (34, 35). It is
believed that the combination of such diverse structural MRI
biomarkers containing more of the information in MR scanning
contributes to an accurate differentiation between VaD and
AD, in comparison with a single biomarker. Machine learning
algorithms have been validated to overcome this obstacle. SVM
outperforms all other classification methods such as KNN, LR,
decision-making trees, and RF in small-sample research. Our
results point in the same direction, since the input measures used
are very small datasets.

In our experiment, the diagnostic performance of SVM
classifier is superior to that of the other machine learning
models. This is probably because SVM is trained based on a
convex optimization problem so as to obtain a global optimum
solution (18). Compared with RF, it is more likely to model more
functions with the kernel-based method and reach an optimal
separating structure in a small sample training set as well as
avoiding suffering from local minimummistakes and overfitting.
In addition, KNN tends to perform very well with a lot of data
points and RF is inherently suited for multiclass problems, while
SVM is intrinsically constructed for binary classification, and
the latter is more suitable to the task of this study. Compared
with LR, SVM minimizes hinge loss while LR minimizes logistic
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FIGURE 3 | Plot of coefficients-lambda obtained by LASSO.

FIGURE 4 | Model performance presentation. (A) ROC curves for different machine learning models and (B) performance comparison for SVM with linear and radial

base function (RBF) kernels on the raw and optimized datasets.

loss. This makes LR more sensitive to outliers because logistic
loss diverges quicker than hinge loss. Besides, even though the
data are distinguished sufficiently confidently, logistic loss does
not reach zero. This might give rise to minor degradation in
accuracy. The factors mentioned above support the fact that SVM
outperforms the other classifiers in our study.

Some limitations in this study should be considered. First,
our study only involved single-center data, and the small sample
set was used, especially for VaD data. Transfer learning is an
alternative method for the problem of lack of data (36). It
is regarded as the use of a pre-trained model as a feature
extractor, and then training and testing the classifier using the
features that can be derived from fine-tuning the pre-trained
model using source data. This will take the place of AccuBrain
software as feature extractor. However, one of the purposes of

the present study is to confirm that the AccuBrain software
could effectively and reliably provide volumetric measurements
of structural MRI as independent indicators, which helps to
quantify the architectural differences and facilitates computer-
aided diagnosis betweenAD andVaD. So, for this purpose, we did
not consider using transfer learning in this study. Nevertheless,
further expanding samples and launching multi-center studies in
future work, transfer learning could be the best choice. Second,
only the indicators from structural MRI are used. Next, a larger
number of datasets including multi-center data could be applied
to extend our study by combining other MRI-based biomarkers,
such as functional parameters (DTI metrics), radiomics features,
and brain connectome, which target subtler information. We
have reasons to believe that the combination of structural
MRI-based volumetric measurements and other markers would
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improve the degree to which structural features are sensitive to
differentiation between VaD and AD.
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Cognitive control is essential for flexible, top-down, goal-directed behavior. Individuals
with Internet gaming disorder (IGD) are characterized by impaired prefrontal cortex
function and cognitive control. This results in an increase in stimulus-driven habitual
behavior, particularly related to pathological gaming. In the present study, we
investigated the electroencephalographic (EEG) activity in individuals with IGD.
Twenty-four individuals with IGD and 35 healthy control (HC) subjects were recruited.
We analyzed their EEG activity while the subjects played their favorite game (30–40 min
duration). We compared the band power between the two groups. During gaming, the
left frontal theta, alpha, and beta band activities were lower in subjects with IGD than
in HCs. Moreover, the left frontal theta power negatively correlated with IGD severity.
These results indicate that left frontal theta power could be used as a neurophysiological
biomarker for the detection of diminished cognitive control patterns in individuals
with IGD.

Keywords: EEG, left frontal cortex, cognitive control, theta power, internet gaming disorder

INTRODUCTION

Internet gaming disorder (IGD) is a specific form of Internet addiction characterized by an
individual’s impaired control over Internet gaming (Kuss, 2013). As with other addictions,
individuals with IGD exhibit salience, mood modification, tolerance, withdrawal symptoms,
conflicts, and relapses (Chou and Ting, 2003). In the recent 11th Revision of the International
Classification of Diseases (ICD-11) from the World Health Organization (WHO), a gaming
disorder is defined as a pattern of gaming behavior (“digital-gaming” or “video-gaming”)
characterized by an impaired control over gaming. Increasing priority is given to gaming over
other activities to the extent that gaming takes precedence over other interests and daily activities.
The continuation or escalation of gaming persists despite the occurrence of negative consequences
(Young, 2018).

Many studies have demonstrated the neurophysiological features of IGD using
electroencephalography (EEG). Most previous studies have focused on identifying biomarkers for
subjects with IGD in the resting state. A study by Choi et al. (2013) revealed that subjects with IGD
had a lower beta band power in all regions and a higher gamma band power in the frontal regions
than those of healthy control (HC) subjects. These results were related to impulsivity. In addition,
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Lee et al. (2014) demonstrated that the absolute beta band
power in all brain regions was lower in subjects with IGD
who did not have depression, than in those with depression
and in HC subjects. The lower beta activity is correlated with
the impulsivity and dysfunctional inhibitory control in subjects
with IGD without depression. Park et al. reported that the
intra-hemispheric coherence values for the theta band between
the T4-T6 and P4-O2 electrodes were higher in subjects with
attention-deficit/hyperactivity disorder (ADHD) with comorbid
IGD than those in subjects with ADHD without comorbidity
(Park et al., 2017). They indicated that the repetitive activation
of the brain reward system during continuous gaming may have
increased the neuronal connectivity within the parieto-occipital
and temporal regions in the subjects with ADHD alone,
compared to those with comorbid IGD. These studies provided
evidence that the excessive use of Internet games results in
cognitive impairment and functional changes in the brain of
subjects with IGD.

To prevent the cognitive impairment caused by IGD, it
is necessary to monitor the cue-induced neurophysiological
responses during gaming. It is assumed that gaming may be
associated with excessive rewarding behavior that meets the
criteria of addiction. Gaming can elicit a strong motivational
state that contributes to cravings and repeated excessive or
addictive behaviors (Thalemann et al., 2007). For example, in a
study investigating pathological gambling, a significant increase
in the mean craving for gambling was found in subjects with
pathological gambling who were exposed to visual gambling
cues during the assessment period (Crockford et al., 2005). In
an IGD study on the cue-reactivity paradigm, the differences
in the cue-induced event-related potentials between excessive
computer-game players and casual players were significant
for game related-cues. However, they were not significant for
non-game related cues (Thalemann et al., 2007). Yao et al.
(2015) reported inhibition deficits during the performance of a
gaming-related Go/No-Go task in subjects with IGD compared
with HCs. However, the IGD group did not differ from the HC
group in non-gaming-related inhibitory control, as assessed by
the Stroop task.

Previous studies have demonstrated that the an addiction
cue can lead to strong motivation. This has led to studies that
have examined the differences before and after an addiction
cue. However, the aforementioned studies did not describe
the gaming cue-induced neurophysiological response during
gaming in individuals with IGD. A recent study investigated
the changes in the heart rate variability (HRV) patterns during
gaming as a potential biomarker for IGD (Hong et al., 2018;
Lee et al., 2018). Compared with HCs, subjects with IGD
exhibited an altered HRV response while playing an online
game. This indicates that the dynamics between executive
control and reward-seeking may be out of balance during
gaming in these subjects. This prompted us to initiate a
study of the cue-induced neurophysiological responses during
gaming. EEG can be used to measure the neurophysiological
responses in real time with a higher temporal resolution
than that of fMRI. In addition, EEG can be correlated
with cognitive functions and can measure the neural activity

directly, with a multidimensional signal encompassing time,
space, frequency, and power (Cohen, 2011). In this study,
we used EEG to analyze the cue-induced neurophysiological
responses during gaming.

We hypothesized that the differences in the brain functions
between individuals with and those without IGD would become
apparent during gaming. Furthermore, if the activity in specific
regions in the brain would be significantly different between
the groups, this would be a beneficial biomarker that could
be used to classify IGD. Thus, in this study, we examined
the changes in the power of the theta, alpha, and beta bands
between the resting state and the gaming state using EEG. We
compared them between individuals with and those without
IGD to determine their significance. The purpose of this study
was to clarify whether the brain activity changed during gaming
in individuals with IGD without other psychological problems
(e.g., depression and anxiety). Since previous studies have
reported a difference in motivation between the resting state
and after a game-related cue in a cue-related task in IGD, we
further investigated the difference in the brain activity while
gaming compared with that at the resting state between the
IGD and HC groups.

MATERIALS AND METHODS

Participants
We recruited 59 right-handed young males. The subjects were
examined for their Internet usage patterns and were administered
the Young’s Internet Addiction Test (YIAT) (Beard and Wolf,
2001; Young, 2011). Subjects who used the Internet primarily
for gaming and whose YIAT scores were more than 50, were
classified as the IGD group (n = 24, mean age = 23.3± 2.3 years).
They were confirmed to have IGD by a psychiatrist according
to the IGD diagnostic criteria of the DSM Fifth Edition (Petry
and O’Brien, 2013). Subjects who scored below 50 on the YIAT
were classified as HCs (n = 35, mean age = 23.2 ± 2.5 years).
All subjects in this study frequently played “League of Legends
(LOL),” (Riot Games, Los Angeles, CA, United States, 2009).
This is the most popular multiplayer online battle arena game
in Korea (Nuyens et al., 2016, Statista, 2018). To control for
differences in skill between the IGD group and the HC group,
we included only those who were ranked above the silver tier.
There were six tiers in this game, bronze, silver, gold, platinum,
diamond and challenger.

All subjects completed several self-reporting questionnaires
assessing comorbid psychiatric symptoms of IGD (Kim et al.,
2016). The following self-reporting questionnaires were used:

1. The Beck Depression Inventory to test for depression
(Beck et al., 1961).

2. The Beck Anxiety Inventory to test for anxiety
(Beck et al., 1988).

3. The Barratt Impulsiveness Scale, version 11 to evaluate
impulsivity (Patton et al., 1995).

4. The Alcohol Use Disorders Identification Test to identify
alcohol-related problems (Reinert and Allen, 2002).
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5. The Wender Utah Rating Scale to evaluate for symptoms
of ADHD (Ward et al., 1993).

Task and Procedure
Resting-state EEG (PRE) was recorded with the participants in
a comfortable sitting position with their eyes open for 5 min
(Figure 1). Each subject then played the online game LOL
three times, (periods GAME1, GAME2, and GAME3) with
5 min of rest between gaming periods. Following the gaming,
resting-state EEG was again recorded for 5 min (POST). The
Institutional Review Board approved the protocol for this study
(HYI-16-044), and all subjects provided signed informed consent
before participating.

EEG Data Acquisition and
Pre-processing
EEG data were acquired using a Waveguard 64 EEG
sensor-cap (CA-105, ANT-Neuro, Enscheda, Netherlands).
The signals were sampled at a frequency of 1024 Hz and
we used the active G1/G2 ground reference (BRAINBOX
EEG-1166 system, Braintronics, Almere, Netherlands) for
the ground and reference (G1: FPz, G2: AFz). As a reference,
a single channel with bipolar electrodes was attached to
the mastoids. Possible line noise artifacts were removed
from the data with a notch filter at 60 Hz in the central
frequency, IIR notch filter in filter type, and 9.9 Hz in
bandwidth. The impedance of each electrode was maintained
below 10 kiloohms.

Artifact removal was performed using the EEGLAB
toolbox (Version 14.1.1b, Swartz Center for Computational
Neuroscience) in Matlab (Version R2016b, The MathWorks,
Inc., Natick, MA, United States) (Delorme and Makeig,
2004). Data were filtered using the EEGLAB filter function
pop_eegfiltnew; high pass, 1 Hz; low pass, 30 Hz. The filtering
option in EEGLAB uses linear finite impulse response (FIR)
filtering with a second-order Hamming window. It was applied
to the EEG signals to eliminate the noise from the subjects’
movement, breathing, and muscle electrical activity. After
artifact removal, the signals were re-referenced with a common
average of potentials at 61 electrodes, except for the ground
and reference electrodes, by applying the pop reref algorithm.
After the application of the common average re-reference
(CAR) method, independent component analysis (ICA) was
performed by applying the pop runica algorithm. After the ICA
analysis, to remove the eye-blink noise, we removed components
with a large weight (typically 1 and 2 components) in Fp1
and Fp2 while having an eye-blink pattern. A time-frequency
representation was generated by a Morlet wavelet transform

with a wavelet length of three cycles, a window size of 3000 ms,
and a shift time of 100 ms (Akin, 2002). Four frequency bands
were integrated: delta (1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz),
and beta (13–30 Hz). We focused on the theta, alpha, and beta
bands in this study.

EEG Analysis
A percentage value was used to normalize the individuals’
baseline, because the absolute amplitude of EEG oscillations is as
dependent on skull conductivity and geometry as it is on neuronal
dynamics. The change in the EEG power during the task was
calculated as a relative change in the average EEG power between
the gaming task and baseline, as follows:

Percentage value = (Power(Task)− Power(BaselinePRE))

∗
100

Power(BaselinePRE)

As shown in Figure 2, we divided the activity at 61 sites into
13 regions by averaging within each region (according to the
international 10-10 system): prefrontal (FP1, FP2), left frontal
(F7, F3, AF7, AF3, F5), frontal (Fz, F1, F2), right frontal (F4,
F8, AF4, AF8, F6), left central (FC5, C3, CP5, FC3, C5, CP3),
central (FC1, FC2, Cz, CP1, CP2, FCz, C1, C2, CPz), right central
(FC6, C4, CP6, FC4, C6, CP4), left temporal (T7, FT7, TP7), right
temporal (T8, FT8, TP8), left parietal (P7, P3, P5, PO5, PO3,
PO7), parietal (Pz, P1, P2), right parietal (P4, P8, P6, PO4, PO6,
PO8), and occipital (POz, O1, Oz, O2).

Statistical Analysis
Independent-sample t-tests were performed to compare the
demographic, clinical, and behavioral variables between the two
groups. The differences in the EEG data were analyzed by means
of a mixed-model analysis of variance (mixed ANOVA). To
evaluate the between-group differences in the EEG percentage
values in the theta, alpha, and beta bands in 13 ROIs, we
used the gaming period (during gaming sessions 1-3 and post)
as the within-subjects factor, and the group (IGD or HC
group) as the between-subjects factor. Post hoc comparisons
were applied to determine whether the differences between
the groups (independent t-tests) and between certain periods
(paired t-tests) were statistically significant. To avoid multiple
comparison problems including three bands and 13 ROIs, a
false discovery rate (FDR) correction algorithm was applied to
the p-values (Groppe et al., 2011). We used an alpha value
of 0.05 (2-tailed significance) and an FDR value of 0.2 for
the statistics that corresponded to a control of the maximum
proportion of false positives among the rejected null hypotheses
of <20% (Genovese et al., 2002). The p-values as well as corrected

FIGURE 1 | Experimental protocol for recording scalp EEG signals.
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FIGURE 2 | Representation of the 13 regions from 61 electrodes in the analyses.

p-values were included as part of the results. In addition, to
determining the relationship between the EEG percentage value
in each band and the severity of IGD, we conducted Pearson’s
correlation analysis between the left frontal percentage value
and the YIAT score for each band. All statistical analyses
were performed using SPSS software (version 21; IBM, Inc.,
NY, United States).

RESULTS

Demographics, Clinical Characteristics,
and Behavioral Results of the Subjects
The demographics, clinical characteristics, and behavioral results
of the subjects are presented in Table 1. The groups did not differ
in age or IQ. The subjects in the IGD group scored significantly
higher in the tests for severity of the online game-related
problems (YIAT: t = 12.088, p < 0.001; K-scale: t = 5.500,
p < 0.001).

The two groups did not differ significantly in self-reported
depression, anxiety, alcohol-related problems, and ADHD
symptoms. However, the subjects in the IGD group scored
significantly higher than those in the HC group in the tests for
impulsivity (BIS: t = 3.352, p < 0.005). The gaming time during

the experiment was approximately 30 min, and there was no
difference between the two groups.

EEG Activity
Figure 3 displays the scalp topographies of the theta, alpha,
and beta bands for the IGD and HC groups. For all bands
analyzed by the mixed-model ANOVA, the main effect of the
group was found to differ significantly between the groups
(Figure 4). The data satisfied both normality and homogeneity
of variance. In the theta band, left frontal: F(1,57) = 12.713,
p = 0.001, corrected p = 0.039, effect size = 0.182; frontal:
F(1,57) = 4.701, p = 0.034, corrected p = 0.165, effect size = 0.076;
left central: F(1,57) = 8.707, p = 0.005, corrected p = 0.065,
effect size = 0.133; central: F(1,57) = 6.610, p = 0.013, corrected
p = 0.126, effect size = 0.104; right central: F(1,57) = 6.619,
p = 0.013, corrected p = 0.101, effect size = 0.104; left temporal:
F(1,57) = 5.318, p = 0.025, corrected p = 0.162, effect size = 0.085
(effect size as partial eta-squared). In the alpha band, left
frontal: F(1,57) = 4.614, p = 0.036, corrected p = 0.156, effect
size = 0.075. In the beta band, left frontal: F(1,57) = 10.702,
p = 0.002, corrected p = 0.039, effect size = 0.158; left temporal:
F(1,57) = 4.598, p = 0.036, corrected p = 0.1404, effect size = 0.078;
left central: F(1,57) = 4.834, p = 0.032, corrected p = 0.178, effect
size = 0.075 (mixed ANOVA; p value <0.05, FDR correction;
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TABLE 1 | Demographics, clinical characteristics, and behavioral results
of the subjects.

Variables Internet gaming
disorder group

(N = 24)

Healthy
control group

(N = 35)

t p-value

Demographic data

Age (years) 23.08 (2.71) 23.20 (2.47) −0.172 0.864

FSIQ 110.79 (15.36) 113.45 (11.22) −0.770 0.444

Clinical data

YIAT 63.28 (9.87) 34.28 (8.63) 12.088 < 0.001

K-scale 86.04 (17.48) 62.14 (15.07) 5.500 < 0.001

BDI 8.95 (7.93) 7.45 (5.08) 0.886 0.379

BAI 5.04 (4.72) 5.17 (5.50) 0.118 0.907

BIS 54.76 (8.55) 48.80 (6.13) 3.352 < 0.005

AUDIT 11.52 (7.51) 9.51 (5.40) 1.112 0.271

WURS 24.70 (16.13) 23.85 (13.71) 0.218 0.828

Gaming time

GAME1 31.50 (7.18) 29.65 (8.39) 0.877 0.384

GAME2 32.91 (10.74) 29.94 (7.22) 1.273 0.208

GAME3 29.29 (7.36) 30.42 (8.88) −0.517 0.607

Time spent gaming 26.63 (24.39) 18.84 (15.64) 1.382 0.134
per week, hours

Data are presented as the mean (SD). FSIQ, full scale intelligence quotient; BDI,
beck depression inventory; BAI, beck anxiety inventory; BIS, Barratt Impulsiveness
Scale; AUDIT, alcohol use disorder identification test; WURS, Wender Utah Rating
Scale for ADHD. Independent-sample t-tests were used.

corrected p value <0.2). The percentage values for all measured
bands were lower in the IGD group than those in the HC
group. For all bands, the left frontal region differed significantly
between the groups.

We also found significant main effects for the period for
all bands. The theta band differed significantly in 12 regions
(every region except the prefrontal region). The alpha band
differed significantly in all 13 regions and the beta band differed
significantly in 10 regions (all but the left parietal, right parietal,
and occipital regions). The interactions between the groups and
the period were not statistically significant in any region.

Correlation Analyses
To investigate whether the activity in the left frontal region could
be a biomarker for IGD, we analyzed the relationship between
the YIAT score and the power of each band in the left frontal
region. We found significant negative correlations between the
YIAT score and percentage value in the left frontal region in
the theta, alpha, and beta bands in several periods. In the theta
band, GAME1: r = −0.353, p = 0.006; GAME2: r = −0.328,
p = 0.011; GAME3: r = −0.305, p = 0.018; POST: r = −0.279,
p = 0.032 (Figure 5). In the alpha band, GAME1: r = −0.264,
p = 0.043; GAME2: r = −0.259, p = 0.047. In the beta band,
GAME1: r =−0.257, p = 0.049; GAME2: r =−0.263, p = 0.044.

DISCUSSION AND CONCLUSION

We investigated the differences in the EEG response patterns
in the theta, alpha, and beta bands between the HC and IGD

groups during the gaming periods. We recruited individuals
with IGD who exhibited only impulsivity, without other
accompanying mental illnesses (depression, anxiety, alcohol use
disorder [AUD], or ADHD). This is the first study to acquire
real-time scalp EEG signals and analyzed longitudinal data
during playing the online game LOL, the subjects’ primary game.
The subjects with IGD had significantly lower theta, alpha,
and beta band powers in the left frontal region than those
of the HCs during gaming. The association between impaired
cognitive control and IGD during gaming is represented by
the lower frontal theta activity. This is associated with less
cognitive control, whereas the lower frontal alpha activity
suggests a lower load on the working memory. It is likely
that validation and application of meaningful clinical indicators
for IGD diagnosis and treatment will be possible through the
addiction-related features of individuals with IGD that appear
during gaming. In addition, the left frontal theta activity,
which correlates with the severity of addiction, is likely to
be used to discriminate individuals with IGD during gaming
in real-time.

The frontal theta activity has been shown to be related to
cognitive control (Brand et al., 2014; Cavanagh and Frank,
2014). Cognitive control is an executive function in the control
system that allows us to regulate our behavior so that it
is planned, goal-oriented, flexible, and effective (Shallice and
Burgess, 1996; Jurado and Rosselli, 2007; Anderson et al., 2008).
IGD is associated with impaired cognitive control, characterized
as a behavioral addiction or impulse-control disorder (Dong
et al., 2011, 2012, 2013). Additionally, increased alpha activity
is related to the load on the working memory (Gundel and
Wilson, 1992; Gevins et al., 1997; Klimesch, 2012). Katahira et al.
(2018) suggested that the amplitudes of frontal theta and alpha
activity were significantly smaller under conditions of boredom
(accuracy 99.7%) than under flow conditions (accuracy 54.4%).
Our results indicate that lower frontal theta activity can be
interpreted as decreased cognitive control, while lower frontal
alpha activity can be interpreted as a lower working memory load
condition. Furthermore, it is assumed that the individuals with
IGD are gaming under boredom conditions, characterized by
lower frontal activity of both theta and alpha waves. The reduced
frontal beta power in individuals with IGD is associated with
impaired inhibitory control and reward feedback (Choi et al.,
2013; Lee et al., 2014; HajiHosseini and Holroyd, 2015).

The left region of the brain is related to analytical and strategic
thinking, and the LOL game requires strategic thinking. In this
study, the HC group showed higher left frontal theta power than
those in the IGD group during LOL gaming. In other words,
based on the left frontal theta activity, it seems that the HC
subjects performed the LOL game with more strategic thinking
than individuals with IGD.

Imaging studies on addictive behavior have identified the key
role of the prefrontal cortex (PFC), both through its regulation
of the limbic reward regions and its involvement in higher-order
executive functions (Goldstein and Volkow, 2011). PFC
dysfunction is associated with activation of the limbic system,
which results in addictive behavior (Crews and Boettiger, 2009).
In other words, impaired executive functions contribute to
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FIGURE 3 | Topographical maps of the percentage values in the (A) theta, (B) alpha, and (C) beta bands in the healthy control (HC) subjects and those with Internet
gaming disorder (IGD) during different periods (PRE, GAME1, GAME2, GAME3, and POST). Red represents a higher value, while blue represents a lower value. The
IGD group demonstrated reduced percentage values in the theta, alpha, and beta bands compared to those in the HC group. Scales display% for percentage power.

an imbalance between the frontal cortical functions and a
hyperactive limbic system that drives impulsive behavior
(Bechara, 2005). Lee et al. reported that weaker dorsolateral
prefrontal activation is correlated with higher cognitive
impulsivity in IGD. The accuracy of the Stroop task was lower
in the addiction group than in the normal group (Lee et al.,
2015). Koepp et al. (1998) reported that the frontal striatal and
limbic brain regions involved in the dopamine mesolimbic
pathway are associated with the urge to play games and the
reward mechanism.

In terms of reinforcement learning in a gaming environment,
the player recognizes the current state and selects actions
that maximize reward among the selectable actions (Montague,
1999). A feature of reinforcement learning is that when a
player selects an action, the environment changes by his/her
reactions to it. In the LOL game, it is difficult for a player to
know what another player is thinking. There are those who
strive to think strategically and obtain information based on
the characteristics of the LOL game; however, there are also
those who seek only immediate rewards. Players who only
pursue immediate rewards are reward-seeking, and this can
easily lead to addiction. In the brain, goal-directed control
predicts a future situation based on the given information,
establishes a strategy to achieve the goal, and acts as

planned. In contrast, stimulus-driven control is not based on
the given information and the participant responds to the
situation without strategy or planning (Corbetta and Shulman,
2002). Repetitive stimulus-driven control results in individuals
losing control over their gaming behavior with a loss of
control over gaming.

This study has several limitations. First, as the scalp EEG
was recorded during real-time online gaming, it is possible that
there was noise in the EEG signals due to physical movements
(i.e., wrist movement, neck motion). To reduce this effect, we
instructed subjects not to engage in activities unrelated to gaming.
Additionally, various filters were used to remove the noise from
the data in the analytic processes. Future studies should consider
additional biological signals that can reflect the subject’s physical
condition (i.e., EMG, PPG), which can be effective tools for
establishing objective indicators during gaming. In addition,
only male subjects were included in this study, which is the
reason that generalization of the results of the current study
may be limited. Finally, the changes in the scalp EEG signals
in response to specific game events were not evaluated in this
study. Future studies, including an analysis of the behavioral
characteristics of individuals with IGD during specific game
events and their accompanying scalp EEG signal responses, may
expand on our present study.
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FIGURE 4 | The bar graph represents the results of mixed ANOVA for the 13 regions in the (A) theta, (B) alpha, and (C) beta bands. The X-axis represents the
period (GAME1, GAME2, GAME3, and POST) and Y-axis represents percentage values for the 13 regions (light gray: HC, dark gray: IGD). The bar graph is located
upward at percentage values greater than 0 and downward at percentage values less than zero. The red box indicates a region with a significant difference for the
group effect (mixed ANOVA; p < 0.05, FDR correction; corrected p < 0.2). The post hoc results from the independent t-tests between the groups are shown as
asterisks (∗). Error bars indicate standard error. ∗p < 0.05.
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FIGURE 5 | Correlation analyses between the YIAT score and the percentage value in the left frontal region in all subjects in the (A) theta, (B) alpha, and (C) beta
bands. The red boxes indicate statistical significance (p < 0.05), indicating periods with a weak correlation between the YIAT score and percentage value in the left
frontal region. Significant negative correlations were observed in all periods for the theta band, during GAME1 and GAME2 periods for the alpha band, and during
GAME1 and GAME2 periods for the beta band. ∗p < 0.05.

There are several strengths associated with this study. First, to
the best of our knowledge, this is the first study to compare EEG
activity recorded in individuals with IGD and HC subjects during
gaming. Most previous studies reported EEG activity measured in
the resting state, but we concluded that it is important to observe
the reaction of participants to gaming cues in order to understand
the addiction (Choi et al., 2013; Lee et al., 2014; Park et al., 2017).
In addition, we made considerable efforts to recruit subjects
who only exhibited impulsivity, in order to control for other
factors. Almost all previous studies conducted in patients with
IGD included subjects who had comorbid disorders (depression,
anxiety, AUD, and ADHD).

In summary, based on the findings reported here we conclude
that an association exists between impaired cognitive control
and IGD during gaming. Our data demonstrated that individuals
with IGD had significantly lower theta, alpha, and beta power
in the left frontal region than that of the HCs while gaming.
The collective data on theta, alpha, and beta activity suggest
that the low theta and alpha activity indicated a boredom
state, while the low beta activity reflected impulsivity and
impaired inhibitory control during gaming. In addition, the
degree of left frontal theta power suppression was found
to be correlated with the severity of IGD during gaming.
These findings suggest that reduced percentage values for the
responses in the theta, alpha, and beta bands in the left frontal

region during gaming have the potential to be neurobiological
markers for IGD.
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Deep convolutional neural networks (DCNNs) have achieved great success for image
classification in medical research. Deep learning with brain imaging is the imaging
method of choice for the diagnosis and prediction of Alzheimer’s disease (AD). However,
it is also well known that DCNNs are “black boxes” owing to their low interpretability
to humans. The lack of transparency of deep learning compromises its application
to the prediction and mechanism investigation in AD. To overcome this limitation, we
develop a novel general framework that integrates deep leaning, feature selection,
causal inference, and genetic-imaging data analysis for predicting and understanding
AD. The proposed algorithm not only improves the prediction accuracy but also identifies
the brain regions underlying the development of AD and causal paths from genetic
variants to AD via image mediation. The proposed algorithm is applied to the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) dataset with diffusion tensor imaging (DTI) in
151 subjects (51 AD and 100 non-AD) who were measured at four time points of
baseline, 6 months, 12 months, and 24 months. The algorithm identified brain regions
underlying AD consisting of the temporal lobes (including the hippocampus) and the
ventricular system.

Keywords: Alzheimer’s disease, diffusion tensor imaging images, deep learning, causal inference, feature
selection, genetic-imaging data analysis

INTRODUCTION

Alzheimer’s disease (AD) causes progressive brain atrophy and memory loss, is a progressive,
irreversible degenerative disease of the brain, and is the most common neurodegenerative disease
in the world (Struyfs et al., 2015; Zhuang et al., 2017; Liu et al., 2018a,b). AD is an increasingly
prevalent disease affecting an estimated 5.4 million Americans and more than 30 million people in
the world. It is estimated that these numbers will be tripled by 2050. AD is the sixth leading cause
of death in the United States (Alzheimer’s Association, 2016; Leandrou et al., 2018).

Diagnosis and prediction of AD via clinical and psychometric assessments are challenging
(Leandrou et al., 2018). The AD patients cannot obtain early and accurate diagnosis through
clinical dementia rating and cognitive tests. A final diagnosis of AD is confirmed by histological
examination at postmortem biopsy. However, the histological examination of the brain for the
living patients is infeasible. Individually varying brain structure, function, and pathological effects
can be measured by images. Therefore, imaging plays an important role in improving diagnosis
and prediction of AD. According to the recommendation by the National Institute of Neurological
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and Communicative Disorders and Stroke–AD and Related
Disorders Association (NINCDS-ADRDA) Work Group, the
clinical classification of AD should explore the image markers:
magnetic resonance imaging (MRI), diffusion tensor imaging
(DTI), positron emission tomography (PET), amyloid-PET, tau-
PET, and abnormal neuronal cerebrospinal fluid (CSF) markers
(tau and/or Aβ) (Dubois et al., 2007; Leandrou et al., 2018;
Liu et al., 2018a,b).

As the size of the imaging datasets increases, manual analysis
of imaging data is tedious and time-consuming. Computer-
aided diagnosis (CAD) of AD that combines computational
models and analytical tools for high-dimensional imaging data
analysis is emerging as one of the major tools for diagnosis
and prediction of AD (Dimitriadis et al., 2018; Leandrou et al.,
2018). The widely used machine learning (ML) methods in
CAD include discriminant analysis (DA), logistic regression (LR),
random forest, neural networks, and support vector machine
(SVM) (Lorenzi et al., 2017; Sarica et al., 2017; Dimitriadis et al.,
2018; Leandrou et al., 2018). Deep learning, a rapidly resurging
subfield of ML, outperforms many classical ML approaches and is
emerging as a major analytic platform in ML (Esteva et al., 2019).
Deep learning with massive amounts of computational power
has produced a revolution in driverless cars, speech recognition,
and imaging analysis (Waldrop, 2019) and demonstrated great
potential for the diagnosis and predictive power in tuberculosis
(Heo et al., 2019), cancer (Esteva et al., 2017; Haenssle et al., 2018;
Ghatwary et al., 2019; Ladefoged et al., 2019), diabetic retinopathy
(Gulshan et al., 2016), chronic kidney disease (Ravizza et al.,
2019), AD (Payan and Montana, 2015; Hosseini-Asl et al., 2016;
Sarraf and Tofighi, 2016; Ju et al., 2017; Ding et al., 2018; Wada
et al., 2018; Spasov et al., 2019), and conversion from mild
cognitive impairment (MCI) to AD (Choi et al., 2018; Spasov
et al., 2019). There is a growing interest in the application of deep
learning to health care and medicine.

Despite its great progresses in computer vision, natural
language processing, control, decision making, diagnosis, and
early detection of complex diseases, deep leaning is also well
known as a “black box” owing to its low interpretability to
humans and still has a serious opacity problem (Waldrop,
2019). Overcoming the limitation of the lack of transparency
and interpretation remains a great challenge for deep learning
(Dubois et al., 2007). In this paper, we develop a novel general
framework that integrates deep leaning and causal inference
for image classification. The new framework for image analysis
consists of two stages: (1) develop convolutional neural networks
(CNN) to classify AD status on the basis of DTI and use of
occlusion map to find image regions that are most distinctive for
disease status and (2) the use of state-of-the-art causal inference
tools to determine if the selected image regions are causal for AD.

Brain anatomy, structural connectivity, and physical
connection between brain regions that are characterized
through water molecular diffusing within white matter
tracts can be measured by DTI. The imaging signals provide
intermediate endophenotypes. Genetic variants will influence
brain microstructure, function, and disease development.
Understanding the role that genetics has in imaging and disease
variation is key to understanding the causal chain of complex

diseases (Jahanshad et al., 2013; Bycroft et al., 2018; Elliott et al.,
2018). Therefore, to further cover the genetic bases of brain
structures and function, and mechanism of AD, a joint analysis
of the genetic brain images and AD will be carried out. We will
assess both association and causal relationships among genetic
variants, brain regions, and AD.

MATERIALS AND METHODS

Materials
The DTI images used in this study are downloaded from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI); the size
of each image was 91 × 109 × 91. ADNI is a longitudinal
multicenter study designed to develop clinical, imaging, genetic,
and biomedical biomarkers for the early detection and tracking
of AD1 (Alzheimer’s Disease Neuroimaging Initiative, 2019). DTI
images were recorded for every participant from different time
points in which they joined the research study. The diagnostic
results were normal control (NC), MCI, and AD. In this study,
DTI images of 151 individuals from NCs (100 images) and AD
(51 images) groups were chosen from four different diagnostic
time points: baseline, 6 months, 12 months, and 24 months.

Image Preprocessing
To make sure that all the images for this analysis are comparable,
we register all the DTI image data for every subject at every time
point to the common template, which can be downloaded from
the McConnell Brain Imaging Centre2. We utilized a strategy
of combination of linear and non-linear registration algorithm
to map each individual DTI data to the common template.
During the linear image registration procedure, we first map the
image data to the common template to make sure all the images
are within the standard brain region by using FLIRT (FMRIB’s
Linear Image Registration Tool) from FSL (FMRIB software
library) image analysis suite3. Then we further applied non-linear
registration algorithm, which is implemented in RNiftyReg to
map the image details within the standard brain. The linear image
registration process helps us restrain each individual DTI image
to a standard template, and the non-linear image registration
helps us to make sure that the registered image maintains the
structures details as the original data.

Genetic Data Preprocessing
We performed quality control (QC) in both individual level and
single-nucleotide polymorphism (SNP) level QC in the plink
binary format. For the individual level QC, the following steps
were applied to the data:

1. Individuals with discordant gender information were
removed from the data.

2. Individuals with missing rate >10% were
removed from the data.

1http://adni.loni.usc.edu/about/#core-container
2http://www.bic.mni.mcgill.ca/ServicesAtlases/ICBM152NLin2009
3http://www.fmrib.ox.ac.uk/fsl/
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3. Individuals with heterozygosity rate of more than
three standard deviations from the mean were
excluded from the data.

4. Individuals with identity by descent (IBD) > 0.185 were
excluded from the data.

After the individual level QC was conducted, the following
steps for SNP level QC were further applied to the data:

1. SNPs with missing genotype rate >10% were excluded
from the data being analyzed.

2. SNPs with P-value for Hardy–Weinberg equilibrium
(HWE) test <1E-6 were excluded from the data.

3. SNPs without polymorphism were removed from the data.

Then pre-imputation QC tool from McCarthy Groups was
further applied to check the data against 1000G reference data.
The imputation of the genetic data was conducted under the
SHAPEIT+ IMPUTE2 framework in the internal computational
clusters. The 1000G reference data were used as the reference
panel for imputation. After the imputation, the SNP level
QC steps were applied again to the data to produce the
final genetic data for analysis. Finally, a total of 1,589,061
common SNPs in 36,480 genes genotyped in 151 individuals were
included in analysis.

Architecture of Convolutional Neural
Network
The CNN model Visual Geometry Group (VGG) that won the
first and second places in the localization and classification tracks,
respectively, in the ImageNet Challenge 2014 was chosen for
image classification and prediction (Simonyan and Zisserman,
2014). To improve the classification accuracy, the VGG utilized
smaller receptive window size and increased the depth of the
network. Furthermore, to prevent overfitting and improve the
image region recognition ability of the networks, global average
pooling (GAP) layer was used as a structure regularizer and
localizer in the model to identify the complete extent of the
object and exactly which regions of an image are being used for
classification (Zhou et al., 2016).

As is shown in Figure 1, the network contained five max
pooling layers, followed with a GAP layer before a fully connected
softmax layer with two nodes.

Three-dimensional (3D) whole brain images with
109 × 91 × 91 size were input into CNN. DTI measures
microscopic random motion of water molecules, which uncovers
the orientation of surrounding tissues, and provides tract
information on brain structure. Convolution of an image with
different filters can perform operations that capture various types
of features and directional information of DTI images and can
preserve tract of DTI and the relationship between pixels. 3D
CNNs (3D-CNN) with five convolutional layers and three fully
connected layers were used for AD prediction. A 3D filter was
applied to the dataset, and the filter moves in three directions
(X, Y, Z) to calculate the low-level feature representations.
Specifically, 3D filters were arranged as in Table 1.

To overcome the small sample size limitation of medical
images, image augmentation techniques were used (Aderghal

FIGURE 1 | VGG-GAP model architecture. The CNNs in the model included
five max pooling layers and one GAP layer before fully connected layer. VGG,
Visual Geometry Group; GAP, global average pooling; CNN, convolutional
neural network.

et al., 2017). The first technique we applied was Gaussian filters
to blur the image to mimic the possible variations in the original
images. A filter size of 3 × 3, 5× 5, and 7× 7 were used
with spread parameters of 0.7, 0.7, and 0.6, respectively. The
second augmentation technique we used was translation, where
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TABLE 1 | 3D filters in five convolutional layers.

Conv layer Filter size Stride in (X, Y)
direction

Stride in Z
direction

Conv 1 11 × 11 × 11 4 4

Conv 2 5 × 5 × 5 1 1

Conv 3 3 × 3 × 3 1 1

Conv 4 3 × 3 × 3 1 1

Conv 5 3 × 3 × 3 1 1

3D, three-dimensional.

we shifted the images by ±1 pixel in each dimension. This
imitates the possible variations in registration process where the
images were aligned with the template. Finally yet importantly,
the images were flipped horizontally because some regions of
the brain (e.g., the hippocampus) are symmetrical to enlarge our
sample size. To balance the data, we randomly duplicated some
images from the under-sampled category. Data augmentation
and class balancing produced over 20 times more data than the
original dataset.

The model was trained in the Texas Advanced Computing
Center (TACC) Maverick2 with NVIDIA GTX 1080 Ti GPUs.

Deep Feature Selection for Diffusion
Tensor Imaging Images
Prediction difference analysis for visualizing the response of
CNN to a specific input was used to select features for DTI
image classification (Zintgraf et al., 2017). Specifically, prediction
difference analysis estimates the importance of input pixels by
calculating the effect of removing information from the imaging
on the class prediction precision (Zeiler and Fergus, 2014).

A sliding window (patch) of 3 × 3 × 3 was applied to each
image. The imaging signals contained in the sliding window
were taken as a feature. Each one 3 × 3 × 3 patch was
replaced by randomly sampled values from multivariate normal
distributions. The resulting new image where the imaging feature
(information) was removed was input into a previously trained
CNN model to obtain probability p1 for predicting AD. Let p0
be the probability of predicting AD using the original images
[without removing the feature (information)]. The relative
importance of the feature was evaluated by Zintgraf et al. (2017).

d = log

( p0
1−p0
p1

1−p1

)
(1)

The sliding window moved across the entire image and a
relevance matrix, W of the same size as the whole image was
generated, which reflected the relevance importance of all image
pixels. A positive value indicated that the pixel contributed
evidence for the classification of AD, whereas a negative value
showed that the pixel contributed against the classification of AD.
For details, please see Zintgraf et al. (2017).

Conditional Generative Adversarial
Network and Classifier Two-Sample
Tests for Causal Discovery
Three-dimensional functional principal component (FPC) scores
were used to summarize the imaging signal information of the
brain region (Xiong, 2018). Similarly, 1D FPCs can be used
to summarize genetic information in the gene. Conditional
generative adversarial networks (CGANs) will be used to discover
causal relationships between the brain neuroimaging region and
AD and causal relationships between the brain neuroimaging
region and gene as well (Goodfellow et al., 2014; Lopez-Paz and
Oquab, 2017) (Figure 2). Specifically, consider two variables X
and Y, which can be binary disease status or continuous FPCs
summarizing imaging signals in the brain region or genetic
variation in the gene. If X causes Y, denoted by X → Y, then
we have

Y = fY (X, NY ),

where fY is a non-linear function and realized by CGAN where
a neural network is used to approximate the non-linear function
fY (X, NY ), and NY is a noise random variable and is independent
of cause X. Similarly, if Y causes X(Y→X), then we have

X = fX(X, NX),

where fX is a non-linear function and NX is a noise random
variable and is independent of cause Y. Assume that n
subjects are sampled.

We define dataset Dw = {ui, vi, i = 1, ... , n}. We assign label 0 to
dataset Du = {ui, i = 1, ... , n} and 1 to dataset Dv = {vi, i = 1, ... , n}.
Let P be the distribution of ui, i = 1, ... , n and Q be the distribution
of vi, i = 1, ... , n. We use the K nearest neighbor (KNN) as a
binary classifier to classify two datasets and define the test statistic
t as the classification accuracy to test the null hypothesis of equal
distributions of two datasets P = Q. Let z be a random variable.

The procedures for bivariate causal discovery using CGAN are
summarized as follows (Lopez-Paz and Oquab, 2017):

1. Use a CGAN from X→Y to generate the dataset DX → Y =
{ (xi,ŷi = fy (xi,zi)), i = 1,. . . ,n}.

2. Use a CGAN from Y→X to generate the dataset DY→ X =
{ (x̂i = fX (yi,zi),yi), i = 1,. . . ,n}.

3. Divide the total samples into training samples
and test samples.

4. Classify two datasets :Du =Dy = {yi, i = 1, ... , n} versusDv =
DX → Y = { ŷi, i= 1,. . . ,n} and calculate the two-sample
statistic t̂X→ Y .

5. Classify two datasets:Du =Dx = {xi, i = 1, ... , n} versusDv =
DY → X = { x̂i, i= 1,. . . ,n} and calculate the two-sample
statistic t̂Y→ X .

6. Calculate the test statistic T = t̂X→Y −t̂Y→X . Under
the null hypothesis of no causal relationship or test
inconclusive, the statistic T is asymptotically distributed as
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FIGURE 2 | Workflow of causal inference using CGAN and a classifier two-sample test. CGAN, conditional generative adversarial network. (A) A visual explanation of
CGAN and (B) the complete workflow of causal discovery.

TABLE 2 | AD prediction accuracy on fivefold cross validation.

Model development
time point

Prediction time point

Baseline 6 months 12 months 24 months

Baseline 0.8675 0.9123 0.8864 0.7967

6 months 0.8452 0.8963 0.7791

12 months 0.8335 0.7813

24 months 0.7643

AD, Alzheimer’s disease.

N(0,σ2), where σ2
=

0.5
ntest
− 2cov(t̂X→Y , t̂Y→X) and ntest is the

number of subjects in the test set.
Association is defined as measuring the dependence or

correlation between two variables and to use these dependencies
for prediction that is not dealing with causal problems. Almost
all currently used statistical methods in imaging genetics [such
as sparse canonical correlation analysis (SCCA), sparse reduced
rank regression (SRRR), and parallel independent component
analysis (ICA)] are association analysis methods. These methods
can detect association between genetic variation and imaging
signals. It is well known that correlation or association analysis
does not imply causation. The signals identified by association
analysis may not have specific pathological relevance to diseases.
Association signals provide limited information on the causal
mechanism of diseases. Most genetic and imaging analysis
questions to uncover the mechanism of the disease are causal in
nature. Causation analysis is essential to the genetic analysis of
complex phenotypes yet ignored for a long time.

Distinguishing causation from association is an age-
old problem. Intuitively, causation implies that changes in

one variable will directly make changes in the other. The
essential distinction between association and causation relies
on what the response will be if we intervene in the system
(Lattimore and Ongv, 2018).

There are two types of causal inference: interventional causal
inference and observational causal inference. Interventional
causal inference learns the effect of taking an action directly
via experiments, for example, randomized controlled trials.
Interventional experiments are a gold standard for causal
inference. However, because in human genetics we cannot
change the genetic materials of human subjects, experimental
interventions are unethical and infeasible. Therefore, it is
essential to develop statistical methods and algorithms to predict
the outcomes of an intervention from passive observation.

The additive noise models (ANMs) assume one causal
direction X → Y but no reversible causal direction Y → X.
Causation is asymmetric. However, the association of X and Y
can be (1) X → Y, (2) Y → X, and (3) X → Y, Y→ X.
Association is symmetric.

Additive noise models are based on the independence of
cause and mechanism (ICM) principle. ICM assumes that causes
and mechanisms are chosen independently by nature, which is
a recently proposed principle for causal reasoning and causal
learning (Peters et al., 2017). ICM assumes that the mechanism
that generates effect from its cause contains no information
about the cause, which implies that X and NY in the ANMs are
independent. However, X and NY in the non-linear regression
model Y = fY (X, NY ) may be dependent.

In summary, association is studied by observed conditional
distribution, and causation is investigated by interventional
distribution where causal effect is determined by the effect of
hypothetic manipulation of an input on an output. In other
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TABLE 3 | Average sensitivity and specificity over fivefold cross validation.

Model development time point Prediction time point

Baseline 6 months 12 months 24 months

Baseline (0.6873, 0.9600) (0.8073, 0.9700) (0.7524, 0.9717) (0.6465, 0.9313)

6 months (0.6364, 0.9600) (0.7778, 0.9717) (0.5977, 0.9417)

12 months (0.7295, 0.8995) (0.6674, 0.8833)

24 months (0.6294, 0.8853)

FIGURE 3 | Visualization of the brain regions with relative importance values at the baseline, 6 months, 12 months, and 24 months. The deeper the red color of the
brain region, the more important for AD prediction. AD, Alzheimer’s disease.

words, association is investigated by seeing, and causation is
investigated by doing.

RESULTS

Alzheimer’s Disease Classification and
Prediction
The VGG network with 3D filters was used for classification
and prediction of AD using 3D whole brain DTI images at
four different time points: baseline, 6 months, 12 months, and
24 months. We consider two classes: AD and NC. AD prediction

accuracy using VGG is listed in Table 2, and its sensitivity and
specificity are shown in Table 3, where the first and second values
in the brackets represent sensitivity and specificity, respectively.
Tables 2, 3 demonstrate that the prediction accuracy, sensitivity,
and specificity of VGG using the training dataset at baseline to
predict AD in the test datasets at baseline, 6 months, 12 months,
and 24 months were 0.8675 (0.6873, 0.9600), 0.8452 (0.6364,
0.9600), 0.8335 (0.7295, 0.8995), and 0.7463 (0.6294, 0.8853),
respectively. In other cases, we can observe similar results.
The area under the curve (AUC) using the training data at
baseline, 6 months, 12 months, and 24 months for prediction
of AD in the test datasets at the same time points was 0.8571,
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0.8291, 0.8583, and 0.7756, respectively. The low sensitivity of
prediction of AD may be due to small and imbalanced sample
size (51 AD and 100 controls). A much higher proportion
of non-AD controls have decreased sensitivity but increased
specificity. Deep VGG that has a large number of parameters to
be estimated requires large sample sizes. Although we used data
augmentation methods to increase sample sizes, augmentation
methods still did not provide large and reliable sample sizes.
Large sample sizes are an important issue for increasing the
prediction of accuracy.

Region Selection and Interpretation
Relative importance of value d was sorted. Image areas whose
relative importance value was in the top 10th percentile were
considered as features that contributed substantially to the
prediction of AD. We identified 23 important brain regions
that contributed substantially to AD prediction. The results
are shown in Figure 3 where each subfigure has 91 × 109
pixel sizes, where the darker the red color is, the more
important the brain region is to the prediction accuracy. The
brain regions with red color included the temporal lobe (the
left temporal, medial, and right temporal lobes), ventricles
and enlarged ventricle, occipital lobe, and prefrontal area. To
further interpret the image analysis results and increase their
transparency, we tested the causal relationships between DTI
image ROIs and AD disease at baseline, 6 months, 12 months,
and 24 months using CGAN-based statistics. After Bonferroni
correction, P-value < 0.0022 was the threshold to declare
significance. The number of identified brain regions that showed
significant causation to AD at baseline, 6 months, 12 months,
and 24 months was 1, 1, 2, and 4, respectively. Table 4
lists ROIs where P-values for testing causation between the
ROI and AD were <0.05. Three remarkable features emerged
from these results. First, as time passed, AD progressed from
mild (early stage), via moderate (middle stage), to severe
(late stage), which resulted in atrophy of more and more
brain regions. Therefore, we observed the increased number
of significant causal brain regions with AD as the study time
of AD increased from the baseline to 24 months. Second,
in general, as AD progressed, the significance of causation
between the brain region and AD increased (P-values for
testing causation decreased). Third, the brain region in ROI
18 (the ventricles and enlarged ventricle) (Figure 4) showed
significant causation to AD at all four time points (baseline,
6 months, 12 months, and 24 months). The brain regions in
ROI 14 (the left temporal lobe) (Figure 4) showed significant
causation at 12 and 24 months after Bonferroni correction.
The literature reports that these regions are related to AD.
The left temporal lobe is involved in language and AD
(Cretin et al., 2015; Flick et al., 2018; Trimmel et al., 2018),
and the right temporal lobe atrophy is involved in severe
impairment in emotion recognition (Everhart et al., 2015) and
causes frontotemporal dementia (Gliebus, 2014), with the brain
ventricles often affected AD (Ferrarini et al., 2006). Ventricle
enlargement is a useful structural biomarker for the diagnosis of
AD (Anandh et al., 2014).

TABLE 4 | Causations between DTI image ROIs and AD disease status.

Time point ROI index P-value

Baseline 2 0.0463

18 0.0005

6 months 8 0.0182

14 0.0108

17 0.0155

18 0.0010

12 months 6 0.0117

14 0.0018

17 0.0107

18 <0.00005

24 months 0 0.0245

3 0.0133

5 0.0092

7 0.0063

8 0.0030

9 0.0007

11 0.0084

12 0.0002

13 0.0082

14 <0.00005

15 0.0098

17 0.0239

18 <0.00005

19 0.0210

21 0.0363

22 0.0166

ROI 14 corresponds to the left temporal lobe and 17 corresponds to the right
temporal lobe. ROI 18 corresponds to ventricles and enlarged ventricle and
indicates atrophy of cerebral nerve tissue, which is typical in AD patients. DTI,
diffusion tensor imaging; ROI, region of interest; AD, Alzheimer’s disease.

Genetic Studies of Two Brain Regions
To uncover genetic architecture of brain regions, in addition
to genetic-imaging association analysis, we conducted genetic-
imaging causal analysis using the CGAN where imaging signals
within the brain region and SNPs within the gene were
summarized by 2D functional principle scores and classical
functional principle scores, respectively (Lopez-Paz and Oquab,
2016). The total number of candidate genes being tested was
61. After Bonferroni correction, the P-value for declaring
significance of both causation and association was 0.00082. We
presented the results of P-values < 0.05 in causal analysis and
association analysis of genetic variation in 61 candidate genes
with two brain regions, the left temporal lobe and frontal and
temporal left lobe, and the right temporal lobe as seen in
Supplementary Tables S1, S2, respectively, where 61 genes were
obtained from genome-wide causation studies of AD in the
manuscript (Lin et al., unpublished). In Supplementary Tables
S1, S2, the P-values in bold green denote significant causation
or association after Bonferroni corrections. The majority of
genes that had causal or association relationships with brain
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FIGURE 4 | Three brain regions showed causation to AD. AD, Alzheimer’s disease.

neuroimaging phenotypes were identified at all time points
(baseline, 6 months, 12 months, and 24 months). We also
observed that these identified genes had causal or association
relationships with both the left temporal lobe and right temporal
lobe regions. The identified genes CD33, COBL, and APP that
had causal relationships with brain neuroimaging regions were
confirmed multiple times in the literature (Bradshaw et al., 2013;
Mez et al., 2017; Kovacs et al., 2018; Van Giau et al., 2018;
Huang C.C. et al., 2019; Huang C.Y. et al., 2019). It was also
reported that gene FGF4 was involved in neurodevelopmental
disorders (Grillo et al., 2014), FRMD6 was implicated in AD
(Hong et al., 2012), Dock9 played an important role in regulation
of morphological changes in hippocampal neurons (Kuramoto
et al., 2009), H3F3B was associated with a broad schizophrenia
phenotype (Manley et al., 2018), SCYL1was involved in cerebellar
atrophy (Lenz et al., 2018), AKAP5 played a significant role in
the regulation of sympathetic nerve activities (Han et al., 2016),
and PIGC was involved in epilepsy and intellectual disability
(Edvardson et al., 2017).

DISCUSSION

In this paper, we presented a general artificial intelligence
(AI) platform for prediction of AD using DTI images. Non-
transparency could be a major challenge of deep learning for
medical image analysis. To meet this challenge, we introduced
three approaches to medical image interpretation: feature
selection and visualization, causal analysis of neuroimaging
region, and genetic-imaging analysis. Feature selection and
visualization methods selected and visualized brain regions
as a potential pathology of AD. Further CGAN evaluation
and two-sample tests discovered potential causal relationships
between the brain neuroimaging regions and AD. We observed
the increased number of significant causal brain regions with
AD when AD progressed. In general, as AD progressed, the
significance of causation between the brain region and AD
increased (P-values decreased). We observed that the ventricles
and enlarged ventricle and the left and right temporal lobes had

strong causal relationships with AD. Temporal lobes including
the hippocampus are crucial in AD development at the early
stages, whereas the ventricles and enlarged ventricle are a useful
structural biomarker for the diagnosis of AD. Joint causal analysis
of genetic and images of the left and right temporal regions
using CGAN evaluation and two-sample tests mapped CD33,
COBL, FRMD6, APP, and other genes to the left and right
temporal brain regions.

Many findings in the paper can be confirmed in the literature.
For example, both prediction analysis using deep learning and
causal analysis using CGAN and a two-sample test identified
the brain temporal lobe region that was involved in AD. The
temporal lobe includes the hippocampus and its surrounding
regions. It is well known that the temporal lobe consists of
structures that are vital for long-term memory. There are
numerous reports that the temporal lobe including the left,
medial, and right temporal lobes are involved in AD pathology
(Kakeda and Korogi, 2010; Li and Chen, 2015; Menéndez-
González et al., 2015; Aggleton et al., 2016; Delgado-González
et al., 2017; Pettigrew et al., 2017; Wolk et al., 2017; Jung
et al., 2018; Kitchigina, 2018; Persson et al., 2018; Grajski and
Bressler, 2019; Kenkhuis et al., 2019; Lam et al., 2019; Pasquini
et al., 2019; Xie et al., 2019). DTI discovered the functional
and structural connectivity between the medial temporal lobe
(MTL) and posteromedial cortex (PMC) (Buckner et al., 2008;
Pasquini et al., 2019). The MTL includes the hippocampal
formation and other cortices. These regions underlie memory
processing through interplay with neocortical areas from the
PMC. AD-related pathological changes such as tau accumulation
and amyloidβ deposition often affect the PMC and MTL regions.
The functional and structural disconnections between the MTL
and PMC cause the development and progression of AD.

The literature confirmed the identified pathological
paths from genetic variants to AD via brain regions:
CD33 → medial temporal and hippocampus (Wang et al.,
2019) → AD (Pasquini et al., 2019) and CD33 → AD
(Miles et al., 2019); APP → medial and lateral temporal
lobe (Huang C.C. et al., 2019) → AD (Buckner et al.,
2008) and APP → AD (Zhou et al., 2011); SCYL1 →
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cerebellar atrophy (Schmidt et al., 2015) → AD (Gallo et al.,
2017); and SCYL1→ neurodegenerative disease (Schmidt et al.,
2007). These provided indirect evidences of identified biomarkers
for unraveling mechanism of AD.

The results in this paper are preliminary. Sample sizes
need to be increased and additional datasets analyzed
to replicate the results. The purpose of this paper is to
stimulate further discussions regarding the great challenges
we are facing in developing robust deep learning platforms
that combine multiple modes of imaging tools and have
high accuracy across multiple datasets and uncovering
causal pathways from genetic variants to disease via brain
imaging regions.
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Background: This study investigated differences in postural control ability (PCA) and

corticoreticulospinal tract (CRT) injury severity according to whiplash in patients with mild

traumatic brain injury (mTBI).

Methods: Thirty-one patients with mTBI and 21 healthy control subjects were

recruited for this study. The balance error scoring system (BESS) was used for PCA

assessment. Based on their whiplash history, the patients were classified into two groups:

group A—mTBI with whiplash injury; group B—mTBI without whiplash injury. Fractional

anisotropy (FA), apparent diffusion coefficient (ADC), and tract volume (TV) values were

estimated for the reconstructed CRTs in all subjects.

Results: Significant differences were observed among the total BESS scores of patient

groups A and B and the control group (p < 0.05). The patient group A BESS score

was significantly higher than that of patient group B, and that of the patient group B was

significantly higher than that of the control group. No significant differences were detected

among the FA and ADC values of the CRTs of the two patient groups and the control

group (p > 0.05). However, the TV values of the CRT did reveal significant differences;

the TV of patient group A was significantly lower than those of patient group B and the

control group, and that of patient group B was significantly lower than that of the control

group (p < 0.05).

Conclusions: We observed greater CRT injury severity and PCA impairment in mTBI

patients with whiplash than in mTBI patients without whiplash. The results indicate that

whiplash might lead to a greater level of severity in axonal injuries in mTBI patients.

Keywords: corticoreticulospinal tract, diffusion tensor tractography, balance error scoring system, postural

control ability, whiplash injury, mild traumatic brain injury

INTRODUCTION

Traumatic brain injury (TBI) can be caused by a sudden impact or an acceleration–deceleration
trauma to the head (1). TBI can be classified as mild, moderate, or severe based on the level of injury
severity with mild TBI (mTBI) comprising ∼75–90% of all TBI (2, 3). Whiplash is a bony and/or
soft tissue injury resulting from acceleration–deceleration energy transfers in the neck (4). Patients
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with whiplash often complain of cerebral symptoms suggestive
of brain injury, and previous studies have reported evidence that
indicates the presence of brain injury in patients with whiplash
(5–12). Therefore, whiplash has been considered as a pathogenic
mechanism of mTBI (13).

Presence of postural control means the subject has the ability
to maintain postural orientation in response to perturbations
generated from internal or external sources (14). Impairment of
postural control ability (PCA) is a common clinical manifestation
following mTBI and/or whiplash (14–20). Previous studies have
suggested that mTBI due to whiplash might be associated with
greater impairment of PCA than that in patients with mTBI
due to other causes (16, 17). The corticoreticulospinal tract
(CRT), one of the extrapyramiidal motor pathways in the human
brain, mainly mediates movements of proximal and axial muscles
(21, 22). As a result, the CRT is involved in postural control
responses to perturbations generated from internal or external
sources (14, 21, 22).

The introduction of diffusion tensor tractography (DTT), a
three-dimensional (3D) modeling process that uses diffusion
tensor imaging (DTI) data, has enabled 3D reconstruction and
estimation of neural tracts, including the CRT (23). The main
advantage of DTT over DTI is that the entire neural tract can be
evaluated in terms of DTT parameters. Among the various DTT
parameters that can be examined, fractional anisotropy (FA),
apparent diffusion coefficient (ADC), and tract volume (TV)
parameters are the most commonly used (24–26). The FA value,
which indicates the degree of directionality of water diffusion, is
used to assess the degree of tract directionality whereas the ADC
value indicates the magnitude of the water diffusion (24, 25).
Therefore, the values of FA and ADC may be used to suggest
the microstructural integrity of white matter microstructures,
such as axons, myelin, and microtubules (24, 25, 27, 28). In
contrast, the TV value indicates the number of voxels (values on
a regular grid within a 3D space) that are included in a neural
tract (26). A decrement in TV value without a change in the
values of FA and ADC of a neural tract indicates a decrement
in the number of neural fibers of that tract without a change
in the microstructural integrity of the tract (24–26). Therefore,
decreases in the values of the FA and TV, as well as increases
in the values of the ADC, indicate the presence of neural injury
(24–28). A few studies have used DTT to demonstrate CRT
injuries in patients with mTBI (29–31). Among these studies,
one demonstrated an association between CRT injury and PCA
(31). However, no study has reported on the relationship between
CRT injury and PCA impairment according to whiplash status in
mTBI patients.

For the present study, we hypothesized that PCA impairment
and CRT injury would differ according to whiplash presence in
mTBI patients. Therefore, we investigated differences in PCA
and CRT injuries in mTBI patients with and without a history
of whiplash.

METHODS

Subjects
A total of 39 consecutive patients with mTBI (18 males, 21
females; mean age 46.20 ± 10.92 years; age range 21–64

years; from January 2016 to December 2018) who visited the
rehabilitation department of a university hospital and 20 age-
and sex-matched normal control subjects (12 male, 9 female;
mean age 45.1 ± 8.93 years; age range 30–64 years) with no
history of neurologic/psychiatric disease were recruited for this
study (Table 1).

Inclusion criteria for the 39 patients were: (1) more than
2 weeks had elapsed after mTBI onset, (2) at least one of the
following: (i) any period of loss of consciousness; (ii) any loss
of memory for events immediately before or after the accident;
(iii) any alteration in mental state at the time of the accident
(e.g., feeling dazed, disoriented, or confused); or (iv) any focal
neurological deficit(s) that may or may not be transient but in
which the severity of the injury does not exceed the following: loss
of consciousness of approximately 30min or less; after 30min
post-onset, an initial Glasgow Coma Scale of 13–15; and post-
traumatic amnesia (PTA) of <24 h (13, 32, 33), (3) no specific
lesion observed on brain magnetic resonance imaging (MRI; T1-
weighted, T2-weighted, and fluid-attenuated inversion recovery
images), (4) age at the time of head trauma >18 years, (5)
an abnormal score on the balance error scoring system (BESS)
(cut-off score ≥ 14, range: 0–60; a higher value means more
severe postural impairment) (34), and (6) no previous history
of neurologic/psychiatric disease. Patients were excluded if
impairments could have been due to drugs, alcohol, medications,
other injuries, treatment for other injuries, other problems, or the
result of a penetrating craniocerebral injury.

We divided the patient group into two groups based on the
patient’s history of whiplash (indicated by the presence of flexion-
hyperextension, lateral flexion, or rotation injury of the head
and neck following a motor vehicle collision). Nineteen patients
were placed in patient group A (mTBI with whiplash injury;
injury causes: motor vehicle accidents, 100%) and 20 patients
were assigned to patient group B [mTBI without whiplash injury;
injury causes: motor vehicle accidents, 17 (85%); falling, 2 (10%);
direct head trauma, 1 (5%)] (Table 1). No significant differences
in age or sex compositions were detected between patient groups
A and B or between the patient and control groups (p > 05).

This was a retrospective study, and the study was carried
out in accordance with the recommendations of “The CARE
of guidelines” with written informed consent obtained from
all subjects. The patient provided written informed consent in

TABLE 1 | Demographic and clinical data for the patient and control groups.

Patient group

A (n = 19)

Patient group

B (n = 20)

Control group

(n = 21)

Gender (male:female) 8:11 10:10 12:9

Mean age, yearsa 49.47 (±10.55) 43.10 (±10.58) 45.10 (±8.93)

Mild traumatic brain injury

causal mechanism

Motor vehicle

accident (100%)

Motor vehicle

accident (85%)

–

Falling (10%)

Direct head

trauma (5%)

aValues represent mean (± standard deviation).

*Significantly different among patient A, B, and control at p < 0.05.
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accordance with the Declaration of Helsinki, and the study
protocol was approved by the Institutional Review Board of the
Yeungnam University hospital.

Clinical Evaluation
BESS was used for the evaluation of PCA at the time of DTI
scanning. Evaluation using BESS has been shown to provide high
validity and reliability in normal subjects (35). In addition, BESS
can be used to assess the effects of a mild head injury on PCA
in the absence of expensive, sophisticated PCA assessment tools
(35, 36). Determination of a BESS score requires the subject to
stand unsupported with their eyes closed under six conditions
involving a combination of two surface types (firm and balance
foam) and three stances (double-limb, single-limb, and tandem).
In this study, the balance foam (Airex, Sins, Switzerland) was
a 6 cm thick piece of medium-density foam (dimensions 50 ×

41 cm, density 55 kg/cm3, tensile strength 260 kPa, elongation to
breaking 180%). The non-dominant leg was used as the stance
limb during the single-leg trials and it was placed in the rear
position during tandem stance trials. The preferred leg to use
while kicking a ball was defined as the dominant leg. The order
of BESS testing conditions of each individual was randomized by
subject and session, with each test lasting 20 s (37). For each test,
subjects were asked to assume the required stance by positioning
their hands on their iliac crests. A test commenced upon eye
closure by the subject. Subjects were instructed to try not to lose
their balance but, if needed, make any necessary adjustments
and return to the testing position as quickly as possible. Test
performance was scored by the addition of one error point
for each error committed. An error was assigned when any of
the following occurred: (1) lifting hands off the iliac crests; (2)
opening the eyes; (3) stepping, stumbling, or falling; (4) moving
the hip bymore than 30 degrees of flexion or abduction; (5) lifting
the forefoot or heel; or (6) remaining out of the testing position

for more than 5 s (37). The maximum number of errors for a
single stance condition was 10. If the subject could not maintain
a stance position for longer than 5 s, subjects were assigned the
maximum score for that position. The numbers of errors for
each trial were added to obtain a total score (0–60; lower scores
indicated better balance) (35).

Diffusion Tensor Imaging and Fiber

Tracking
The DTI data obtained for this study were acquired at an
average of 14.0 ± 26.2 months after the onset of TBI by
using a 1.5 T Philips Gyroscan Intera scanner (Philips, Best,
Netherlands) equipped with a Synergy-L sensitivity encoding
(SENSE) head coil in order to obtain single-shot, spin-echo,
planar-imaging pulse sequences. For each of the 32 non-colinear
diffusion sensitizing gradients, 60 contiguous slices were acquired
parallel to the anterior commissure–posterior commissure line.
Imaging parameters were as follows: acquisition matrix = 96
× 96, reconstructed to matrix = 192 × 192, field of view
= 240 × 240mm, repetition time = 10,398ms, time to echo
= 72ms, parallel imaging reduction factor (SENSE factor)
= 2, EPI factor = 59, and b = 1,000 s/mm2, number of
excitations = 1, and thickness = 2.5mm. Eddy current-induced

image distortions were removed by using affine multiscale two-
dimensional registration as provided within the Oxford Centre
for Functional Magnetic Resonance Imaging of Brain Software
Library (www.fmrib.ox.ac.uk/fsl). DTI-Studio software (CMRM;
Johns Hopkins Medical Institute, Baltimore, MD, USA) was used
for evaluation of the CRT. The CRT was reconstructed based
on fibers passing through two regions of interest (ROIs) on
the DTI color map. The first ROI was placed at the reticular
formation of the medulla. The second ROI was placed at the
tegmentum of the midbrain. Termination criteria used for fiber
tracking were a fractional anisotropy (FA) value of <0.2 and an
angle of <60 degrees (23). The FA, ADC, and TV values for the
DTT-reconstructed CRT were obtained for both hemispheres.

Statistical Analysis
Statistical analysis was performed by using SPSS 21.0 for
Windows (SPSS, Chicago, IL, USA). One-way analysis of
variance with Fisher’s least significant difference post hoc test
was performed to determine the significance of differences in
BESS scores, DTT parameters (FA, ADC, and TV) of the CRT,
and age distribution among patient groups A and B and the
control group. The chi-squared test was used to examine gender-
based differences between patient groups A and B and the
control group.

RESULTS

Comparisons of BESS scores and DTT parameter results for
the CRTs of the patient and control groups are summarized
in Table 2. The mean total BESS score for patient group A
was significantly higher than those of patient group B and
the control group; furthermore, the mean total BESS score for
patient group B was significantly higher than that of the control
group (p < 0.05).

No significant differences were observed in the mean FA and
ADC values of the CRTs of patient groups A and B and those of
the control group (p > 0.05). However, the mean TV value of
the CRT of patient group A was significantly lower than those of
patient group B and the control group; moreover, the mean TV

TABLE 2 | Clinical data and diffusion tensor imaging parameters for the

corticoreticulospinal tracts of patient groups A and B and the control group.

Patient group

A (n = 19)

Patient group

B (n = 20)

Control group

(n = 21)

F P

BESS 38.73 (±13.56)a 20.42 (±6.23)b 10.81 (±3.98)c 46.13 <0.00

FA 0.48 (±0.03) 0.48 (±0.03) 0.48 (±0.01) 0.08 0.92

ADC 0.80 (±0.09) 0.79 (±0.05) 0.78 (±0.03) 0.51 0.61

TV 551.63

(±281.74)a
870.05

(±327.16)b
1,368.52

(±264.86)c
39.94 <0.00

Values represent mean (± standard deviation); BESS, balance error scoring system; CRT,

corticoreticulospinal tract; FA, fractional anisotropy; ADC, apparent diffusion coefficient;

TV, tract volume; One-way ANOVA and the Scheffe post hoc test were used for

comparison of diffusion tensor parameters among patient groups A and B and the

control group.

Scheffe test result: a < b < c.
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FIGURE 1 | Results of diffusion tensor tractography (DTT) of the corticoreticulospinal tract (CRT). (A) T2-weighted brain magnetic resonance images obtained at the

time of diffusion tensor imaging in representative subjects of patient group A (51-year-old female), patient group B (49-year-old male), and the control group

(56-year-old male); none of the images show an abnormality. (B) Results of DTT of the CRT: the CRTs in the group A patient (green arrows) are narrower on both sides

than those of the group B patient (yellow arrows). Moreover, the CRTs of the group B patient (yellow arrows) are narrower on both sides than those of the control

group patient.

value of the CRT of patient group B was significantly lower than
that of the control group (p < 0.05) (Figure 1).

DISCUSSION

In this study, we investigated differences in PCA and CRT injury
among mTBI patients with and without a history of whiplash
injury. The results may be summarized as follows: (1) PCA, as
determined by BESS testing, became increasingly worse in the
following order: control group, patient group B (mTBI without
whiplash), and patient group A (mTBI with whiplash); (2) TV
values for the CRTs of the three study groups decreased in the
same order, but there were no significant differences in FA and
ADC values among the groups.

In the clinical evaluation of a patient’s PCA, a high BESS score
indicates a high level of impairment of PCA. In this study, the
most severe PCA impairment was observed in mTBI patients that
experienced whiplash with a lower level of impairment observed
in mTBI patients that did not have a history of whiplash. These
results indicate that whiplash can produce a more severe effect
on the PCA of mTBI patients than that from mTBI alone. This
result supports those in previous studies which showed that PCA
impairment was greater in mTBI patients with a whiplash injury
(16, 17).

In 2011, Nacci et al. assessed shifting of the centers of gravity
in whiplash patients with and without mTBI and reported that
whiplash patients with mTBI showed greater center of gravity

shifting than that of whiplash patients without mTBI (16). In
2016, Gandelman-Marton et al. investigated differences in body
weight distribution between mTBI patients with and without
whiplash and reported that there was a greater change in body
weight distribution in mTBI patients with whiplash than in mTBI
patients without whiplash (17).

Among the various DTT parameters that can be examined,
FA, ADC, and TV are the most commonly used when evaluating
the state of neural tracts in patients with brain injury (24–26).
Our results showed a decrement in TV value without a change
in the FA and ADC values of the CRT, indicating a decrease
in the number of neural fibers in the CRT without a change
in its microstructural integrity (24–26). As a result, our TV
results indicate the presence of CRT injuries in both patient
groups, but the CRT injuries exhibited greater severity in mTBI
patients with whiplash than that in those without whiplash. The
association of CRT injury with PCA appears to be related to the
role of the CRT, which, by mediating movements of proximal
and axial muscles, is involved in postural control responses to
perturbations generated from internal or external sources (14,
21, 22). Because no brain lesions were detected on conventional
brain MRI, traumatic axonal injury was considered the most
likely pathogenetic mechanism for the CRT injuries identified in
our patient groups (38–40). Based on our results, we conclude
that the indirect acceleration–deceleration forces transmitted to
the whole brain during whiplash might contribute to increasing
the severity of axonal injury to the CRT to a level greater than that
in mTBI patients with CRT injuries due to other causes (4, 12).
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Since the introduction of DTI, a few studies have
demonstrated CRT injuries in patients with mTBI (29–31).
Two studies reported on patients with mTBI who had more
severe weakness in their proximal joints than in their distal
joints, which was indicated to be a consequence of CRT injury
(29, 30). Jang et al. (31) evaluated PCA and CRT status in
25 mTBI patients and demonstrated that PCA impairment is
associated with the presence of CRT injury. Nonetheless, to our
best knowledge, this is the first original study to demonstrate
that whiplash can lead to increased axonal injury severity in the
CRT of mTBI patients.

However, there are some limitations to this study that
should be considered. First, DTT analysis is operator-dependent,
and regions of fiber complexity and crossing can prevent full
reflection of the underlying fiber architecture (41). Second,
because our patients were recruited from those who visited the
rehabilitation department of a university hospital, there was a
possibility that patients with a distinct level of severity of clinical
manifestations might be included in this study; thus, our results
may not be comparable to those from a broader population of
mTBI patients with whiplash injury. Third, we did not perform
a clinical examination of the impairments to cervical muscle
function due to whiplash; variation in which can affect the CRT
(42). Hence, we could not rule out the effect of cervical muscles
on our results. Fourth, we recruited patients with chronic stage
mTBI (i.e., more than 2 weeks after onset) and the average
duration to DTI after onset was heterogeneous (14.0 ± 26.2
months) after TBI onset. As a result, recovery or degeneration
of the CRT injuries during that interval may have influenced the
results (43–45).

In conclusion, we investigated the association of whiplash
with PCA and CRT injury in mTBI patients and observed that
CRT injuries and PCA impairments were more severe in mTBI
patients with whiplash than in those without whiplash. Our
results suggest that whiplash might lead to more severe axonal

injury in mTBI. Further studies on the effect of whiplash on other
neural tracts are warranted.
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